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Abstract 

Background and aim 

Breast cancer is the most common cancer among women worldwide and a major 
cause of cancer related mortality. Rapid advances in breast imaging, driven by 
quantitative image analysis and artificial intelligence, increase the need for reliable 
methods to evaluate new imaging technologies. 

Traditional validation approaches such as clinical trials are costly, time consuming, 
and limited in their ability to capture population variability. Virtual imaging trials 
(VITs) have therefore emerged as a complementary in silico framework. The aim of 
this thesis is to advance VITs for breast imaging by improving the realism of 
computational phantoms and virtual populations, and by enabling longitudinal 
modeling based on real-world data.  

Methods 

Paper I presents a method for simulating tumor growth using growth rates derived 
from real-world data. Paper II introduces a technique for simulating soft tissue 
breast lesions, utilizing Perlin noise, evaluated by radiologists according to BI-
RADS malignancy score. Paper III describes STELLA-R, a framework for 
longitudinal VITs that incorporates multivariate models of breast density, age, and 
breast volume to simulate anatomical changes over time. Paper IV reports lesion 
detection performance across women’s subgroups in a hybrid imaging study. 

Results 

Paper I showed close agreement between simulated and real-world tumor growth 
rates. Paper II demonstrated that the lesion models captured morphological subtypes 
with acceptable levels of realism. Paper III revealed strong correlations between 
simulated and real-world data and illustrated the use of STELLA-R for visualizing 
longitudinal breast density changes. Paper IV found higher odds of lesion detection 
in non-Hispanic Black women, an effect largely mediated by breast density, with 
higher BI-RADS density categories associated with lower detection odds. 

Conclusions 

This thesis culminated in the development of STELLA-R, a framework enabling 
longitudinal virtual imaging trials, and demonstrated its successful application in 
hybrid studies with robust and clinically relevant results. 
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Populärvetenskaplig sammanfattning 

Bröstcancer är den vanligaste cancerformen bland kvinnor i världen och orsakar 
över 600 000 dödsfall varje år (WHO). Tidig upptäckt med hjälp av bröstavbildning, 
som mammografi, är avgörande för att rädda liv. Samtidigt utvecklas bildtekniken 
snabbt, med artificiell intelligens och avancerad bildanalys som allt oftare används 
för att hitta cancer tidigt och träffsäkert. För att dessa nya tekniker ska kunna införas 
på ett säkert sätt i vården krävs tillförlitliga metoder för att testa och utvärdera dem. 

Traditionellt har nya bildtekniker utvärderats genom omfattande kliniska studier på 
människor. Dessa studier är dock både dyra och tidskrävande och kan vara svåra att 
genomföra på ett sätt som speglar hela befolkningens variation. Därför har så 
kallade virtuella bilddiagnostiska studier vuxit fram som ett viktigt komplement. I 
dessa används datorbaserade modeller för att simulera mänsklig anatomi, sjukdom, 
bildtagning och bildgranskning, utan att verkliga individer behöver undersökas och 
därmed exempelvis slippa utsättas för röntgenstrålning. 

I den här avhandlingen utvecklas nya metoder för virtuella bilddiagnostiska studier 
inom röntgenbaserad bröstavbildning, där målet är att simulera anatomiska 
förändringar i bröstet för att bättre förstå hur bröstcancer utvecklas och framträder i 
röntgenbilder. Arbetet omfattar bland annat modellering av hur tumörer växer över 
tid baserat på verkliga patientdata (delarbete 1), samt utveckling av datorsimulerade 
tumörer med hjälp av en matematisk metod kallad Perlin noise (delarbete 2). 
Avhandlingen presenterar även STELLA-R (delarbete 3), ett nytt ramverk som gör 
det möjligt att simulera bröst och följa förändringar i vävnad och tumörer över tid i 
en virtuell miljö. Slutligen visar avhandlingen hur datormodellerna kan kombineras 
med verkliga mammografibilder i så kallade hybridstudier, för att undersöka hur väl 
bröstcancer upptäcks hos olika grupper av kvinnor (delarbete 4). 

Resultaten visar att modellerna överensstämmer med verkliga patientdata och kan 
användas för att studera hur bröstförändringar utvecklas över tid (delarbete 1 och 
3). Utseendet på de simulerade tumörerna efterliknade det som ses i kliniska bilder 
(delarbete 2) och i hybridstudien (delarbete 4) sågs att chansen att upptäcka 
bröstcancer minskar för kvinnor med stor andel bröstkörtelvävnad. 

Sammantaget visar avhandlingen att virtuella bildstudier kan efterlikna hur 
bröstcancer utvecklas och syns på röntgenbilder. Detta öppnar möjligheter att 
utvärdera framtidens bildtekniker snabbare och mer kostnadseffektivt, och kan bidra 
till bättre metoder för tidig upptäckt av bröstcancer. 
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Thesis at a glance 

Study Aim Method  Results and Conclusions 

I Develop a method to 
simulate growing 
breast lesions. 

Real-world TVDTA data (n=31) 
were used to simulate lesion 
growth with plausible growth rates. 
Simulated lesions and 
corresponding breast phantoms 
were generated using the 
OpenVCT framework. The 
approach was validated by 
comparing real-world, simulated, 
and estimated tumor growth data. 

Non-significant difference 
between the data sets (real-
world, simulated and 
estimated TVDT), p>0.5.  

II Develop computer 
simualted lesions 
with clinically 
plausible 
morphologies. 

An in-house algorithm, based on 
Perlin noise, was used to generate 
lesions and produce DMB images 
of virtual phantoms. Radiologists 
assessed the lesions for realism 
and categorized the findings 
according to BI-RADS malignancy 
score. 

The simulated lesions 
exhibited round, oval, and 
irregular shapes, with 
margins that were 
circumscribed, obscured, 
microlobulated, or indistinct, 
and demonstrated 
moderate to high realism. 

III Create a framework 
for simulating 
temporal changes in 
breast density and 
tumor evolution. 

Real-world data (n=25 188) on 
annual changes in breast density 
and volume were used to model 
multivariate relationships and 
temporal changes in breast 
density and tumor evolution. 

First deployment of the 
STELLA-R pipeline. No 
significant difference 
between modeled and real-
world correlations. Case 
examples illustrate 
longitudinal changes in 
breast density in virtual 
women. 

IV Investigate the 
cancer detection 
performance 
between different 
groups of women 
and different breast 
density categories 
through a hybrid 
framework. 

Simulated tumors were inserted in 
real clinical images (cases=451, 
controls=451). Participants were 
stratified by ethnicity and BI-RADS 
breast density category. The 
detection performance by virtual 
observers (CHOC) was evaluated 
through ROCD analysis, odds ratio 
from logistic regression, and 
mediation analysis.  

Detectability was reduced 
with increased BI-RADS 
breast density category 
(AUCE 0.94 vs. 0.84 
between category A and 
C/D, p<0.001). Cancer 
detection performance was 
mediated by breast density 
in 39–55% of the observed 
ethnicity-related 
differences. 

ATumor Volume Doubling Time (TVDT) 
BDigital Mammography (DM) 
CChannel Hotelling Observer (CHO) 
DReceiver Operating Characteristic (ROC) 
EArea Under the Curve (AUC) 
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Abbreviations 

AAPI Asian American and Pacific Islander 

AI Artificial Intelligence 

AUC Area Under the Curve 

BMI Body Mass Index 

CC Craniocaudal 

CI Confidence Interval 

CEM Contrast Enhanced Mammography 

CGI Computer Generated Imagery 

CHO Channelized Hotelling Observer  

CT Computed Tomography 

DBT Digital Breast Tomosynthesis 

DCIS Ductal Carcinoma In Situ 

DM Digital Mammography 

FDA Food and Drug Administration  

GAN Generative Adversarial Networks 

IDC Invasive Ductal Carcinoma   

ILC Invasive Lobular Carcinoma 

MBTST Malmö Breast Tomosynthesis Screening Trial 

MLO Mediolateral Oblique 

MRI Magnetic Resonance Imaging 

NHB Non-Hispanic Black 

NHW Non-Hispanic White 

OR Odds Ratio 

ROC Receiver Operating Characteristic 

TVDT Tumor Volume Doubling Time 

VBD Volumetric Breast Density 

VIT  Virtual Imaging Trial 
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Introduction 

Breast cancer remains a major global health burden and is the most common cancer 
among women worldwide.1,2 Screening with mammography has long played a key 
role in reducing breast cancer mortality by enabling earlier tumor detection and 
improved prognosis, particularly when women attend screening regularly.3-5 

Over the past decades, evidence supporting the effectiveness of mammographic 
screening has accumulated alongside major advances in treatment.3,6-8 Today, digital 
mammography (DM) is increasingly complemented by more advanced imaging 
techniques such as digital breast tomosynthesis (DBT).9 In parallel, discussions 
around risk-based and personalized screening are intensified, with growing interest 
in identifying women who may benefit from supplemental imaging modalities with 
higher sensitivity compared to DM or DBT, such as magnetic resonance imaging 
(MRI).10,11 These developments introduce new challenges, including increased 
workload for radiologists and radiographers, and greater reliance on robust risk 
stratification tools. 

At the same time, evaluation of breast images is moving toward more quantitative 
approaches. This includes objective assessment of risk markers such as breast 
density, as well as computer-aided and AI-assisted methods for lesion detection.12-

15 These advances highlight a persistent challenge when it comes to validating new 
diagnostic tools. Clinical studies are expensive, time consuming, ethically 
constrained, and often lack a clear ground truth, limiting the ability to systematically 
evaluate imaging performance. 

Virtual imaging trials (VITs), also known as virtual clinical trials (VCTs) or in silico 
trials, have emerged as a way to bridge this gap by simulating human anatomy, 
image acquisition, and interpretation within a controlled environment.16-20 The 
broader adoption of VITs in breast imaging is relatively recent and has accelerated 
during the 21st century in the context of regulatory testing and methodological 
development.20 

Given this background, the aim of this thesis is to address key limitations of current 
VIT frameworks by improving anatomical realism, enabling population-based 
models grounded in real-world data and supporting longitudinal studies that capture 
changes over time. This is an essential step toward more clinically relevant virtual 
trials for the development and evaluation of breast imaging technologies. 
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Background 

The development of modern virtual imaging trials offers a promising way to 
improve diagnostic imaging and breast cancer screening. Achieving this requires 
realistic computer models that capture breast anatomy and the development of 
abnormalities in the breast. This thesis explores how computer simulations can be 
used to model the breast and imaging of the breast. The work therefore starts with 
an overview of breast anatomy and the imaging methods used in clinical practice, 
laying the groundwork for the simulation models developed in the chapters that 
follow. 

The female breast 

Teachings about the anatomy of the female breast likely date back to prehistoric 
times, long before written records. Throughout history, humans have sought to 
explore, understand, and treat diseases of the breast. Early mentions include 
Hippocrates (460–377 BCE), often called the “father of medicine,” who is said to 
have coined the term breast cancer and even considered risk factors and 
prognosis.21,22 Later, Roman physicians such as Galen (129–216 CE) advanced 
treatments and even proposed radical mastectomy for advanced cases.21-23 Over 
centuries, research and innovation have greatly improved our understanding of the 
female breast and the ways we can treat and improve outcomes for breast 
diseases.22,24 

The healthy breast 

Anatomy 

Today, it is well established that the breast (Figure 1) is primarily composed of two 
tissue types: adipose (fat) and fibroglandular tissue.25 The fibroglandular component 
includes milk-producing lobules embedded within supportive connective tissue. A 
branching network of ducts converges toward the nipple, along with blood vessels 
and lymphatic channels. The entire breast structure is supported by the chest wall 
and extends upward toward the axilla and the pectoralis muscle. 
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Figure 1. Schematic anatomy of the female breast 
Sagittal view showing the internal structures of the breast. Adipose tissue is shown in yellow, glandular 
tissue in pink, and the pectoralis major muscle in red along the chest wall. Cooper’s ligaments appear 
as supportive fibrous bands in white forming compartments between the glandular lobules, while milk 
ducts in red extend toward the areola and nipple. Image provided by Servier Medical Art 
(https://smart.servier.com), licensed under CC BY 4.0. 

Breast density 

Breast density is a radiological term that refers to the relative proportion of 
fibroglandular tissue as seen on a mammographic image. Breasts with a higher 
proportion of adipose (fatty) tissue appear darker and are described as less dense or 
radiolucent on mammograms, whereas breasts with more fibroglandular tissue 
appear brighter and are considered more dense or radiopaque.26 

Breast density varies considerably among women and is influenced by factors such 
as genetic background, age, hormonal status, menopausal state, and the use of 
hormone therapy. In clinical practice, radiologists typically assign mammographic 
breast density qualitatively using the Breast Imaging Reporting and Data System 
(BI-RADS) density scale (5th edition; Figure 2).27 A newer edition is also available 
since of late 2025 (BI-RADS v2025/6th edition).28 While the density categories 
remain essentially unchanged, the new edition provides slightly more explicit 
guidance on how density can affect lesion detection. In recent decades, automated 
image analysis software have been developed to provide quantitative estimates of 
percent dense volume or percent dense area, thereby reducing the interobserver 
variability associated with visual assessments by radiologists.29-33 
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Figure 2. BI-RADS (5th Ed.) breast density categories 
Representative mammographic examples of the four BI-RADS density categories (A–D), arranged from 
left to right in order of increasing fibroglandular tissue. 

Breast density is an important imaging characteristic and an established risk marker 
for breast cancer. Malignancies arising in dense breasts are more likely to be masked 
by the surrounding fibroglandular tissue, which can reduce the sensitivity of 
mammography.34-38 In addition to the masking effect, higher breast density is 
associated with an increased risk of developing breast cancer.34-38 According to a 
recent review, women with BI-RADS D have almost a twofold increased breast 
cancer risk compared to those with BI-RADS B.36 However, more recent evidence 
suggest that the association might be more modest, with about 30% higher odds 
when comparing BI-RADS D with BI-RADS A39 

Consequently, breast density has become an important focus in risk stratification 
and screening optimization. For example, to guide individualized screening 
strategies based on breast density and improve diagnostic sensitivity.10,40 Recently, 
countries such as the United States and Australia have introduced legislations and 
policies to ensure that women are personally informed of their individual breast 
density as part of their mammographic screening.41,42 

It is important to note that breast density is only one of many established risk factors 
for breast cancer, alongside some of them being age, BMI, age at menarche and 
menopause, hormonal and genetic factors.43-45 Among these, inherited mutations in 
the BRCA1 and BRCA2 genes substantially increase breast cancer risk, although 
such mutations are relatively rare in the general population.46 Moreover, many 
breast cancers cannot be explained solely by known risk factors, as discussed further 
in the section on cancer development.  
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Breast development 

The breast composition is an evolving process throughout a woman’s life. Breast 
density changes in response to biological and hormonal factors such as the menstrual 
cycle, pregnancy, lactation, menopause, and the use of hormonal therapies.47,48 With 
increasing age, the fibroglandular component typically involutes, gradually being 
replaced by adipose tissue. Since lesions are more easily detected in adipose breasts, 
mammograms typically become easier to interpret with increasing age. The 
evolution of breast density has commonly been described by exponential or stepwise 
mathematical functions.47-49 These functions model or predict age dependent 
changes in density, thereby enabling a better understanding of how breast 
composition evolves over time. 

The diseased breast 

Breast cancer remains the leading cause of cancer related death among women 
worldwide.1 It is a heterogeneous disease, with lesions that can differ substantially 
in their clinical presentation and biological behavior. Breast tumors are commonly 
classified using radiographic, histopathologic, and molecular characteristics, 
reflecting the complexity of their underlying biology.50-52 These characteristics may 
also provide prognostic and predictive information regarding treatment 
response.50,53 Despite this diversity, breast cancers share fundamental principles of 
cancer development in general. 

Cancer development 

Cancer is fundamentally a genetic disease, arising from abnormalities in gene 
expression, e.g. mutations that activate oncogenes or inactivate tumor suppressor 
genes, leading to uncontrolled cell division.54 Recent research also highlights the 
importance of the tumor microenvironment and the immune system in cancer 
development and progression.55,56 

A complex interplay between genetic mutations, tissue environment, and immune 
response determines whether cancer develops and how aggressive it becomes, 
including differences in tumor growth rates. As tumors evolve, they typically exhibit 
features such as abnormal cell proliferation, chronic inflammation, and rapid, 
disorganized formation of new blood vessels.54 This early onset usually exhibits an 
exponential growth, as cells proliferate without any obstruction. Because this 
neovasculature is often inefficient, tumors may eventually be unable to obtain 
sufficient oxygen and nutrients, eventually resulting in cell necrosis and a growth 
stagnation.57,58 
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Subtypes of breast cancer 

Breast cancer is commonly divided into subtypes based on histopathological and 
molecular features. Histopathology describes the tumor’s microscopic appearance, 
including whether disease is in situ (confined by the basement membrane) or 
invasive (able to infiltrate surrounding tissue and metastasize).59 The most common 
invasive subtypes are invasive ductal carcinoma (IDC/NST; ~80% of all breast 
cancer cases) and invasive lobular carcinoma (ILC; ~15%)60, while ductal 
carcinoma in situ (DCIS) is the most frequent in situ lesion (~25%).61 DCIS is also 
known to be a potential precursor to invasive disease.59  These subtypes can differ 
in radiographic appearance and are therefore relevant when simulating tumor shape 
and margins, as discussed in the following chapters. 

Molecular subtypes are often related to proliferation and tumor growth: Luminal A 
tumors tend to be slower growing, whereas Luminal B, HER2-positive, and triple-
negative cancers typically show higher proliferation and more aggressive behavior. 
Triple-negative breast cancer is particularly challenging, and is also 
disproportionately diagnosed in younger women (often <40 years) and individuals 
who carry a the BRCA mutation.62 Certain demographic groups, such as African 
American women in the USA, have also been shown to have higher rates of 
advanced cancers with poorer prognosis.62 

Cancer growth models 

Despite major advances in cancer biology, the precise biological processes that drive 
tumor initiation and progression are still not fully understood. Nevertheless, several 
mathematical models have been proposed to approximate and describe tumor 
growth behavior. The most common classes include exponential, exponential–
linear, and sigmoidal models such as the Gompertz function (Figure 3).63 While 
more complex models exist, these simpler formulations provide accurate 
approximations for tumor sizes within the macroscale of a clinical screening 
window (5-35 mm in diameter).63  
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Figure 3. Common tumor growth models 
Illustration of three widely used mathematical models of tumor growth: exponential growth (continuous 
acceleration), exponential-linear growth (initial acceleration followed by a constant rate), and Gompertz 
growth (sigmoidal growth with deceleration and plateau). The curves are normalized to enable direct 
comparison of their characteristic growth behaviors. 

As the tumor grows, these accompanying biological changes also alter the 
surrounding tissue, often making tumors denser and stiffer compared to the 
surrounding normal tissues.64 These are features that influence how tumors appear 
on mammographic images, as discussed in the following chapter of Breast imaging. 

Treatment and epidemiology 

Today, breast cancer management in Sweden typically involves surgery for local 
control, often followed by radiotherapy and adjuvant systemic therapy to reduce the 
risk of recurrence.65 Systemic treatment is guided by molecular profile and may 
include chemotherapy, endocrine therapy, and targeted therapy toward specific 
markers.65 

Because prognosis varies widely between subtypes, early and accurate diagnosis is 
critical. Breast imaging supports detection, characterization, and staging, enabling 
early and tailored treatment. In most countries, 5 and 10-year survival has had an 
steady increase due to earlier detection and more specialized therapies, although 
disparities between high- and low-income countries remain.2,66 Reports indicate that 
regions in Sweden have experienced nearly a 50% reduction in 5-year mortality 
from the 1990s to the 2010s, with comparable declines observed in e.g. the UK.67,68 
At the same time, an important current challenge is treatment de-escalation, aiming 
to avoid unnecessary treatment of low-risk lesions such as some cases of DCIS or 
slow-growing invasive tumors.61,69 
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Breast imaging 

Prior to Wilhelm Röntgen’s discovery of X-rays in 1895, the detection of breast 
cancer relied mainly on palpation or, occasionally, post-mortem examination. 
Today, we know that tumors detected by palpation are at least two times larger than 
those found through mammography and are associated with a poorer prognosis due 
to more advanced disease progression.70,71 X-ray imaging techniques have enabled 
us to diagnose breast cancer at earlier stages, before it presents clinically, and 
quickly became a cornerstone of medical imaging. It was not until the mid- to late 
20th century that additional imaging modalities emerged, beginning with ultrasound 
and followed by advanced tomographic techniques such as computed tomography 
(CT) and MRI, and eventually tomosynthesis.72 Despite these innovations, 
diagnostic breast imaging still relies heavily on mammography, which, more than a 
century later, remains the gold standard for early breast cancer detection. 

Digital mammography 

System components 

At its core, a mammography unit relies on two key components: hardware and 
software. The hardware of a mammography unit (Figure 4) includes the X-ray tube 
which generates the X-ray spectra, detectors that capture transmitted photons, and a 
breast compression system that compress the breast to reduce scatter, improve 
image resolution, and minimize dose. Tube voltage, tube current, and exposure time 
are factors affecting the image quality and radiation dose.73 
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Figure 4. Schematic overview of a digital mammography unit 
Illustration of the main hardware components involved in breast imaging and the associated software 
workflow that converts detected X-ray signals into clinically interpretable images. The reconstruction 
step is applied only in digital breast tomosynthesis. Illustrations adapted from originals by Magnus 
Dustler. 

Software is required for the image acquisition and post-processing, converting raw 
detector signals into high-contrast, high-resolution images suitable for clinical 
interpretation. Additional algorithms correct for noise, scatter, and detector 
imperfections. 

Challenges of digital mammography 

Although digital mammography offers high spatial resolution and can detect 
microcalcifications down to ~0.2 mm in size, its fundamental limitation is its two-
dimensional, projective imaging.74-76 Because the breast is a three-dimensional 
structure, all anatomical components along the X-ray path are superimposed into a 
single 2D image. Tissue overlap can mask underlying lesions, reducing sensitivity, 
or create pseudo-lesions, reducing specificity.77,78 This issue is particularly 
pronounced in dense breasts, where fibroglandular tissue increases X-ray 
attenuation and reduces contrast between lesions and surrounding tissue. To 
overcome these limitations, digital breast tomosynthesis was developed as a pseudo-
3D technique aimed at minimizing the effect of tissue overlap. 
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Digital breast tomosynthesis 

System components 

Digital breast tomosynthesis (DBT) builds upon the physical principles of 
mammography (both in terms of hardware and software) but adds limited 
tomographic capability to reduce tissue overlap. Instead of a single projection, DBT 
captures multiple low-dose X-ray projection images over a limited angular range as 
the X-ray tube moves in an arc around the compressed breast (Figure 5). These 
projection images are then reconstructed into a stack of thin slices, creating pseudo-
3D images, where each slice represents a different depth within the breast volume.73 

 

Figure 5. Schematic overview of a breast tomosynthesis unit 
During breast tomosynthesis imaging, the X-ray tube moves in an arc around the breast, capturing 
multiple projection images along its path. The total angular range and the number of projections 
acquired can differ depending on the system manufacturer. Illustrations adapted from originals by 
Magnus Dustler. 

Challenges of digital breast tomosynthesis 

Clinically, DBT has demonstrated improved cancer detection rates compared to 
DM, particularly in women with dense breasts.9,79,80 However, the modality 
introduces larger data volumes and longer interpretation times in cases when DBT 
is used together with DM.81,82  In addition, DBT has shown varying effects on recall 
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rates, with increases reported in European screening settings, while decreases have 
been observed in settings with higher baseline recall rates, such as in the United 
States.83 These factors highlight the importance of robust, standardized evaluation 
methods to ensure consistent image quality and diagnostic performance across 
systems and clinical settings. 

Other imaging modalities 

Other imaging techniques serve complementary roles. Ultrasound is commonly 
used for further characterization of targeted areas and as guidance for interventions 
such as biopsies.73 MRI offers high sensitivity and may be particularly useful for 
screening high-risk populations, including women with dense breasts and those with 
an increased genetic risk of breast cancer.11 Contrast enhanced mammography 
(CEM) provides functional information similar to MRI through contrast uptake, but 
is more accessible, as it can be performed on standard mammography systems with 
only minor modifications to filters and software.73,84 Dedicated breast computed 
tomography (breast CT) is another potential breast imaging modality that provides 
fully 3D volumetric reconstruction, in contrast to DBT.73 These modalities are not 
routinely used for population based screening and are beyond the primary scope of 
this thesis. However, they are being explored for more personalized screening 
strategies, for example MRI for women at high risk of breast cancer or 
MRI/ultrasound for women with extremely dense breasts.85,86 

Radiographic characteristics of breast lesions 

On radiographic images, such as DM and DBT, lesions typically present in one of 
three forms: as a mass, as calcifications, or as architectural distortion. 

Masses 

Breast masses typically appear as brighter (hyperdense) areas on radiographic 
images and can be either benign or malignant. They are commonly assessed using 
the BI-RADS malignancy classification, which visually describes lesion appearance 
(Figure 6-7).52 Masses are characterized by size, shape, and margins: malignant 
tumors often appear irregular, spiculated, or infiltrative (Figure 8), whereas benign 
lesions are usually round or oval with smooth edges (Figure 9).52 Both IDC and ILC 
mainly appear in mammographic images as masses with irregular shapes and non-
circumscribed margins, often spiculated.87 Either subtype can also present 
themselves as architectural distortions, as detailed below.87 However, ILC is known 
to be slightly more difficult to assess as they generate less fibrotic tissue and tend to 
have less hyperdense appereances.88 
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Figure 6. BI-RADS (5th Edition) categories of breast mass shapes 
Schematic illustrations of mass shapes, from left to right: round, oval, and irregular. 

 

Figure 7. BI-RADS (5th Edition) categories of breast mass margins 
Schematic illustrations of different margin types, shown from left to right (top row first, then bottom 
row): circumscribed, obscured, microlobulated, indistinct, and spiculated. 
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Figure 8. Malignant breast masses with different margin characteristics 
Representative case examples of three biopsy-proven malignant breast masses, shown on DBT 
images. The leftmost lesion has partly indistinct margins, while the middle lesion has a microlobulated 
margin, where the edges form several small rounded bumps rather than a completely round outline. 
The third mass is spiculated, meaning that thin lines radiate outward from the lesion into the 
surrounding tissue, creating a star-like appearance. 

 

Figure 9. Benign breast masses 
Representative DM images showing round, well-circumscribed cysts with smooth margins and 
relatively uniform internal density. The cysts demonstrate similar radiographic density to surrounding 
fibroglandular tissue.  

Recent advances in image analysis enable quantitative analysis of lesions through 
radiomics. Radiomics is the extraction and analysis of large amounts of quantitative 
features from medical images, capturing tissue characteristics such as intensity, 
shape, and texture that are not always visible to the human eye.89 These metrics 
provide additional information beyond visual inspection and may aid in 
distinguishing benign from malignant masses.53 
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Microcalcifications 

Calcifications are a common benign finding associated with the normal aging 
process, particularly within the ducts. However, certain morphologic patterns of 
calcifications may indicate early stages of carcinoma, specifically DCIS.59 
Malignant calcifications are typically fine, clustered, and localized (Figure 10). 
Benign calcifications are usually larger and more diffusely scattered within the 
breast tissue.52 

 

Figure 10. Microcalcifications 
DBT images of benign calcifications (left) and malignant calcifications (right). The benign calcifications 
are larger, coarser, and more conspicuous/high-attenuation. In contrast, the malignant calcifications are 
fine and tightly clustered, with a linear/segmental distribution suggestive of ductal involvement. 

Architectural distortion 

Architectural distortion refers to a disruption of the normal breast tissue pattern, 
where normal tissue lines appear pulled or distorted without a distinct mass.52 It may 
result from benign causes, such as fibrosis or postsurgical scarring, or from 
malignant processes, including IDC or ILC (Figure 11).87 
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Figure 11. Architectural distortion 
DBT slices of the right and left breasts are shown. The area of architectural distortion is highlighted 
within the black box, demonstrating a clear structural asymmetry between the two breasts. This finding 
is associated with a biopsy-confirmed breast malignancy. 

Breast cancer screening 

A historical perspective 

Beginning in the mid- to late 20th century, screening programs were developed and 
studied as a way to detect cancers at early stages, before they became symptomatic. 
The first randomized controlled trial designed to evaluate the impact of breast cancer 
screening on mortality began in 1963 (the HIP trial)90, and was followed by several 
additional trials during the 1970s and 1980s.91 Sweden was one of the pioneering 
countries to investigate breast cancer screening using mammography through 
studies in the 1970s, although the Swedish national screening program was not 
clearly established until the 1990s.8,92-95 Early evidence demonstrated that screening 
reduced breast cancer specific mortality by enabling detection of tumors at earlier, 
more treatable stages.3 Sweden has since been part of transitioning screening from 
film-based mammography to digital systems in the early 2000s, and today 
advancing into the era of tomosynthesis, synthetic images, artificial intelligence and 
machine learning.96-101 
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Overview of current practices 

Screening programs differ slightly between countries when it comes to the targeted 
age and screening frequency. Currently, The Swedish National Board of Health and 
Welfare recommend inviting Swedish women aged 40–74 to participate in routine 
mammographic screening every 18–24 months, depending on age.65 Two digital 
mammograms of each breast are acquired in craniocaudal (CC) and mediolateral 
oblique (MLO) views (Figure 12), and each examination is independently 
interpreted by two radiologists (double reading) as advised by the European 
guidelines.102 Double reading is standard practice in Swedish mammography 
screening, however, AI-assisted reading has more recently been evaluated as an 
alternative to the second reader.98 As a result of growing evidence, several Swedish 
regions began implementing AI-supported mammography screening in routine 
practice as of 2025.103 

 

Figure 12. Schematics of MLO and CC views 
In the MLO view the unit is tilted and the breast is positioned against the detector and the armpit high 
on its upper corner. In the CC view the unit is horizontal and the breast is placed on top of the detector. 
Illustrations adapted from originals by Magnus Dustler. 

Most countries invite women aged 50–70 for screening, whilst other may follow 
slightly different invitation schemes.104 In the United States, DBT has already been 
incorporated into population-based breast cancer screening programs.105,106 In 
contrast, Sweden currently continues to utilize DM as the standard modality for 
national screening, a decision that remains somewhat debated given the growing 
evidence supporting the potential benefits of DBT in screening contexts.107 



42 

Challenges of breast cancer screening 

Screening with mammography has been shown to reduce breast cancer-specific 
mortality, however, several challenges remain. From a technical perspective, these 
challenges primarily relate to minimizing interval cancers, missed cancers, recall 
rates, and overdiagnosis.69,107,108 Interval cancers are cancers that arise in between 
two screening rounds, and are often aggressive and fast growing.109 They differ from 
missed cancers, in that they were not present at the time of the previous screening. 
Missed cancers are lesions that were present but not detected at the previous 
screening, often because they were obscured by dense breast tissue or limited by 
suboptimal image quality or resolution.107 Dense breast tissue not only masks 
cancers but also reduces image contrast between normal and malignant structures, 
thereby complicating lesion detection and interpretation.37 High recall rates are 
largely driven by false-positive findings, frequently caused by overlapping normal 
tissue structures that mimic suspicious lesions.107 Overdiagnosis leading to 
overtreatment represents another complex issue, referring to the detection of cancers 
or precancerous lesions that would not have become clinically significant within the 
patient’s lifetime.69,110 Distinguishing such cases from clinically relevant cancers 
remains a major challenge in screening programs. 

Future perspectives 

Many of these challenges could potentially be addressed through individualized 
screening strategies that stratify women according to their risk profiles. For 
example, by incorporating breast density assessments into screening protocols, 
thereby allowing women at higher risk or with dense breasts to be referred to 
imaging modalities with higher sensitivity, such as MRI.10,11 Artificial intelligence 
and radiomics also hold promise for enhancing lesion detection and characterization 
beyond the capabilities of the human eye.12,111 To ensure that these emerging 
technologies and tailored screening approaches truly improve diagnostic 
performance and clinical outcomes, it is essential to establish robust evaluation 
frameworks that can rigorously assess their effectiveness under controlled and 
reproducible conditions. 
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Virtual imaging trials 

Introduction 

Motivation for virtual imaging trials 

Detecting abnormalities in the breast relies on the imaging modalities to provide 
sufficient image quality, and on the effectiveness of the screening program in 
identifying lesions at an early stage. As mentioned earlier, the current program is 
still a one-size-fits-all solution. 

Evaluation of breast imaging technologies and screening efficacy, in terms of 
sensitivity and specificity, has traditionally relied on a mix of clinical studies and 
technical experiments. Clinical trials and reader studies offer real-world insights but 
are often limited by cost, ethics, and repeatability. Technical studies, using physical 
phantoms provide controlled, reproducible measurements of image quality. 
However, they fail at capturing the full complexity and variability of real breasts.  

These challenges, including imperfect ground truth and inter-reader differences, 
highlight the trade-off between realism and control. Virtual imaging trials (VITs) 
have emerged as a tool that enable fully controlled, reproducible simulations of 
anatomy (computational phantoms), imaging physics, and observer behavior, 
providing a complement to clinical and phantom-based studies. 

A brief history 

The terms “virtual imaging trials”, “virtual clinical trials” or “in silico trials” were 
first introduced in the early 2000’s when the movement of computational breast 
phantoms truly gained momentum through the development of simulation 
frameworks such as OpenVCT, DukeSim and VICTRE.112-114 These newer 
phantoms offered more realistic anatomical detail compared to earlier models115, 
incorporating structures such as ligaments, glandular tissue, skin, and a variety of 
lesion types. An important milestone for the adoption of VITs was the VICTRE 
initiative, through which the US Food and Drug Administration (FDA) 
demonstrated how in silico clinical trials can provide credible evidence to support 
regulatory decision-making for imaging systems.116 The FDA has since recognized 
that in silico evidence can be used to support regulatory submissions, provided its 
credibility is demonstrated for the specific context of use.117 Today there is a large 
number of software and frameworks available for simulating imaging trials.18 A list 
of some of the existing software developments is provided in Table 1, including 
STELLA-R framework (Paper III). 
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Table 1. Overview of existing simulation frameworks 
A selection of virtual imaging trial frameworks. The list is limited to frameworks included in the VITM 
survey, additional tools and frameworks may be available beyond those included.18 The majority of the 
breast imaging frameworks focus on digital mammography and digital breast tomosynthesis, although 
XRAYImagingSimulator also includes phase-contrast breast imaging. The STELLA-R framework was 
formally deployed under its name as part of this thesis (Paper III), but earlier demonstration versions 
existed. 

Framework Origin (institution type) Main modality focus 
BreastSimulator118 Academic (University of Varna) Breast imaging 

XRAYImagingSimulator119 Academic (University of Varna) Breast imaging 

CatSim/XCIST120 Industry (GE Healthcare) X-ray/CT 

XCAT/DRASIM121 Industry (Siemens) CT 

DukeSim113 Academic (Duke University) CT 

Hybrid Tool122 Academic (KU Leuven) Breast imaging 

CBCT Tool123 Academic (KU Leuven) CBCT 

OpenVCT112 Academic (University of 
Pennsylvania) 

Breast imaging 

VICTRE116 Regulatory (U.S. Food and 
Drug Administration) 

Breast imaging 

STELLA-R124 Academic (Lund University) Breast imaging 

 

The field has continued to expand, supported by dedicated conferences, 
organizational task groups, and workshops that foster ongoing research and 
collaboration, highlighting the growing recognition of VITs as a valuable tool for 
both scientific investigation and regulatory assessment of medical imaging 
technologies.20,125,126 

Basic principles  

A virtual imaging trial consists of four essential simulation components (or 
modules), each representing a critical aspect of the simulation process. Figure 13 
provides an overview of each module, sequentially ordered from left to right, and 
the following subsections describe each module in detail. 

 

Figure 13. Principles of virtual imaging trials in breast imaging 
Virtual imaging trials are built by modeling the full imaging chain, shown here in sequential order: the 
breast phantom, breast positioning and compression, the imaging system, and image analysis and 
interpretation. Together, these modules simulate how images are formed and evaluated in a clinical 
setting.  
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Anatomical models 

Models of the breast 

Over the years, several approaches have been developed to model breast 
parenchyma. Both OpenVCT and VICTRE base their breast phantoms on 
compartmental models, to simulate regions of adipose and fibroglandular tissue, 
though they differ in how these compartments are generated. OpenVCT utilizes 
region-growing algorithms to create anatomically plausible tissue regions127, 
whereas VICTRE grows cell-like structures from preallocated seed points using a 
Voronoi-based approach (Figure 14).128 

 

Figure 14. Computer simulated breast models 
A cross-sectional slice from three-dimensional computational breast phantoms generated using 
OpenVCT (left) and the VICTRE phantom generation framework (right). Both images show a 
transverse slice through the phantom. Arrows indicate the chest wall direction. 

Noise based approaches, such as power-law noise, have also been applied to 
simulate breast tissue.129 Power-law noise is particularly suited for this purpose 
because it reproduces the anatomical noise observed in mammographic images.130-

133 However, although it reflects the statistical properties of tissue, it lacks precise 
spatial control, limiting its ability to generate e.g. specific tissue features. 
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More recently, procedural methods such as Perlin noise, have been introduced as a 
controllable and reproducible means of generating complex, natural looking tissue 
patterns.134,135 Through its algorithmic construction, Perlin noise enables realistic 
simulation of fibrous strands, glandular clusters, and overall parenchymal texture, 
forming the basis of the computational phantoms presented in this thesis.136 A more 
detailed explanation of Perlin noise is presented in the subsequent section. 

Models of breast abnormalities 

Several strategies have been explored for modeling soft tissue breast lesions 
(masses), which can be broadly divided into mathematical models and models based 
on real masses.19 Mathematical models are generated using algorithms to create 
lesion shapes. Many approaches use simple 3D geometric shapes, such as spheres 
or ellipsoids, which could be combined or overlapped to produce more irregular 
masses. 137-139 

 

Figure 15. Computer simulated breast lesions 
Top row: Cross-sectional slices of breast lesions generated using OpenVCT (left and middle) and 
VICTRE (right). Bottom row: Corresponding three-dimensional visualizations of the same lesions. 

Some models represent tumors as concentric layers, with a central core surrounded 
by shell-like layers.137 More advanced mathematical methods use simple shapes as 
a base but include stochastic growth algorithms, such as iterative branching, random 
walks, or diffusion-limited aggregation, which produce irregular or spiculated 
surfaces.140-142 
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Models based on real tumors use patient images as a starting point. These methods 
typically involve segmenting actual lesions from CT or MRI scans to capture 3D 
structure, or extracting key features, which can then guide the generation of 
simulated lesions.142-144 Figure 15 presents three examples of different lesion 
models. 

Perlin noise 

Most of the phantoms developed and used in this thesis are derived based on the 
Perlin noise algorithm.145-147 Perlin noise is a procedural, gradient-based noise used 
to generate smooth and natural looking structures. Unlike uncorrelated stochastic 
noise, such as Gaussian noise which changes randomly from voxel to voxel, Perlin 
noise produces spatially continuous patterns. It is constructed by assigning 
pseudorandom gradient vectors to a grid and interpolating between them across 
space (Figure 16). 

 

Figure 16. Two-dimensional Perlin grid 
Illustration of a two-dimensional grid, where each corner contains a random vector (noise gradient). To 
compute the value at the selected pixel, a vector is formed from each grid corner to the pixel (orange 
arrow), and the dot product with the corresponding gradient vector is calculated. As a final step, the 
four dot products are interpolated to obtain the final pixel value. The same procedure can be 
generalized to arbitrary dimensions. 

The result is a repeatable and visually smooth function whose frequency and 
amplitude can be adjusted, or combined across multiple octaves, to control the level 
of detail (Figure 17). The level of control makes Perlin noise well suited for creating 
realistic textures and natural structures. 
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Figure 17. Perlin noise at different grid scales 
Examples of Perlin noise generated using different grid cell sizes, ranging from 256 pixels to 32 pixels. 
Each image shows the sum of six superimposed octaves, where the base cell size defines the largest-
scale structures in the noise pattern. 

The concept of Perlin noise was first introduced by Ken Perlin in 1985, who 
described it as a novel algorithm for computer-generated imagery (CGI).146 The 
technique was designed to create natural looking textures and structured surfaces on 
computer generated 3D objects. Since its introduction, Perlin noise has become a 
cornerstone of CGI, with widespread use in the gaming, film, and animation 
industries to simulate realistic natural phenomena such as terrains, clouds, and 
materials. 

In the 2010s, Perlin noise began to attract attention in the field of computational 
breast modeling. A pioneering study by Dustler et al. demonstrated how its 
principles could be used to simulate tissue textures resembling those observed in 
mammographic images.134 In observer studies involving radiologists, approximately 
43% of Perlin noise-based image patches were mistaken for real mammographic 
images, underscoring its potential for realistic tissue simulation.136 

Since then, Perlin noise has been adopted by other research groups, including 
integration with the VICTRE simulation pipeline.145,148 It has also inspired the 
development of alternative or refined noise-based functions to further improve 
realism of simulated mammographic images.149 
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Modeling of breast positioning and compression 

Breast positioning and compression is typically modeled using finite element 
methods, in which the structural components of the phantom are represented as a 
mesh of discrete elements.150-154 Mechanical properties such as stress, strain, and 
material elasticity are applied to these elements to simulate realistic deformation of 
the phantom under compression forces (Figure 18). 

 

Figure 18. Finite element compression of a Perlin noise phantom 
Illustrative example of a finite element simulation in which external forces are applied to compress a 
deformable virtual phantom generated using Perlin noise, simulating the breast compression 
experienced during mammographic screening. Image courtesy of John-Henry Markbo. 

Modeling of imaging systems 

Simulating an imaging system requires the use of a ray-tracing algorithm, such as 
the Monte Carlo (used by VICTRE) or Siddon algorithm (applied in OpenVCT and 
the OPTIMAM platform)155-157, to model the propagation of individual photons 
through the material. Each photon’s path is tracked as it interacts with the medium 
primarily through absorption and scattering processes. Every voxel within the 
simulated volume is assigned a material with a corresponding attenuation 
coefficient, which determines the probability that a photon will be absorbed or 
scattered. Based on these interactions, the cumulative photon trajectories are used 
to generate a projection image, based on specific geometric configuration and 
acquisition parameters of the imaging system. This resulting dataset represents the 
raw projection prior to any image reconstruction or post-processing steps. 

Additional noise and scatter models can be applied to give a more realistic image 
appearance.158 
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Image analysis and interpretation 

For a fully virtual study, interpretation and evaluation of imaging systems is ideally 
performed through model observers, ensuring reproducibility and scalability. A 
typical example is the Channelized Hotelling Observer (CHO) model, which is 
commonly used.17,156 The CHO mimics how the human visual system processes 
images by filtering them into different spatial frequency bands (or “channels”) and 
then measuring how well a signal, such as a lesion, can be distinguished from 
background noise.  

More recently, AI-based observers, particularly those using deep learning (e.g., 
convolutional neural networks), have been developed as an alternative.17,159-161 
These models learn directly from image data to identify subtle patterns or features 
that distinguish signal-present from signal-absent cases.  

Challenges of virtual imaging trials 

VITs provide a powerful framework to systematically control imaging and 
anatomical parameters, enabling the simulation of diverse real-world clinical 
scenarios under reproducible conditions. This level of control allows researchers to 
isolate specific factors influencing image quality, lesion detectability, and 
diagnostic performance. These are capabilities that are often difficult or impossible 
to achieve in traditional clinical studies. 

However, current models have limitations in achieving full realism. Many lesion 
models rely on simple geometric shapes that do not capture the complex 
morphology of real tumors, so features such as lesion shape, margin irregularity, 
and internal texture may be poorly represented. Algorithms can reproduce jagged 
spicules, but often fail to model internal heterogeneity or integrate tumors naturally 
within surrounding tissue.17,19 Models based on real tumors are limited by the 
dataset, require labor-intensive segmentation, and allow little opportunity to 
introduce new variation, making it difficult to generate diverse, controllable 
lesions.17,19 

Moreover, the generation of virtual populations is typically not sampled from real-
world demographic or physiological distributions. Although parameters such as 
breast density, size, and glandular composition are informed by clinically reported 
values, they are generally implemented as representative settings rather than drawn 
from real-world population data. Notably, existing review studies of virtual imaging 
trials do not report any work in which virtual populations are generated by direct 
sampling from real patient cohorts, indicating a lack of population-level 
representativeness.17,156  
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Finally, at the time this thesis was initiated, existing models were typically static, 
representing a single time point rather than capturing temporal changes in the tumor 
or breast parenchyma over time. This remains largely true today, however, at least 
one recent study has begun to incorporate temporal components (e.g., explicit tumor 
growth) into breast dedicated VIT pipelines.162 At present, this approach is not 
connected to real-world, patient-specific growth rates which limits their ability to 
support clinically grounded, time-dependent investigations. Incorporating patient-
specific longitudinal or dynamic modeling would be essential to simulate disease 
progression, treatment response, and other temporal phenomena, thereby enhancing 
the biological and clinical realism of virtual imaging trials. 
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Aims 

This thesis aims to advance virtual imaging trials for breast imaging by improving 
the realism of computational phantoms and virtual populations, and by enabling 
longitudinal modeling based on real-world data. To achieve this, the thesis aims to: 

 Enhance the realism of tumor models to more accurately reflect biological 
(tumor growth) and radiological characteristics (tumor appearance). 

 Improve the realism of virtual populations to accurately reflect real-world 
populations, in terms of anatomical and physiological characteristics. 

 Develop a virtual imaging trial framework capable of performing 
longitudinal simulations of breast and tumor changes over time. 

 Demonstrate that the developed tumor models can be used in a virtual 
imaging trial to evaluate cancer detection performance across women’s 
subgroups. 
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Methods 

Simulating human anatomy and its temporal changes is inherently complex, and 
describing the methods behind such an extensive body of work is equally 
challenging. To provide as much clarity as possible, the Methods section is 
organized around the central methodological themes of this thesis: anatomical 
modeling, population modeling, and longitudinal modeling. In addition, imaging 
simulation pipelines, image analysis and observer studies, computational and 
programming tools, and statistical methods are presented as supporting techniques 
used for validation. 

Anatomical modeling  

Central to Papers II and III is the development and optimization of virtual breast 
phantoms, including computational models of both parenchymal tissue (Paper III) 
and breast lesions (Papers II and III). Perlin noise has been widely used for 
generating three-dimensional computational breast models and serves as a 
foundation for much of this work, while other modeling approaches were applied in 
Papers I and IV. This section therefore describes the methods used to construct the 
anatomical models that are used throughout the papers included in this thesis. 

Perlin noise   

An in-house Perlin noise algorithm was used as the foundation for generating the 
soft tissue breast lesion and parenchymal models described in Papers II–IV.134,135 
The algorithm, implemented in MATLAB (MathWorks Inc., Natick, MA, USA), 
generates 3D blocks of Perlin noise, with each block representing a single octave at 
a desired frequency. The appearance of Perlin noise can be controlled by two 
parameters, persistence and lacunarity. Persistence controls the amplitude of each 
octave, determining the contribution of finer details to the overall texture, while 
lacunarity determines the frequency scaling between octaves (Figure 19). Individual 
octave blocks are then superimposed to produce a combined volume (Figure 19). 
Additional mathematical functions are applied to enhance or suppress specific 
structures. Several volumes are created, binarized through thresholding (Figure 20) 
and combined into the final 3D visualization of breast tissue (Figure 21).  
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Figure 19. Perlin noise octaves 
Examples of individual Perlin noise octaves (oct) are shown. The persistence is set to 0.5, meaning 
that the amplitude (amp) is reduced by half for each successive octave. A lacunarity of 2 indicates that 
the spatial frequency doubles at each octave, corresponding to a halving of the grid cell size in terms of 
number of pixels (px). Finally, the six octave volumes are superimposed to produce the resulting 
combined noise volume. 

 

Figure 20. Perlin noise thresholding 
Applying different threshold levels to the combined Perlin noise volume produces varying structural 
patterns and shapes. The columns show different threshold values, with the top row displaying a slice 
through the phantom and the bottom row showing the corresponding projection formed by summing the 
voxel values through the volume. 
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Figure 21. Final Perlin noise volume 
The final breast tissue representation based on Perlin noise, generated by combining several 
thresholded volumes, such as those illustrated in Figure 20. Image courtesy of Magnus Dustler. 

Breast parenchyma modeling 

In Paper I, we worked within the OpenVCT framework and used its built-in virtual 
breast phantoms.112 These phantoms provided a ready foundation for simulating 
breast anatomy, allowing us to focus on modeling tumor growth. 

In Paper II, our work shifted toward the in-house Perlin noise algorithm, which we 
used to generate the breast parenchyma and in Paper III, we optimized this technique 
further. Specifically, we introduced masking techniques to highlight dense tissue 
regions and systematically applied thresholding to the Perlin noise to control how 
much structure appeared in the simulated breasts. This made it possible to create a 
wide range of breast appearances with different amount of breast density. For both 
Papers II and III, these simulated tissues were placed within realistic breast outlines 
generated from the breast shape models proposed by Rodríguez et al.163,164 

In Paper IV, we combined real and simulated data in a hybrid approach. Instead of 
creating the entire breast phantom computationally, we used real DBT breast images 
and inserted simulated lesions into them. This allowed us to study lesion 
detectability under controlled conditions while maintaining the realism of real-
world clinical images. 
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Lesion modeling 

In Paper I, we used the lesion models already available in the OpenVCT pipeline. 
These consisted of simple spherical masses with a basic shell-like internal 
structure.127 They served as a practical starting point for simulating tumor growth. 

In Paper II, the goal was to generate more complex and more realistic lesion shapes 
using the Perlin noise algorithm. We began by defining a geometric base shape and 
modifying its spatial domain with Perlin noise patterns. By tuning parameters such 
as persistence and lacunarity, we were able to control both the overall shape and the 
margin characteristics. This allowed us to produce a wide range of lesion 
morphologies resembling those encountered in clinical imaging, as defined by BI-
RADS malignancy scoring system.52  The attenuation properties of the simulated 
lesions were selected using values similar to those in OpenVCT and were further 
optimized with input from radiologists. 

In Paper III, we extended the lesion model from Paper II. To ensure that lesions 
blended more naturally with the surrounding parenchyma, we retained and enhanced 
the background tissue structures within the lesion region. We also incorporated 
additional Perlin noise components to represent features such as abnormal 
vascularity and fibrosis. These additions provided the lesions with richer internal 
texture compared to the lesions presented in Paper II. 

In Paper IV, we introduced a hybrid lesion model. Here, the spiculated outlines 
generated by the VICTRE pipeline114,148 were combined with the Perlin noise-based 
lesion interiors developed in Papers II and III. This hybrid approach enabled the 
simulation of spiculated masses with detailed internal structure, making them 
suitable for controlled insertion into real DBT images. 

Population modeling 

The initial concept for this thesis originated from the motivation to model a virtual 
continuation of the Malmö Breast Tomosynthesis Trial (MBTST)96, as detailed in 
the following section. It soon became evident that such an extension would require 
modeling the underlying characteristics of the study population, as well as capturing 
how these characteristics evolve over time. This led to the central idea of developing 
methods to construct virtual populations. Since then, population modeling has been 
an essential component of nearly all papers in this thesis. Here, the term “population 
modeling” refers to fitting statistical or probabilistic distributions that describe the 
behavior and variability of real-world population data. Once estimated, these 
distributions were used to generate virtual populations by sampling from them. 
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In Paper I and III, such models were used to reproduce real-world characteristics 
and, in Paper III in particular, to investigate how variables co-vary and evolve over 
time in time-dynamic simulations. Paper II focused on optimization of the lesion 
model and therefore did not rely on a population model, while Paper IV used an 
actual real-world study cohort rather than a virtual one. The four primary study 
populations mentioned throughout the thesis papers and their roles across the papers 
are described in the following subsections. 

Table 2 provides an overview of the study populations, simulation frameworks and 
software components used throughout the papers (I–IV).
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Study populations 

Malmö Breast Tomosynthesis Screening Trial 

MBTST96 was a prospective screening study conducted in Malmö, Sweden between 
2010 and 2015. MBTST aimed to compare DBT with DM in a screening setting and 
showed that DBT detected 34% more cancers than DM, with 40% lower odds of 
interval cancers.96,166 The trial enrolled a randomly selected sample of women, aged 
40–74, from the routine national screening programme during the same period. 
Participants underwent the standard two-view (MLO and CC) DM protocol as well 
as an additional one-view (MLO) DBT examination. 

Of the 21 691 women invited, 14 851 agreed to participate. Pregnant women and 
individuals who did not speak Swedish or English were excluded, and three 
participants subsequently withdrew consent. In total, the MBTST population 
contained 139 screen-detected cancers, of which 110 were masses. Additional 
methodological details and population characteristics are provided in the full 
MBTST publication.96 

The MBTST dataset served two specific purposes in this thesis. First, age 
distributions used for generating the virtual population in Paper I were sampled from 
MBTST. Second, pathological tumor sizes from this population were used to create 
realistic tumor size distributions for the VIT pipeline developed in Paper III. 

At the time Paper I was prepared, the MBTST cohort already existed as a fully 
processed, ethics-approved dataset, which made it immediately suitable for early 
methodological development. In addition, MBTST was the only available 
population-based dataset with measured tumor sizes, needed to model realistic 
tumor sizes in Paper III. For these reasons, MBTST data were used in Papers I and 
III instead of the full Malmö DM screening population. 

Malmö DM screening population 

The Malmö DM screening population consists of the remaining women that 
attended the routine screening programme at Skåne University Hospital in Malmö 
between 2010 and 2015 (i.e., women not included in MBTST), and includes all 
routine two-view DM examinations.166,167 All examinations were acquired on 
Siemens mammography systems, and the full dataset forms part of the M-BIG 
image database171, which has since been expanded. The Malmö DM screening 
population therefore represents the complete real-world screening population during 
this period. 

For the analyses in Paper III, a refined subset of the Malmö DM screening 
population was required. Paper III focused on modeling volumetric breast density 
and breast volume, including longitudinal changes, using data processed and 
described by Olinder et al.167 To ensure consistent follow-up intervals and valid 
density measurements, women were excluded if the interval between consecutive 
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screening examinations exceeded 30 months (to exclude irregular follow-up beyond 
the expected age-dependent screening interval of 1.5–2 years), if they had breast 
implants, or if density data were missing. 

After applying these study-specific criteria, the final cohort used in Paper III 
comprised 25 188 women. 

Malmö TVDT cohort  

Another specific cohort used in this thesis is the TVDT cohort, a cohort from Malmö 
designed for studying tumor volume doubling times (TVDT) across two consecutive 
screening rounds.165 This cohort included all 111 invasive breast cancers diagnosed 
at Skåne University Hospital during the latter part of 2014.  

For the purpose of tumor growth estimation, several exclusions were necessary. 
Non-invasive tumors were excluded, tumors that measured < 5 mm at diagnosis (to 
exclude lesions that would not have been visible on the prior screening 
mammogram), cases without a prior mammogram, and tumors that could not be 
reliably measured on the screening images. In total, 31 cases met the inclusion 
criteria. 

This population was used for the tumor growth models developed in Papers I, and 
later applied in Paper III, where growth rates and tumor progression dynamics are 
key components of the simulation framework. 

Penn population 

Lastly, Paper IV used a population-based DBT screening cohort from the University 
of Pennsylvania. The dataset comprised 19 184 women imaged between 2015 and 
2022. Images were acquired using the Selenia Dimensions DBT system (Hologic 
Inc.), with two-view DBT (CC and MLO). Eligible examination included those with 
available raw imaging data and women with no prior history of breast cancer. Two 
women were excluded due to missing demographic information. From this dataset, 
a case-control sample was assembled: cases consisted of 451 women who later 
developed breast cancer and had a true-positive screening finding, while controls 
consisted of 451 women who did not develop breast cancer during approximately 
six years of follow-up. For all cases, only the screening examinations acquired prior 
to the cancer diagnosis were included in the analysis. 

To support the primary aim of Paper IV, assessing lesion detectability, the case 
examinations were subsequently modified by inserting simulated lesions (8–15 mm 
in diameter) at predefined regions of interest. 
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Probabilistic modeling  

As described earlier, population modeling refers to fitting statistical distributions to 
real-world population data. Each distribution is mathematically defined by its 
probability density function, but can also be described in terms of summary 
characteristics such as mean, variance, skewness, and tail behavior. These fitted 
distributions then serve as the basis for generating new samples. In this thesis, 
virtual populations were modelled using both univariate and multivariate 
distributions. 

Univariate statistical distributions 

In Paper I, tumor growth was modelled by fitting a univariate probability density 
function to the TVDT data from the Malmö TVDT cohort. To identify the most 
appropriate distribution for our data, several candidates were evaluated using the 
goodness-of-fit procedure described in the section Statistics. The gamma 
distribution produced the best fit and was therefore selected to model tumor growth 
and to sample TVDT values for the virtual population. The gamma distribution was 
well suited for this purpose, as it is defined only for non-negative values, consistent 
with growing tumors. It also naturally accommodates right-skewed behavior, which 
was present in the clinical data.172 

Multivariate statistical distributions 

For Paper III, we modelled breast density, breast volume, age, and their 
corresponding annual changes using data from the Malmö DM Screening 
population. To capture the correlations between these variables, we used a 
multivariate approach that models both the marginal distributions of each variable 
and the dependence structure among them, such as the correlations (Figure 22). 

The marginal distributions were modeled using kernel density estimation. This 
approach estimates the probability density function from the data itself, avoiding 
the need to assume a particular distributional form. Several dependence structures 
were evaluated, but because many variable pairs exhibited tail dependence, we 
selected the t-copula as a more robust alternative.173 The t-copula is defined by a 
correlation matrix, which specifies the dependence between variables. It also 
includes an additional parameter, the degrees of freedom 𝜈, which controls the 
strength of tail dependence. As 𝜈 increases, the t-copula converges towards a 
Gaussian copula. This flexibility allows the t-copula to represent a wide range of 
dependence patterns, making it a more robust choice. 
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Figure 22. Components of a multivariate distribution with two variables 
A multivariate distribution consists of two components: the marginal distributions of the individual 
variables (left) and the dependence structure between them (right). In this figure, a gamma distribution 
is shown for illustrative purposes. In practice, however, the kernel density estimation approach 
estimates the marginal distributions directly from the data rather than assuming a specific parametric 
form. In this figure, the dependence structure is represented by a copula model, which describes the 
correlation between the two variables. 

Sampling procedures 

To generate a virtual population, the probability distributions were sampled. In the 
case of multivariate distributions, it is possible to ensure that the correlations 
between variables are preserved. In the case of univariate distributions this is not 
achievable. For the examples mentioned, all samples were drawn using MATLAB’s 
random() function which in turn applies a suitable sampling method depending on 
the distribution. 

Longitudinal modeling 

As previously discussed, the original aim of this work was to simulate longitudinal 
virtual imaging trials. Achieving this required the ability to model temporal changes 
in both breast tissue and lesions in order to follow a virtual population over time. 
An early effort toward this goal, initiated during my master’s thesis project in 2020, 
focused on modeling tumor growth (Paper I). This work was later expanded to 
include temporal changes in breast density and breast volume (Paper III), enabled 
by the increasingly comprehensive datasets made available by colleagues from our 
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research group. This section describes both tumor growth modeling and modeling 
of the breast evolution. 

Tumor growth modeling 

For Paper I, we initially modeled tumor growth using an exponential function, 
motivated by its use in the original study describing the Malmö TVDT cohort. The 
tumor volume V(t) at time t, with initial tumor volume V(0) = V0, is described by: 

𝑉(𝑡) = 𝑉଴ ∗ 𝑒(௥∗௧) (1) 

where r denotes the tumor growth rate. Our model used TVDT values sampled from 
the Malmö TVDT cohort.165 By definition, the tumor volume doubles after one 
tumor volume doubling time (tTVDT): 

𝑉(𝑡்௏஽்) = 2 ∗ 𝑉଴ (2) 

Substituting into the exponential growth equation gives: 

2 ∗ 𝑉଴ = 𝑉଴ ∗ 𝑒(௥∗௧೅ೇವ೅) (3) 

𝑟 = 𝑙𝑛(2)/𝑡்௏஽் (4) 

Thus, the tumor volume can be expressed as: 

𝑉(𝑡) = 𝑉଴ ∗ 𝑒൫(௟௡(ଶ)/௧೅ೇವ೅)∗௧൯ = 𝑉଴ ∗ 2(௧/௧೅ೇವ೅) (5) 

This formula formed the basis for the tumor growth model used in Paper I.  

Subsequent analyses revealed that exponential growth has limitations, particularly 
when modeling larger or later-stage tumors (>7 mm in diameter).57,63 Exponential 
growth tends to overestimate volume increases beyond the early stages of cancer. 
To address this, in Paper III we adopted a linear growth model, which also 
approximates the sigmoidal growth behavior observed in clinical screening studies. 
The linear model assumes a constant absolute growth rate, reflecting a biologically 
plausible slowdown and providing a more realistic representation of macroscopic 
tumor growth: 

𝑉(𝑡) = 𝑉଴ + 𝑘 ∗ 𝑡 (6) 

After one doubling time, tTVDT, the tumor volume is: 

2 ∗ 𝑉଴ = 𝑉଴ + 𝑘 ∗ 𝑡்௏஽் (7) 
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𝑘 = 𝑉଴/𝑡்௏஽் (8) 

Hence, the linear growth model can be written as: 

𝑉(𝑡) = 𝑉଴ + (𝑉଴/𝑡்௏஽்) ∗ 𝑡 = 𝑉଴ ∗ (1 + 𝑡/𝑡்௏஽்) (9) 

This approximation was used for the tumor growth model in Paper III. 

The initial tumor diameter and TVDT were sampled from the real-world data 
described in the section Study Populations. These parameters were then used to 
calculate tumor size at each subsequent time point, generating a series of simulated 
lesions that reflect the expected tumor dimensions over time. 

Breast evolution  

In Paper III, we modeled changes in both breast density and breast volume over 
time. Breast density was assumed to decrease exponentially as defined by the 
literature48,49, whereas breast volume was modeled with a linear increase. The 
annual changes in volumetric breast density (VBD) and breast volume observed in 
the DM Screening Population provided two data points for each variable, from 
which the respective functions were fitted. These functions were then used to 
compute the expected VBD and breast volume at each simulated time point. 

When generating a virtual woman, the initial breast volume and VBD were jointly 
sampled using the copula model described earlier, ensuring that the correlation 
between the two measures was preserved. 

To achieve the target VBD in the simulated phantom, we adjusted the Perlin noise 
parameters that control the amount of fibroglandular tissue. VBD was calculated 
voxel-wise by counting dense tissue, and the Perlin parameters were iteratively 
tuned until the simulated breast matched the target VBD from the exponential decay 
function. The spatial distribution of fibroglandular tissue was preserved across time, 
with density reductions achieved through thresholding within the Perlin noise field. 
This approach produced physiologically plausible decreases in fibroglandular 
volume while maintaining structural consistency across simulated time points. 

Breast repositioning 

To further account for realistic longitudinal modeling, we also incorporated breast 
re-positioning across different imaging occasions. This allowed the simulation to 
capture the natural variation and deformation that occurs when the breast is 
repositioned between acquisitions (Paper III). Breast repositioning was achieved by 
rotating the phantom around all three axes (x, y, and z), creating the appearance of 
different views relative to the X-ray tube. 
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Imaging simulation pipelines 

For image generation, OpenVCT112 was adopted in most studies by producing DM 
projections (Papers I and II) and DBT projections (Paper III). The raw DM 
projections were processed using either commercial software as for Paper I (Briona 
Standard, Real Time Tomography, LLC, Villanova, Pennsylvania, United States) or 
local clinical systems (Siemens Mammomat Inspiration, Siemens Healthineers, 
Forchheim, Germany) as for Paper II. DBT projections were reconstructed using 
open-source tools developed by Vimieiro et al.169 (Paper III and IV) as well as 
commercial products (Briona, Paper IV). Additional open-source tools related to 
quantum and electronical noise simulation, developed by Borges et al., were also 
incorporated in Paper III.168 

Image analysis and observers 

Human observers were used for phantom and lesion optimization in Papers I and II, 
whereas a virtual observer, the Barco Medical Virtual Imaging Chain (MeVIC) 
framework, was applied for model observer studies in Paper IV.170 Descriptive 
statistics were used throughout all studies, and Paper IV additionally included 
radiomics analysis for breast parenchymal characterization. 

Computational and programming tools 

Throughout this work, a variety of computational tools and programming 
environments were used to generate and analyze the simulated data. MATLAB 
formed the backbone of the workflow, handling everything from the Perlin noise-
based generation of breast and lesion anatomies to mathematical population 
modeling and statistical analyses. R (R Foundation for Statistical Computing, 
Vienna, Austria) complemented the statistical analyses, particularly in Paper II. 
Python (Python Software Foundation) was used to run and manage the VICTRE and 
OpenVCT simulation pipelines. The open-source Python package PyRadiomics was 
used for radiomic feature extraction in Paper IV.174 For visualizing and analyzing 
the images, ImageJ (National Institutes of Health, Bethesda, Maryland, United 
States) or MATLAB was used as the main tool through the research projects, while 
ViewDEX175-177 supported the observer study in Paper II. 

The simulations themselves were performed on high-performance workstations, the 
most recent of which featured NVIDIA GeForce RTX 4090 Ti GPUs (NVIDIA 
Corporation, Santa Clara, California, United States). AI-based software, Transpara 
(version 2.0.0, ScreenPoint Medical, Nijmegen, Netherlands)32,33, provided 
estimates of breast volume and volumetric breast density used in Paper III.  
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Statistical methods 

Because the papers in this thesis involve statistical modeling, simulations, and 
validation of virtual imaging methods, statistical analysis have a central role 
throughout the work. A range of statistical methods were used to evaluate the 
simulations and models, compare them with real-world observations, and assess 
observer performance within virtual imaging trials. The following section 
summarizes the key statistical approaches that recur throughout the thesis and 
provides an overview of how they were applied in the individual papers. 

Descriptive statistics 

A common foundation throughout all papers is the use of descriptive statistics, 
which serve as the first step in understanding the characteristics of the data at hand. 
Measures such as the mean, standard deviation, and distribution summaries have 
consistently been used to describe different variables of interest, e.g. simulated 
tumor volume doubling times (Paper I), lesion geometry (Paper II), simulated breast 
density and volume (Paper III) or population demographics (Paper IV).  

Goodness-of-fit tests 

Goodness-of-fit tests were used to evaluate whether a dataset is appropriately 
described by a particular probability distribution. They can be either based on 
hypothesis testing or visual assessment. In Paper I, the Shapiro-Wilks test was used 
to determine if data follows a normal distribution.178 Assessing whether data are 
normally distributed is important for choosing appropriate hypothesis tests that 
assume normality. The Anderson-Darling goodness-of-fit test179 was also used to 
identify an appropriate probability distribution for the TVDT data, ultimately 
supporting the use of a gamma distribution. In Paper III, goodness-of-fit was 
assessed primarily through visual inspection and by comparing descriptive statistics, 
for example to evaluate the suitability of the t-copula model for simulating breast 
density, breast volume, and age. 

Comparison of data sets 

In Paper I, we applied non-parametric hypothesis tests, as several of the datasets did 
not meet the normality assumptions required for parametric testing. To evaluate the 
consistency of the repeated tumor size measurements, we used the Friedman test180, 
which is well suited for non-parametric repeated-measures data. The comparison 
between clinical and simulated TVDT values was carried out using the two-sample 
Kolmogorov–Smirnov test181 and the Wilcoxon signed-rank test182, allowing us to 
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assess both their distributions and paired differences (median). In Paper II, the non-
parametric Mann-Whitney U-test183 was used to compare observer realism scores 
across different lesion shape and margin categories. In later papers, such as Paper 
III, visual evaluation of the datasets became more prominent for comparing real and 
simulated data, through e.g. histograms and scatter plots. These visual approaches 
were used alongside descriptive statistics to provide a more intuitive understanding 
of the data. In Paper IV, we applied logistic regression and ROC analysis (detailed 
below), methods commonly used for evaluating diagnostic performance, to assess 
how lesion detection performance varied across subgroups of women with different 
breast parenchyma characteristics. 

Sensitivity, specificity, and ROC  

For a lesion detection tasks (as in Paper IV), sensitivity and specificity are key 
statistical metrics. Sensitivity describes how effectively true lesions are identified, 
while specificity reflects how accurately non-lesion cases are recognized as normal 
(Figure 23).  

 

Figure 23. Sensitivity and specificity 
The figure shows the four possible outcomes of a diagnostic test: true positives (TP), false negatives 
(FN), true negatives (TN), and false positives (FP). Sensitivity is defined as the proportion of correctly 
identified diseased individuals. Specificity is defined as the proportion of correctly identified healthy 
individuals. Together, these measures describe the test’s ability to distinguish between the presence 
and absence of disease. In the figure, color represents the ground truth: pink indicates cases with a 
lesion, while green indicates cases without a lesion, independent of the test result. 

A frequently used statistical tool for comparing sensitivity and specificity is 
Receiver Operating Characteristic (ROC) analysis.184,185 ROC analysis evaluates 
detection performance using the numbers of true positives, false positives, true 
negatives, and false negatives, based on a known ground truth. From these values, 
the sensitivity (true-positive rate) and false-positive rate (1 − specificity) are 
calculated and plotted against each other. By varying the operating threshold, i.e. 
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the cutoff that determines whether a mammogram is classified as having a lesion or 
not, the ROC curve illustrates the detection performance across all possible 
threshold settings. A diagonal (linear) ROC curve indicates performance no better 
than chance, while a curve that bends toward the upper left corner reflects better 
ability to distinguish between e.g. lesion-present and lesion-absent (Figure 24). The 
area under the ROC curve (AUC) is a common metric, where a larger AUC 
represents better overall diagnostic performance. 

 

Figure 24. Receiver Operating Characteristic (ROC) curve 
Illustrative example of a ROC curve. The solid curve represents a model with good discriminative ability 
between e.g. signal present (lesion) and signal absent cases (no lesion), while the diagonal dashed line 
indicates random guessing (no discrimination). The area under the curve (AUC) summarizes overall 
classification performance. 

Additional statistical concepts 

In Paper IV, logistic regression186 was used to identify which variables were 
associated with the probability of a lesion being present. For example, we compared 
variables such as breast parenchymal characteristics, density measures, or CHO 
detection scores. Odds ratios quantified how strongly each variable related to a 
lesion-present outcome. We also used mediation analysis187-189, a method that 
examines whether the effect of one variable on an outcome is partly explained 
through another variable, to evaluate whether differences in breast parenchyma 
patterns helped explain variations in detection performance across subgroups of 
women. 
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A note on hypothesis testing 

It should be noted that current recommendations in statistical practice have shifted 
from a strict reliance on hypothesis tests and p-values toward a greater emphasis on 
confidence intervals and visual assessment of data.190-192 This shift is reflected in the 
differences between Paper I and Paper III, where the statistical approaches differ 
noticeably. Paper I follows a more traditional approach with a stronger reliance on 
statistical tests, whereas later work places more weight on descriptive summaries 
and graphical evaluation. This is particularly relevant in studies involving large 
datasets, where statistical tests can easily become significant due to high statistical 
power through large sample size.193 For this reason, p-values should be used 
cautiously with such large data sets. Complementary measures, as graphical 
visualizations of data, can provide a more balanced assessment. 
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Summary of papers 

The work presented in this thesis is built around a series of interconnected studies, 
each addressing various aspects of breast modeling and VITs. The section that 
follows brings these studies together by summarizing the papers included in the 
thesis, outlining their main methodological approaches, key findings, and 
overarching conclusions. These summaries are concise, and a more detailed and 
complete understanding of the work can be found in the original publications, as 
well as in the Method and the Discussion of this thesis. 

Paper I 

In Paper I, we aimed at developing a method for simulating breast tumor growth as 
a component of a broader VIT framework. We modeled clinical tumor volume 
doubling times using a gamma distribution and sampled from it to assign realistic 
growth rates to simulated tumors. The simulated tumors were inserted into virtual 
breast phantoms. Mammograms were generated at two virtual screening time points, 
and a radiologist measured tumor size in order to estimate TVDTs from the 
simulated images (Figure 25).  

Mean TVDT were similar across datasets (Figure 26), with values of 297 ± 169 days 
in the real-world data (clinical fit), 322 ± 217 days in the simulated cohort, and 340 
± 287 days for the estimated TVDT. The median difference between simulated and 
estimated TVDT was small (12 days, corresponding to 4% of the mean clinical 
TVDT). No significant differences were found between datasets (p > 0.5). 
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Figure 25. Simulated mammograms 
Simulated mammograms of the same virtual breast at two screening time points, illustrating tumor 
growth over a 24-month interval. The tumor is indicated by the light blue arrows. The box shows how 
the radiologist performed tumor size measurements using two orthogonal lines (yellow). 

 

Figure 26. Tumor volume doubling time across datasets 
Probability density functions of TVDT derived from clinical data (real-world data), simulated tumors 
(ground truth), and radiologist-based estimations. The curves illustrate the similarity in TVDT 
distributions among the three datasets. 

Through this work, we demonstrated the potential for longitudinal virtual screening 
studies and future applications in personalized screening and tumor progression 
modeling. 
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Paper II 

In Paper II, we developed and evaluated a method for generating soft tissue breast 
lesions for virtual imaging trials, extending the simpler lesion models used in Paper 
I by introducing more complex morphologies through Perlin noise. The lesions were 
generated by adjusting Perlin noise parameters, including lacunarity and 
persistence, to achieve variability in lesion shape. The lesions were inserted into 
virtual breast phantoms to create simulated mammograms (Figure 27). Three 
radiologists then assessed lesion shape, margin, and density using BI-RADS 
descriptors for malignancy scoring, as well as overall lesion realism (Figure 28 and 
29). 

 

Figure 27. Morphological variation in simulated soft tissue breast lesions 
Simulated digital mammography images of three virtual tumors demonstrating varying shape and 
margin features, evaluated by radiologists according to BI-RADS malignancy scoring system. 

 

Figure 28. Shape and margin classification of simulated soft tissue breast lesions 
Simulated lesions were classified by radiologists according to BI-RADS malignancy scoring system. All 
shape and margin features were represented except for spiculated margins, which were not simulated. 
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Figure 29. Realism assessment of simulated soft tissue breast lesions 
Radiologists evaluated the shape, margin, and overall realism of the simulated soft tissue breast 
lesions. The majority of lesions were classified as moderate or well in terms of realism, with well being 
the most frequent category. 

The radiologists’ ratings indicated that the proposed method can reproduce 
clinically relevant lesion shapes and margin characteristics beyond simple 
geometric models. As a preliminary study, the results demonstrate the feasibility 
and flexibility of using Perlin noise for soft tissue lesion modeling in virtual imaging 
trials. 

Paper III 

In this paper, we developed a novel simulation framework, STELLA-R (Simulation 
of Temporal Evolution and LongitudinaL studies of breast Anatomy in Radiology). 
The goal was to develop a modular framework for modeling breast anatomy, breast 
density, and breast lesions, with the ability to generate virtual populations that 
reflect real-world characteristics (Figure 30).  

 

Figure 30. The STELLA-R framework 
An overview of the five modules that comprise the STELLA-R framework. The Image Generation 
module is implemented externally, as it relies on open source software. The key innovation of the 
framework is the Dynamic Simulation module, which integrates all modules (from virtual population 
creation to phantom and lesion generation) enabling simulations in which the virtual population evolve 
over time. 
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In this work, we modeled the Malmö DM screening population and captured the 
dependencies between age, breast volume, and breast density using t-copulas. We 
showed that the resulting model accurately reproduced the observed correlation 
structure among these key variables, as shown in Figure 31 and Table 3. 

Figure 31. Real-world vs. simulated data 
Comparison of real-world (dark blue) and simulated (light blue) data. The overlap between the two data 
sets (real-world vs. simulated) indicates that both the marginal behavior of each variable (diagonal 
histograms) and the pairwise dependencies between variables (off-diagonal scatter plots) are 
accurately reproduced. 

Table 3. Quantitative comparison between real-world vs. simulated correlations 
For each variable pair, we present Kendall’s tau correlation 𝜏 from the real-world data (𝜏௥) and the 
bootstrap-averaged 𝜏 from 100 simulated samples (𝜏௦), together with the 95% confidence intervals (CI, 
lower and upper) for 𝜏௦. Also reported is ∆𝜏, the difference between real-world and simulated correlations. 

Variable pair Real-
world 
 𝝉𝒓 

Mean 
Simulated 𝝉𝒔 

95% CI of 
simulated  𝝉𝒔  

Mean 
difference  ∆𝝉 

Breast volume;densevolume 0.444 0.446 0.438 – 0.452 0.001 

Breast volume;age 0.112 0.116 0.109 – 0.123 0.004 

Breast volume;Δbreast 
volume 

-0.024 -0.032 (-0.040) – (-0.025) -0.009 

Breast volume;Δbreast 
density 

0.044 0.047 0.038 – 0.055 0.003 

Dense volume;age -0.103 -0.101 (-0.108) – (-0.092) 0.002 

Dense volume;Δbreast 
volume 

-0.012 -0.022 (-0.030) – (-0.014) -0.010 

Dense volume;Δbreast 
density 

0.126 0.126 0.118 – 0.134 0.000 

Age;Δbreast volume -0.048 -0.046 (-0.055) – (-0.038) 0.001 

Age;Δbreast density 0.009 0.012 (0.002) – (0.021) 0.003 

ΔBreast volume; Δbreast 
volume 

-0.350 -0.348 (-0.356) – (-0.340) 0.002 
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Temporal changes in breast density and volume were simulated using data from two 
consecutive screening rounds. Density involution was modeled by gradually 
adjusting Perlin noise-based tissue thresholds, allowing progressive reductions in 
fibroglandular tissue over time. Lesion behavior was modeled independently using 
a linear tumor volume growth model, with growth rates sampled from the Malmö 
TVDT cohort. The resulting simulations reproduced expected longitudinal trends. 
Example cases demonstrated density reductions of 14%, 9%, and 6%, while overall 
density accuracy remained within 2% of the target values (Figures 32 and 33). 

 

Figure 32. Time-evolving phantom 
Example of a time-evolving breast phantom illustrating age-related reduction in fibroglandular tissue. 
Cross-sectional views are shown for a virtual patient at ages 40, 57, and 74 years, with corresponding 
volumetric breast densities of 14%, 9%, and 6%, respectively. 
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Figure 33. Time-evolving phantom: DBT reconstruction 
DBT reconstructions of the same time-evolving breast phantom shown in Figure 32, illustrating age-
related reduction in fibroglandular tissue. Reconstructions are shown for a virtual patient at ages 40, 
57, and 74 years, with corresponding volumetric breast densities of 14%, 9%, and 6%, respectively. 

We demonstrated that the proposed framework accurately captures population 
characteristics and longitudinal trends, and enables their transformation into 
corresponding virtual breasts. 

Paper IV 

In this paper we investigated how breast density and parenchymal structure 
influence lesion visibility in DBT. The central aim was to support efforts to reduce 
inequalities in breast imaging outcomes by assessing whether differences observed 
between participants from different ethnic backgrounds reflect underlying 
individual tissue characteristics, rather than being related to ethnicity itself. 
Ethnicity was self-reported and used as a sociodemographic variable reflecting lived 
experience and social context. Women were stratified into non-Hispanic White 
(NHW), non-Hispanic Black (NHB), or Asian American and Pacific Islander 
(AAPI).  

This retrospective case-control study included DBT examinations from 902 women 
(451 cases and 451 matched controls), as illustrated in Figure 34. Cases and controls 
were matched on BI-RADS density category (A–D), self-reported ethnicity and the 
closest age at screening.  
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For each case, a simulated spiculated mass (generated by combining lesion models 
from the STELLA-R and VICTRE pipelines) were inserted into prior DBT 
projections in which the real (non-simulated) lesion was not yet visible (Figure 35). 
DBT images were then reconstructed (Figure 35). 

 

Figure 34. Study cohort for Paper IV 
From the eligible exams, 451 screen-detected and interval cancer cases (follow-up: ~6 years) and 451 
controls (true negatives) were selected and matched 1:1 based on BI-RADS density category (A–D), 
self-reported ethnicity and age at screening. For all cases, a prior DBT acquistion was available (n = 
451) and used to generate a corresponding set of DBT images with a simulated lesion inserted (n = 
451). Dark blue boxes indicate the final refined datasets used in the study, the grey box indicates 
exclusion criteria.  

  



81 

 

Figure 35. Hybrid approach: simulated lesion inserted into real DBT image 
Illustration of cases generated using a hybrid approach that combines simulated lesions with real DBT 
images. The top row shows a cross-sectional slice of the lesion, with internal texture generated using 
Perlin noise (left), and a 3D rendering of the spiculated lesion shape produced with the VICTRE 
pipeline (right).The bottom row shows the lesion inserted into a projection image (left) and in the 
reconstructed DBT slice (right). The insertion site is indicated by the blue square. 

Lesion detectability was quantified using the MeVIC CHO model observer and 
tissue complexity was characterized using radiomics features. Outcomes were 
analyzed using ROC curves and regression models. Mediation analysis was applied 
to assess the hypothesized causal relationship between breast density, parenchymal 
structure, and ethnicity in relation to lesion detectability. 

The analysis showed a consistent decline in detectability as density increased 
(Figure 36). NHB women had slightly higher odds of lesion detectability (3%). 
Mediation analysis indicated that between 38% and 55% of the apparent ethnicity-
related variation in detectability was explained by density alone. These findings 
emphasize that parenchymal complexity, and not ethnicity, is the factor influencing 
lesion detectability.  

  



82 

 

Figure 36. ROC analysis 
ROC curves stratified by BI-RADS breast density categories (A–D) are shown in the left panel, and in 
the right panel by ethnicity: non-Hispanic White (NHW), non-Hispanic Black (NHB), and Asian 
American and Pacific Islander (AAPI). 

These results underscore the importance of accounting for individual tissue 
characteristics and suggest that parenchymal patterns may help guide more 
personalized screening strategies, supporting more equitable lesion detection across 
patients.  
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Discussion 

With all four papers presented, this section first provides an overview of the thesis 
contributions to the field. It then discusses each paper in relation to the overarching 
aims of the thesis. The discussion then expands to consider the thesis as a whole, 
addressing methodological limitations and placing the thesis in a broader context. 
This includes reflection on wider questions related to virtual imaging trials, such as 
ethical consideration, trust, and other aspects related to the acceptance of VITs in 
clinical practice. 

Contributions to the field 

Prior to this thesis, virtual imaging trials in breast imaging offered strong 
experimental control but were often limited by a few recurring gaps that reduced 
their ability to address clinically relevant screening questions over time. These gaps 
included: 

 Restricted lesion realism, where lesion models were frequently 
geometrically simplified and typically lacked internal heterogeneity. 

 Insufficient population representativeness, as virtual cohorts were 
commonly based on representative parameter settings rather than being 
sampled directly from real-world cohort distributions. 

 Predominantly static anatomy, with limited ability to simulate temporal 
changes in the breast parenchyma. 

 Limited incorporation of longitudinal clinical data within unified simulation 
frameworks.  

 

This thesis was specifically designed to address these limitations through a stepwise 
methodological progression. Across Papers I–IV, the thesis introduces probabilistic 
tumor growth modeling (Paper I), advances lesion morphology and parenchymal 
simulation using Perlin noise-based approaches, including the incorporation of 
internal tumor heterogeneity (Papers II–III). Moreover, it establishes 
comprehensive longitudinal population modeling using multivariate real-world 
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distributions, while explicitly modeling temporal breast changes such as tissue 
involution (Paper III). The thesis also demonstrates how the developments can be 
used for controlled hypothesis testing using a hybrid virtual imaging trial design 
(Paper IV). Together, these developments directly target the gaps by increasing 
anatomical realism and variability, improving population-level representativeness, 
and enabling dynamic simulations that capture temporal anatomical change. 

These advances culminated in the STELLA-R framework, which integrates the 
developments into a unified longitudinal pipeline, thereby moving beyond 
traditional static phantoms toward dynamic, data driven breast VITs.  

The thesis also demonstrates the power of modular, collaborative development. 
Spiculated lesion models, projection physics, reconstruction algorithms, shape 
outlines, and noise models from multiple contributors came together in a unified 
system. The result is a pipeline designed not only for theoretical investigation but 
for translational use, bridging imaging physics, radiology, tumor biology, and 
statistical modeling.  

Paper I 

In this first study, we introduced an initial approach for simulating tumor growth 
within a virtual breast imaging framework, applicable for both DM and DBT 
imaging. Paper I served as a necessary starting point, a way to map the current 
possibilities and limitations for simulating tumor growth within virtual imaging 
trials. It also acted as a springboard for follow-up papers and projects, both in terms 
of improving lesion realism and in refining the simulation of temporal changes.  

The methodology related to Paper I was well received within the VIT community, 
particularly the integration of probabilistic tumor growth distributions into virtual 
breast imaging pipelines, which to our knowledge had not been done before. The 
design principles introduced here, such as selecting appropriate statistical 
distributions and sampling from them to generate realistic virtual populations, 
remain highly relevant for this type of work. The paper provides a methodological 
foundation for how such modeling can be carried out, underscoring the translational 
nature of the project: it brings together imaging physics, tumor biology, and the 
substantial mathematical and statistical framework required to model growth in a 
realistic and reproducible way. 

A fundamental challenge in tumor growth modeling is that, for ethical reasons, 
tumor progression cannot be monitored in vivo with frequent imaging. To create a 
growth model, at least two imaging time points are needed where the tumor is 
measurable (for example, two screening rounds), or an additional assumption that 
provides a baseline when the tumor is not visible on the earlier exam. In such cases, 
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growth estimation can be enabled by assuming a reasonable starting size (e.g., 5 
mm), as was done in the original study that provided our real-world TVDT data.165 
However, the sparsity of measurements and the need for assumptions limit research 
on long-term biological progression at the individual level, making it necessary to 
rely on mathematical growth models. For Paper I we selected an exponential growth 
model, which is commonly used and supported in the literature. However, 
exponential growth may overestimate tumor progression at larger sizes, as real 
tumors often exhibit slowed growth due to biological constraints such as limited 
nutrient supply.57,194  

In Paper I, lesions were modeled as spheres, resulting in limited morphological 
variability compared with clinical tumors. This simplification ensured highly 
reproducible size measurements and enabled clean, controlled comparisons between 
clinical and simulated TVDTs. This highlighted the value of introducing more 
clinically representative morphological variation, directly motivating Paper II, 
where we expanded the lesion model to include more complex and realistic shapes 
using Perlin noise. Although mammographic detectability tends to increase with 
tumor size71, Paper I showed no clear differences in measurement difficulty between 
small and large tumors. This could suggest that morphology and parenchymal 
masking may be more important drivers than size alone, and that increased 
morphological complexity is an important next step for capturing a wider range of 
measurement challenges.  

Paper I also made clear that incorporating breast density and temporal breast 
changes would be important for moving toward more realistic scenarios. Breast 
density influences lesion visibility and measurement uncertainty, but the tumor and 
breast models available at the time were not yet sufficiently advanced to support 
meaningful density-stratified analyses. In addition, temporal changes in the breast 
parenchyma were not modeled, even though such changes may affect tumor size 
estimation across screening rounds. These insights naturally shaped the direction of 
the thesis and became key motivations for Paper II and III, where more advanced 
lesion models and temporal breast changes were explicitly simulated within the 
virtual cohort. 

Paper II 

In this study, we introduced Perlin noise as a novel method for simulating breast 
lesions, an approach that, to our knowledge, had not previously been applied to 
breast tumor modeling. Our primary aim was to explore whether Perlin noise could 
generate plausible variation in lesion appearance, particularly in terms of shape and 
margin characteristics as defined by the BI-RADS 5th Ed. classification system for 
likelihood of malignancy.52 By systematically tuning the amplitude and frequency 
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components of the noise function, we demonstrated that this method could 
reproduce a broad spectrum of lesion morphologies in a controlled and reproducible 
manner. This flexibility represented a significant advantage over earlier 
geometrically constrained models.137-139 

The behavior of Perlin noise also helped define where complementary modeling 
approaches are needed. In particular, Perlin noise is inherently smooth, which makes 
it well suited for rounded or irregular mass shapes but less capable of producing the 
sharp structures that characterize spiculated lesions. For this reason, spiculation 
could not be modeled in Paper II. In addition, at the time of Paper II, we had not yet 
implemented a strategy for introducing internal structural heterogeneity within the 
lesion. This limitation later became a clear development target and was addressed 
in Paper III, where internal heterogeneity was incorporated into the modeling 
framework. 

A part of the work was dedicated to assessing the realism of the simulated lesions. 
Realism in a simulation context is inherently difficult to quantify. In our observer 
study, most lesions received realism ratings of “moderate” or “well”. However, in 
hindsight, the concept of “realism” could have been examined more critically, which 
was partly addressed by asking more detailed questions about visual appearance. 
Importantly, the generated lesions fell into clinically meaningful categories: round, 
oval, irregular shapes and circumscribed, microlobulated, obscured, or indistinct 
margins. This indicated that it is possible to produce the types of visual patterns 
radiologists rely on in practice with Perlin noise. This study also helped identify 
which parameter settings and lesion types were suitable for this modeling approach. 
It provided an early mapping between Perlin noise parameters and the resulting 
shape–margin, and served as a first optimization step. 

This paper also marked an early step in demonstrating the broader potential of noise-
based modeling for breast imaging, moving beyond early studies that utilized e.g. 
power-law noise.129 Perlin noise, and its expansion toward simplex noise, have been 
adopted in other virtual frameworks, as OpenVCT and VICTRE.148,149 These 
developments underscore the value and scalability of noise-based anatomical 
modeling. It is therefore encouraging that this study was able to show early that 
breast tumor morphology can be modelled effectively using Perlin noise, providing 
a foundation for more advanced simulation frameworks. 

Altogether, this study served as a proof of concept demonstrating that Perlin noise 
can be used to model breast lesion morphology with clinically recognizable features. 
The work established a methodological foundation that has since influenced both 
our own subsequent research and developments in the broader simulation 
community. It showed that noise-based modeling is not only feasible but also highly 
promising for generating lesion variability in virtual imaging trials, an encouraging 
step toward richer and more realistic simulation environments. 
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Paper III 

Paper III emerged as the pinnacle of our joint work on longitudinal virtual imaging 
trials. Over the years, several smaller projects, many of which resulted in conference 
papers, were gradually brought together under a single framework when we decided 
to establish a dedicated pipeline for longitudinal VITs: the STELLA-R pipeline. 
Drawing on feedback and insights accumulated throughout these earlier studies, we 
aimed to address the remaining gaps. This meant incorporating lesion location 
probabilities, modeling temporal parenchymal changes such as tissue involution, 
introducing internal lesion heterogeneity, and constructing more advanced virtual 
populations using larger datasets and multivariate distributions that preserve real-
world correlations between variables such as breast density and breast volume. 

It is important to acknowledge that this work was truly a collaborative achievement. 
The last module in the framework “Image Generation” (Figure 30), relied heavily 
on contributions from other researchers in the field, for example, spiculated lesion 
modeling from the VICTRE framework114, noise modeling168, breast shape 
outlines163,164, projection and reconstruction algorithms169, and image analysis 
tools170. The pipeline exemplifies what can be achieved when a community adopts 
an open and generous mindset.  

Building on the longitudinal capabilities already implemented in the STELLA-R 
framework, further progress will depend on access to larger and richer longitudinal 
clinical datasets. Such data are essential if we want to validate simulated trajectories 
at an individual level. Current simulations rely on population-level patterns, which 
are difficult to translate to personal growth trajectories. As the MBIG dataset 
continues to expand, we aim to integrate more longitudinal data points per 
individual, enabling us to model changes in breast density and volume over much 
longer time spans.171 Tumor growth will remain challenging to validate in this way 
due to ethical constraints, but more extensive datasets would nonetheless allow us 
to move toward stronger prediction models for density and parenchymal change, 
benefiting not only the VIT community but also risk-prediction modeling more 
broadly. These developments highlight the role of large datasets in advancing the 
field. 

In the current implementation, the pipeline does not include a dedicated breast 
compression module. Existing modules, such as those provided by OpenVCT or 
VICTRE, can instead be incorporated with suitable plugin adaptations.112,195 We did 
however note the ongoing development of such a module specific for the Perlin 
noise phantoms by Markbo et al.154 Likewise, we reference the possibility of 
incorporating scattered radiation simulation, as demonstrated by Díaz et al.158 
Another important future direction is to make the pipeline more practically 
accessible and adjustable. A compact and user-friendly interface would allow users 
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outside physics and engineering, clinicians, statisticians, and imaging researchers, 
to explore and apply the simulation tools more easily.  

At the time of writing this thesis, Paper III has only recently been published, and the 
future use and development of the proposed pipeline are yet to be established. Its 
practical use in virtual imaging trials may be either as a complete framework or 
through modular adoption of its individual components, such as for Paper IV. 

Paper IV 

Complete experimental control over subject characteristics, such as tumor size, 
shape, and spatial location within the breast, would be highly advantageous in 
clinical studies, yet is fundamentally unattainable in vivo. VITs offer a partial 
solution to this limitation by enabling controlled and repeatable experimental 
conditions. Paper IV therefore represents an important step toward demonstrating 
the value of in silico trials in breast imaging research. In this respect, it is 
conceptually aligned with the VICTRE and OpenVCT trials16,116, which compared 
lesion detection performance between DBT and DM. This illustrates how virtual 
trials can be used to test clinically motivated hypotheses within a controlled 
environment. 

Trials, like this one, provide support for assessing whether clinical observations 
remain valid when confounding factors, such as differences in lesion morphology, 
lesion location, or reader variability, are minimized. In Paper IV, we demonstrated 
that lesion detectability decreases with increased BI-RADS density category (A–D). 
The controlled framework further allows systematic lesion insertion across multiple 
breast regions, revealing that BI-RADS C breasts can be as challenging for lesion 
detection as BI-RADS D breasts, as seen in Figure 36. This has implications for 
ongoing discussions on personalized breast cancer screening. 

As personalized screening strategies gain increasing attention, careful consideration 
is required when stratifying women for supplemental imaging, such as suggesting 
MRI for women with dense breasts. Restricting such strategies solely to women 
classified as BI-RADS D may be overly simplistic, as BI-RADS C breasts can 
contain highly complex and heterogeneous fibroglandular patterns that mask 
lesions. This further strengthens the motivation to define BI-RADS categories based 
on parenchymal complexity and masking risk, rather than relying solely on 
percentage breast density.196 This is reflected in the evolution from the percentage-
based definitions of the BI-RADS 4th Edition to the parenchymal pattern-focused 
descriptors introduced in the BI-RADS 5th Edition.197 Software-based methods 
have already been shown to be more predictive than volumetric breast density alone 
for assessing masking risk.198,199 
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By controlling lesion insertion and enabling multiple lesions with known ground 
truth within a single breast volume, combined with the use of virtual observers that 
are not affected by fatigue, bias, or inter-reader variability, this study enables a 
rigorous and controlled investigation of lesion detectability across density 
categories and across cohorts stratified by ethnicity. Importantly, the work also 
demonstrates the feasibility and value of the proposed hybrid framework and, to the 
best of our knowledge, represents the first application of Perlin noise within such a 
hybrid breast imaging simulation framework. 

However, because this hybrid trial is conducted under highly controlled conditions, 
the findings primarily reflect lesion detectability driven by image characteristics. As 
such, the study does not fully capture the complexity of performance in a real 
clinical screening setting. For example, detection performance observed in clinical 
practice may also be influenced by differences in adherence to screening programs. 
Regular screening attendance allows radiologists to compare current images with 
earlier examinations (prior images), making it easier to identify subtle changes over 
time, distinguish true abnormalities from normal anatomical variation, and thereby 
reduce false positive findings.4 Socioeconomic factors, which affect screening 
participation, may therefore act as important confounders that are not captured 
within a virtual trial framework. And as mentioned earlier, human readers are 
inherently prone to both intra-reader and inter-reader variability, which can 
influence diagnostic consistency. Nevertheless, the present study highlights 
parenchymal complexity as an important factor influencing cancer detection. 

Future investigations should extend this work by incorporating more comprehensive 
models of the screening process, with possibility of modeling more advanced tumor 
and patient characteristics. One such effort is the STELLA-R framework (Paper III), 
which aims to incorporate a broader range of population characteristics, particularly 
changes over time. It is important to continue examining differences in cancer 
detection between BI-RADS C and BI-RADS D breasts in a clinical setting. This 
issue is partially addressed in the BI-RADS 5th Edition, which incorporates aspects 
of parenchymal complexity rather than relying solely on percentage dense 
volume.197 In the future, radiomics-based analyses of parenchymal patterns for 
mammographic risk assessment198,199, together with models integrating imaging and 
population-based risk factors200-202, may support a transition from BI-RADS-based 
assessment to fully quantitative risk assessment. 
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General limitations 

Population specificity and generalizability 

Although this thesis advances several methodological components of virtual 
imaging trials, it is important to acknowledge its overarching limitations. First, the 
simulations (Paper I–III) were developed and validated primarily using data from a 
single geographical and clinical population, the Malmö-based Swedish screening 
cohort. While the modeling framework is designed to be generalizable, there is no 
guarantee that parameterizations derived from one population will transfer 
seamlessly to others. Differences in breast density distributions, age structure, 
screening intervals, imaging practices, and tumor phenotypes may influence model 
behavior. In practice, extending this framework to a new population would require 
its own appropriate model fitting. We strongly anticipate that the methodology 
would apply broadly, assuming the availability of epidemiological and imaging data 
to support model fitting and validation. 

Use of population-level averages 

Several aspects of the modeling rely on population-level averages rather than fully 
personalized data. Tumor growth distributions, density involution patterns, and 
multivariate correlations were estimated from available datasets that contain only a 
limited number of longitudinal time points per individual. The longitudinal digital 
twins produced in this thesis should therefore be interpreted as plausible population-
based trajectories rather than personalized predictions.  

Anatomical modeling constraints 

The anatomical models in this work still rely on simplifications that come with using 
noise-based methods. Perlin noise is flexible and reproducible, but in its current 
implementation it can only approximate the actual biological structures of the 
breast. Features such as Cooper’s ligaments, vascular structures, and fine 
parenchymal patterns are therefore represented in a simplified manner rather than 
mapped explicitly to real anatomy. In principle, these structures could be modeled 
more accurately, but doing so would require a dedicated project based on specialized 
anatomical datasets, which was beyond the scope of this thesis. For many imaging 
tasks, such as studying noise behavior or reconstruction parameters, the current level 
of anatomical approximation is sufficient. 

Moreover, the pseudo-random nature of Perlin noise limits the ability to control the 
spatial directionality of generated structures. In real breast tissue, anatomical 
structures tend to converge toward the nipple, a directional organization that is 
difficult to explicitly encode within the current algorithm. 
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Imaging-system modeling constraints 

STELLA-R is a modular simulation pipeline that can be adapted to different 
imaging configurations, including vendor-specific setups. In this thesis, the 
projection and reconstruction methods for DM and DBT were evaluated under a 
limited range of acquisition conditions. As a result, the findings may not fully reflect 
differences in detector technology, post-processing, imaging parameters, or 
compression geometry across clinical systems. Moreover, the Perlin noise phantoms 
and their use in other imaging environments, such as ultrasound, CT, and MRI, has 
not yet been demonstrated. 

Validation constraints 

Finally, although this thesis brings together multiple components into a cohesive 
longitudinal VIT pipeline, validation is still constrained by the availability of 
longitudinal clinical data. Current datasets limit the extent to which temporal 
changes can be confirmed on an individual level.  

Virtual imaging trials in a broader context 

Realism and purpose driven virtual imaging trials 

A central theme across this thesis is the role of realism in virtual imaging trials. 
Within the VIT community, we often talk about the need for realism and validation, 
yet realism is often treated as a universal goal. The term “realism” is borrowed from 
art and literature, referring to a style that attempts to depict things exactly as they 
appear in real life. This analogy is imperfect in a scientific context. Simulating the 
human body is not comparable to painting on a canvas, because we are not only 
trying to reproduce visual appearance, we are also modeling anatomy at multiple 
scales, physiology, and sometimes mechanistic or biological behavior. This raises 
an important conceptual question: What does realism actually mean in virtual 
imaging trials? If realism were defined as perfectly modeling everything that occurs 
in the human body, it would be an impossible standard, because we do not fully 
understand all biological processes ourselves. 

Through the development of Perlin noise-based breast models and virtual 
population modeling, this thesis illustrates that realism is not an absolute objective 
in virtual imaging trials. Instead, the level and type of realism required are inherently 
task dependent, as also noted by Abadi et al.125 Different research questions demand 
different levels of anatomical, physiological, or biological level of detail, and one 
model cannot serve all purposes equally well. 
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In this context, it is helpful to consider the types of tasks that virtual imaging trials 
are designed to support and how these tasks determine the realism required. VITs 
can address physics driven system studies, lesion detection tasks, observer 
performance studies, population level screening analyses, and longitudinal 
modeling. Each category demands a different degree of anatomical and 
physiological accuracy. For example, system performance or reconstruction studies 
primarily require accurate physics and signal modeling, and therefore limited 
anatomical detail can still be sufficient. Observer performance tasks depend on 
realistic lesion shapes, margins, and parenchymal backgrounds. Population-based 
studies rely on correct statistical correlations between variables such as age, density, 
and volume, while longitudinal VITs such as those developed in this thesis, require 
realistic temporal behavior rather than microstructural accuracy. By explicitly 
linking realism to the purpose of the study, we can determine when a model is 
“realistic enough,” avoid unnecessary complexity, and design simulations that are 
fit for purpose. 

Therefore, the field must define realism in a more practical and goal-oriented way. 
FDA recently published guidance on assessing the credibility of VITs, emphasizing 
that credibility should be evaluated in relation to the question of interest.117 
However, the guidance provides a general framework for assessing credibility, and 
does not specify which anatomical details are required for a given application. For 
example, a radiologist’s inability to distinguish real from simulated lesions in a 
visual grading analysis may be a sufficient and meaningful definition of realism for 
image quality or detection tasks. This does not require the model to simulate every 
biological detail of a tumor, it requires the simulated lesion to have features that are 
relevant for the purpose of the study. By clarifying what realism means in specific 
contexts, VITs can build stronger foundations and gain greater trust, much like 
physical technical phantoms are trusted for image quality assessment despite 
completely lacking any resemblance of human anatomy. 

Moreover, Abadi et al. highlight the need for virtual patient representations that are 
not only realistic but also sufficiently diverse and are “going beyond 
anthropomorphic reference phantoms with population-average characteristics”.125 
This perspective directly aligns with the virtual population modeling performed in 
this thesis. 
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Ethical considerations and the role of VITs in replacing or reducing 
clinical trials 

Virtual imaging trials carry important ethical advantages. Tumor growth, repeated 
imaging, and radiation exposure cannot be studied freely in vivo, making many 
research questions ethically inaccessible in clinical populations. Longitudinal VITs, 
like those developed in this thesis, allow temporal studies that would be impossible 
or unethical in human subjects, for example, tracking tumor growth across multiple 
hypothetical screening rounds or isolating the effect of breast involution and density 
change on lesion detectability. 

By using VITs, we avoid exposure of patients to repeated radiation, invasive 
procedures, or follow-up requirements solely for research purposes. At the same 
time, ethical responsibility requires transparency: simulated data must not be 
mistaken for clinical evidence, nor used to replace human trials prematurely. FDA 
guidance emphasizes that VIT credibility should be evaluated in the context of use, 
including the consequences of decisions based on model outputs.117 As a general 
rule, VITs can inform study design, complement clinical evidence, and help refine 
research questions, but claims about replacing clinical trials should be made 
cautiously, in proportion to the potential consequences of decisions based on the 
results. This thesis reinforces that VITs are ethically valuable tools when used 
appropriately, especially for exploring scenarios where clinical trials are impractical 
or unethical. 

Trust, validation, and the acceptance of virtual imaging trials 

For VITs to gain broad trust among clinicians, regulators, and industry, they must 
undergo rigorous validation. Despite more than two decades of development, key 
challenges remain for VITs within breast imaging, such as limited longitudinal 
datasets or incomplete representation of biological processes. The longitudinal 
components and incorporation of real-world data in this thesis represent an 
important step toward addressing these gaps. 

Trust requires convincing evidence that simulations can reliably predict clinical 
behavior. This includes having probabilistic models validated against real-world 
clinical datasets, comprehensive visual grading analyses for anatomical plausibility, 
as well as transparent reporting of model assumptions and uncertainties. Similarly, 
ongoing discussions emphasize the importance of transparency regarding the data 
used to develop a model, including the populations on which it was trained, the 
imaging modalities involved, and other relevant characteristics, in order to 
appropriately inform users of VITs. Recent collaborations within the VIT 
community have also produced containerized environments that package and bridge 
simulation components, making workflows more modular and easier to share, 
promoting transprancy.203  
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Equally important is the need for stronger engagement beyond the research 
community, as also covered by Samei et al.204 The field remains small, and progress 
slows when developers work in isolation. Trust in VITs will grow not only through 
validated methods, but also through active dialogue with radiologists, technologists, 
nurses, and other clinical stakeholders. Just as the rise of AI has shown, early 
transparency and collaboration are essential for gaining acceptance of new 
computational tools. By sharing datasets, explaining model assumptions, and 
inviting clinical perspectives early in the development process, VITs can move from 
a niche research topic toward a technology that clinicians feel confident using in 
practice. Broader community trust will increase when VITs consistently reproduce 
clinical patterns, as demonstrated in Paper IV. It will also depend on adherence to 
existing standards, such as those established by dedicated task groups125 and the 
FDA.117 
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Conclusions 

This thesis advances virtual imaging trials by improving the realism of 
computational phantoms and virtual populations, and by enabling longitudinal 
simulations grounded in real-world data. Through the development of the STELLA-
R pipeline, this thesis expands the capabilities of virtual imaging and strengthens 
the methodological infrastructure of the field. 

Specifically, the thesis concludes that: 

 Computational phantom realism can be improved by incorporating Perlin 
noise to reproduce clinically recognizable radiographic characteristics of 
soft tissue breast lesions, and to simulate heterogeneous breast density 
patterns that reflect observed anatomical variability and tissue involution.  

 Realistic virtual populations can be created by fitting univariate and 
multivariate models to real-world datasets and sampling from the resulting 
distributions, thereby capturing population-level variation and correlation 
between anatomical and physiological characteristics.  

 Clinically plausible longitudinal simulations can be achieved by using real-
world data to model changes over time, including tumor growth and 
temporal evolution in breast anatomy such as breast density and breast 
volume.  

 The STELLA-R framework integrates these contributions in a modular and 
extensible pipeline, allowing individual modules to be used independently 
or in hybrid studies that e.g. combine simulated and real data.  

Taken together, this thesis shows that VITs can be strengthened through data driven 
methods, enabling more clinically meaningful virtual trials for breast imaging 
research and evaluation. 
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Future perspectives 

Toward more clinically relevant simulation models 

A key direction for future work is to increase clinical relevance by moving from 
primarily appearance-driven modeling toward models that also reflect 
histopathological and molecular subtypes. This would require clearer definitions of 
how tumor biology should translate into radiographic appearance – an area that 
remains a somewhat open research question.59,87,88,205 Based on current clinical 
knowledge, it is possible to formulate plausible assumptions about subtypes, e.g. for 
the simulated lesions in Papers I and II, related to their differences in growth and 
appearance. However, a direct one-to-one matching between simulated lesions and 
histopathology cannot be established in current VITs.  

Future tumor growth models could include more advanced cell-cycle dynamics or 
microenvironmental constraints and represent tumor growth as continuous 
processes instead of discrete time points. Recent work is trending in this direction 
by coupling growth to local mechanical resistance, but these models are not 
calibrated to patient-specific growth rates.162 This limits their ability to reliably 
address time-dependent research questions e.g. evaluating screening intervals, time-
to-detection, or other relevant predictions that depend on realistic growth kinetics.  

As richer longitudinal datasets become available, growth and appearance models 
could be refined to incorporate clinically meaningful covariates such as age and 
molecular subtype, supporting more realistic simulations of heterogeneous disease 
trajectories. Today we know that older women are more likely to present with 
slower-growing, less aggressive tumors than younger women.206-208 These factors 
are likely to influence growth characteristics and should be considered in future, 
more refined simulation frameworks. 

In parallel, strengthening the anatomical correspondence of noise-based breast 
models would further support clinical interpretability. While simulated tissue 
generated through Perlin noise can achieve visually realistic mammographic 
appearance, a more explicit mapping between anatomical structures and model 
parameters would enable clearer statements about which anatomical structure a 
specific noise pattern represent. Ongoing work linking parameter tuning to 
volumetric breast density is a step in this direction and would further strengthen the 
biological and radiographic relevance of the model.  
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Data driven modeling and AI integration 

Access to large longitudinal datasets will play an increasingly important role in 
shaping the next generation of virtual imaging trials. These data give simulations a 
stronger grounding in real-world patterns of anatomy and disease, allowing models 
to reflect how breasts change over time. As big data resources continue to grow, 
such as the M-BIG data set171, they offer an opportunity to enrich our simulations 
with greater diversity and nuance, ultimately making them more meaningful and 
trustworthy. This goes along with the emerging idea of digital twins, computational 
models of individual patients.204,209 This also offers an exciting future direction, but 
one that will demand even more stringent validation.  

Artificial intelligence has found its way in almost all corners of society and has also 
become established in advanced simulation workflows.210 For example, generative 
adversarial networks (GANs) have been used to produce synthetic lesions and 
mammograms211-213, and have shown promise for generating mammograms 
spanning different breast densities.214  However, while generative AI can create or 
modify anatomy, it may introduce artifacts215 and should not be viewed as a 
replacement for physics-based simulation. Physics-based models, such as the ones 
presented in STELLA-R, remain essential because they simulate the full imaging 
chain, including X-ray interactions, tissue composition, scatter, noise, and detector 
response. 

The choice of simulation model will always depend on the task at hand. For 
anatomical diversity or population-level variation, AI-generated structures may be 
sufficient. For tasks requiring accurate image formation or dose realism, physics-
based models remain essential. A combined approach, where AI-generated anatomy 
is constrained by physical imaging principles, is likely the most practical path 
forward. For example, Perlin noise could be combined with a GAN to generate 
controllable parenchymal patterns or lesion shapes, while the GAN refines 
anatomical variations to achieve realistic texture and appearance. The physics model 
would still determine how the resulting anatomy compresses, attenuates X-rays, and 
appears in mammography or DBT. In this way, AI contributes with variability, and 
physics ensures scientific and imaging accuracy. 

Standardized benchmarking 

As virtual imaging trials advance, standardized benchmarking is becoming crucial 
for establishing which simulation results can be trusted. Benchmarking involves 
testing different models under the same conditions using shared datasets and agreed-
upon evaluation metrics. Without this, it becomes difficult to compare methods or 
assess how closely simulations reflect clinical reality. In this context, a relevant next 
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step for STELLA-R would be to work toward the validation and certification 
required for potential clinical use. 

Successful examples from AI research illustrate the impact of well-designed 
benchmarks. Initiatives such as the RSNA Screening Mammography Breast Cancer 
Detection AI Challenge216 or platforms such as MICCAI (The Medical Image 
Computing Assisted Intervention Society)217 that promote challenges have 
accelerated progress by providing common training datasets and transparent scoring 
systems. These efforts have shown how shared benchmarks create clarity, enable 
fair comparisons, and build community confidence. Virtual imaging trials have also 
begun to adopt challenge-style benchmarks, which is a promising sign for future 
standardization and more comparable evaluation.218 Extending this coordinated 
approach to virtual imaging trials in breast imaging would be a natural next step.  

Commercialization 

For virtual imaging trials to move toward commercial use, several elements must 
come together. First, the core simulation framework must be stable, validated, and 
able to reproduce imaging physics reliably across different scenarios. If the software 
is intended for use in clinical decision support or device evaluation, regulatory 
considerations such as documentation, verification, and quality management 
become necessary as recommended in the FDA guidelines.117 Commercialization 
also requires a clear strategy for licensing and intellectual property, as well as 
computational infrastructure that can scale to large datasets and multi-user 
environments.  

A major barrier to wider uptake is the usability of VIT platforms. For these tools to 
reach clinicians, engineers, and statisticians who are not programmers, they must 
include intuitive, user-friendly interfaces with clear workflows and built-in presets. 
Progress in this direction has begun through containerization and modular 
simulation platforms, which make deployment and configuration more consistent 
through various simulation platforms.203 However, there is still substantial potential 
to further lower the barrier to use through more polished graphical interfaces. These 
considerations also apply to STELLA-R, even if the immediate goal is not 
commercialization, improving accessibility is a key next step for broader adoption. 
In practice, this motivates translating STELLA-R to Python, packaging it in a 
containerized workflow, and developing a graphical user interface with guided 
presets and clearly defined analysis paths.  

Ultimately, commercial adoption will depend on demonstrating clear value, for 
example, by reducing the cost of imaging system development or improving the 
design of screening studies, while maintaining transparency through open-science 
principles wherever possible. 
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Final words 

I am hopeful that the growing VIT community will continue to advance 
benchmarking efforts through coordinated organizational initiatives. Virtual 
imaging trials hold considerable promise, provided that their scope and evaluation 
tasks are clearly defined. The ability to generate simulations that are realistic enough 
to challenge human observers is a powerful demonstration of what these methods 
can achieve. I also see great potential in hybrid study designs, such as the approach 
used in Paper IV, where simulations and clinical data inform one another. In this 
context, I hope to see STELLA-R develop into a more accessible, big-data-driven 
simulation platform that can support larger longitudinal virtual imaging trials. 
Continued progress in this field will depend on strong, collaborative efforts across 
groups, ideally working under a shared framework that promotes comparability, 
transparency, and collective development. 
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