Analyzing Tumors by Synthesis
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Abstract Computer-aided tumor detection has shown great potential in enhancing
the interpretation of over 80 million CT scans performed annually in the United
States. However, challenges arise due to the rarity of CT scans with tumors, es-
pecially early-stage tumors. Developing Al with real tumor data faces issues of
scarcity, annotation difficulty, and low prevalence. Tumor synthesis addresses these
challenges by generating numerous tumor examples in medical images, aiding Al
training for tumor detection and segmentation. Successful synthesis requires realistic
and generalizable synthetic tumors across various organs. This chapter reviews Al
development on real and synthetic data and summarizes two key trends in synthetic
data for cancer imaging research: modeling-based and learning-based approaches.
Modeling-based methods, like Pixel2Cancer, simulate tumor development over time
using generic rules, while learning-based methods, like DiffTumor, learn from a

Qi Chen
University of Chinese Academy of Sciences
e-mail: chengi24@ucas.ac.cn

Yuxiang Lai
Emory University
e-mail: ylai76@emory.edu

Xiaoxi Chen

University of Illinois Urbana-Champaign
e-mail: xiaoxic3@illinois.edu
Qixin Hu

University of Southern California

e-mail: gixinhu@usc.edu

Alan Yuille
Johns Hopkins University
e-mail: ayuillel@jhu.edu

Zongwei Zhou (1)
Johns Hopkins University
e-mail: zzhou82@jh.edu


chenqi24@ucas.ac.cn
ylai76@emory.edu
xiaoxic3@illinois.edu
qixinhu@usc.edu
ayuille1@jhu.edu
zzhou82@jh.edu

2 Qi Chen, Yuxiang Lai, Xiaoxi Chen, Qixin Hu, Alan Yuille and Zongwei Zhou

few annotated examples in one organ to generate synthetic tumors in others. Reader
studies with expert radiologists show that synthetic tumors can be convincingly re-
alistic. We also present case studies in the liver, pancreas, and kidneys reveal that AT
trained on synthetic tumors can achieve performance comparable to, or better than,
Al only trained on real data. Tumor synthesis holds significant promise for expand-
ing datasets, enhancing Al reliability, improving tumor detection performance, and
preserving patient privacy.

1 Introduction

Medical image analysis aims to derive detailed information non-invasively about a
patient’s medical condition, including the disease’s origin, precise location, and its
relationship with adjacent tissues. Specifically, for symptoms that cannot be directly
diagnosed, medical professionals employ various imaging devices to capture detailed
images of target organs for disease screening, diagnosis, and treatment. Therefore,
medical imaging systems generate vast amounts of medical image data daily. This
data may encompass different organs of the body, as well as tissues and pathological
regions associated with diseases.

Medical images come from modalities like X-ray, CT, MRI, and PET. This data,
referred to as real data in this chapter, can be analyzed using post-processing and
artificial intelligence (Al) to reveal details not visible to the naked eye, aiding in
disease detection such as detecting tumors at their early stage. However, managing
real-world data for Al-driven diagnostics is challenging. Synthetic data offers a
promising alternative, potentially allowing Al to generalize better to real-world
scenarios and overcome the difficulties of using real data for training. Generally,
synthetic data refer to artificially generated data that mimic the characteristics and
structure of real data without being directly derived from actual observations (Fig. 1).

1.1 Why Synthetic Data?

Synthetic data are vital in Al research due to the challenges of acquiring real data,
including time constraints, high costs, patient privacy concerns, and manual effort
[122, 24, 31, 32]. They provide significant advantages by saving time and reducing
the need for extensive manual annotation. The use of Al-generated content (AIGC)
has proven effective across various domains, including medical imaging, where it
serves both as a training resource for AI models and as a means of evaluating their
performance with realistic yet hard-to-obtain data (see Table 1). Synthetic data of-
fer precise control over properties such as shape, texture, and location, which is
particularly valuable in medical applications. This control enables the creation of di-
verse and representative datasets for model training and provides useful examples for
medical education and patient communication. Additionally, controllable synthetic
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Fig. 1 Can you distinguish synthetic data from real data in different modalities? (a) X-ray image
examples [26]. (b) CT image examples [33]. (c¢) MR image examples [77]. (d) PET image example.
(e) Endoscopy image example [64]. (f) Histopathology image example [4].

tumors facilitate Al debugging and model diagnostics, enhancing the interpretability
of Al behavior. Increasing evidence supports that synthetic data can improve Al per-
formance, making it a powerful tool for advancing research and improving outcomes
in fields like oncology.

1.2 Real vs. Synthetic Data

Unlike real data, which are collected from real-world imaging devices and represent
true observations, synthetic data are created using algorithms, simulations, or models
designed to replicate the properties of real data. We summarize the differences be-
tween real data and synthetic data as follows: First, real data are collected from actual
imaging devices (e.g., X-ray, CT, MRI, PET, ultrasound, histopathology). Synthetic
data are generated artificially using computational methods and simulations [42, 59].
Second, real data are often limited by practical constraints such as patient privacy,
the cost of imaging, and the time required for data collection and annotation [13].
Synthetic data can be produced in large quantities without the ethical and logistical
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Table 1 A summary of existing synthesis methods for medical imaging encompasses various
aspects: body part, disease type, imaging modality, dataset utilized, and generative model type.
Additionally, we are maintaining a webpage to track the latest publications and corresponding code
repositories on data synthesis in medicine more comprehensively.

reference body part disease modality dataset generative model
Teixeira et al. [97]  whole body anomaly detection X-ray  private dataset GAN

Wu et al. [107] chest breast cancer X-ray DDSM [37] GAN

Gao et al. [26] bone & chest COVID-19 lesion X-ray COVID-19 CXR [101] GAN

Jin et al. [48] chest lung nodule CT LIDC [3] GAN

Yao etal. [113] chest COVID-19 CT LUNAIG6 [87] hand-crafted designs
Jiang et al. [47] chest Covid-19 CT COVID [112] GAN

Jin et al. [49] abdomen liver & kidney tumors CT LiTS [8] & KiTS [38] GAN

Wei et al. [105] abdomen pancreatic tumors CT private dataset GAN

Lyu et al. [70] abdomen liver tumors CT LiTS [8] GAN

Hu et al. [42] abdomen liver tumors CT LiTS [8] hand-crafted designs
Lietal. [63] abdomen pancreatic tumors CT MSD [2] hand-crafted designs
Chen et al. [9] abdomen tumors in liver, pan- CT MSD [2] & KiTS [38] Diffusion Model

creas and kidney
Lai et al. [59] abdomen tumors in liver, pan- CT MSD [2] & KiTS [38] hand-crafted designs
creas and kidney

Yuetal. [117] brain brain tumors MRI BraTsS [72] GAN

Han et al. [34] brain brain tumors MRI BraTsS [72] GAN

Zhao et al. [119] abdomen liver tumors MRI private dataset GAN

Mukherkjee et al. [73] brain brain tumors MRI BraTsS [72] GAN

Basaran et al. [6] brain brain tumors MRI ‘WMH [54] hand-crafted designs
Wang et al. [103] brain - PET private dataser GAN

Luo et al. [69] brain - PET private dataset GAN

Sharan et al. [88] mitral valve landmark detection Endo. surgical simulator [23] GAN

Yoon et al. [116] colon polyp detection Endo.  private dataset GAN

Hou et al. [41] tissue cancer Histo. Kumar [55] GAN

Xue etal. [110] tissue cancer Histo. PCam [100] GAN

Aversa et al. [4] tissue cancer Histo.  private dataset Diffusion Model
Duetal. [19] skin dermatoscopic lesion  Dermo. ISIC [17] Diffusion Model

GAN stands for Generative Adversarial Network
Endo. refers to Endoscopy, Histo. refers to Histopathology, and Dermo. refers to dermoscopy.

issues associated with real data collection [10]. Third, real data require manual an-
notation by experts, which is time-consuming [78] and prone to human error [65].
Annotations of synthetic data can be automatically generated as part of the data
creation process, ensuring consistency and accuracy [80].

2 Detecting Real Tumors in CT Scans
2.1 Tumors in Solid Organs

Solid tumors in organs like the liver, kidneys, and brain—such as hepatocellular
carcinoma, renal cell carcinoma, and glioma—typically show well-defined margins
and growth patterns [85], illustrated in Fig. 2. In CT images, early-stage tumors appear
as small nodules with slightly blurred edges and homogeneous texture. As tumors
advance, they grow larger, become irregular in shape, and exhibit significant mass
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Fig. 2 Tumors in solid organs. (a) Hepatocellular carcinoma. (b) Thymoma. (c) Solid pseudopapil-
lary tumor of the pancreas. (d) Pancreatic mucinous cystadenoma. (e) Pancreatic mucinous cystade-
nocarcinoma. (f) Pancreatic adenocarcinoma. (g) Neuroendocrine tumor in liver. (h) Meningioma.
(i) Mediastinal lymphoma.

effect and infiltrative growth [20]. Advanced tumors may also show hemorrhage,
necrosis, and fibrosis, leading to a heterogeneous appearance [89].

e Liver tumors: Hepatocellular carcinoma (HCC) is the most common malignant
liver tumor. Early HCC presents as a small, well-differentiated nodule with a
good prognosis and low metastatic potential [25]. CT imaging may show mass
effect extending beyond the liver, displacement of blood vessels, intrahepatic
venous thrombosis, and bile duct obstruction [82]. HCCs often exhibit intense
arterial-phase enhancement due to neoangiogenesis and reduced portal triads,
and typically appear hypoattenuating on venous phase scans [5].

¢ Pancreatic tumors: Pancreatic ductal adenocarcinoma (PDAC) constitutes the
majority of malignant pancreatic tumors and is associated with a very poor
prognosis and high morbidity. In the early stages, PDACs typically appear as
homogeneous small nodules with blurred edges. Secondary findings associated
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with advanced PDACs include contour abnormalities, abrupt termination of the
biliary or pancreatic duct, pancreatic atrophy upstream from the mass, vascu-
lar encasement, etc. [57]. PDACs typically exhibit poor enhancement, appearing
hypoattenuating relative to the surrounding pancreatic parenchyma. This hy-
poenhancement is attributed to the development of a dense fibroblastic stromal
component in PDACs [22].

¢ Kidney tumors: Renal cell carcinoma (RCC) is the most common adult renal
epithelial cancer, accounting for more than 90% of all renal malignancies [01]. The
most prevalent subtype, clear cell RCC, presents as a homogeneously enhancing
lesion during the corticomedullary phase and as a hypoattenuating renal lesion
surrounded by homogenously enhancing renal parenchyma in the nephrographic
phase. Advanced clear cell RCC often appears heterogeneous in imaging due to
the presence of hemorrhage, necrosis, and cysts, along with invasion into the renal
pelvis, perirenal fat, or renal vessels [104].

2.2 Tumors in Tubular Organs

Tumors in tubular organs, illustrated in Fig. 3, have distinct growth patterns [74]:
exophytic, where the tumor expands into the lumen, and invasive, where it penetrates
the organ wall into adjacent structures. For instance, colon cancer progresses from
stage 0, confined to the lining, to stage I, invading the submucosa, and stage II,
extending through the wall without nearby invasion [21]. Stage III involves spread
to lymph nodes, and stage IV features metastasis to distant organs such as the liver
or lungs. We also highlight unique characteristics of representative tubular tumors
to illustrate their specific behaviors and progression.

* Esophageal tumors, though rare, have a poor prognosis if malignant unless
detected early and surgically removed [45]. Imaging studies include X-ray esoph-
agography, CT, endoscopic ultrasound, and PET. Malignant strictures often show
asymmetric narrowing with abrupt margins and irregular, nodular, or ulcerated
surfaces. X-ray esophagography helps evaluate invasion of the muscularis mu-
cosae for early-stage cancers. Key CT features are eccentric or circumferential wall
thickening over 5 mm and periesophageal soft tissue and fat stranding [62, 94].

e Stomach tumors, primarily adenocarcinoma, are common and often asymp-
tomatic when superficial. Up to 50% of patients may have nonspecific gastroin-
testinal symptoms like dyspepsia. Endoscopy is the most sensitive method for di-
agnosis, allowing direct visualization and biopsy. Initial detection is often through
radiological methods, with CT imaging using negative contrast to reveal common
features such as polypoid masses, wall thickening, or ulceration [93, 18, 62].

* Colorectal tumors are a leading gastrointestinal malignancy. Contrast-enhanced
CT of the chest, abdomen, and pelvis is used for staging, detecting metastases,
evaluating surgical options, and assessing treatment response. Colorectal cancers
typically appear as soft tissue masses that narrow the bowel lumen. Larger tu-
mors often show ulceration, mucinous tumors may appear as low-density masses
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Fig. 3 Tumors in tubular organs. (a) Gastrointestinal stromal tumor. (b) Sigmoid colon cancer. (c)
Gastric cancer. (d) Lung metastases. (e) Intestinal carcinoid tumor. (f) Gallbladder carcinoma. (g)
Gallbladder adenocarcinoma. (h) Colon cancer. (i) Cholangiocarcinoma.

with low-density lymph nodes, and psammomatous calcifications can be seen in
mucinous adenocarcinoma. [92, 30].

2.3 High Similarity in Early-Stage Tumors

Early-stage tumors (< 2cm) frequently exhibit similar imaging characteristics in CT
scans, regardless of whether they originate in the liver, pancreas, or kidneys [12].
Should this finding be validated, it could carry profound implications for the applica-
tion of generative Al in medical imaging. This implies that both modeling-based and
learning-based approaches could be developed on a single tumor type with readily
available annotated data and subsequently applied to synthesize various tumor types
in other organs, for which data/annotation acquisition is more arduous.
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Fig. 4 Feature analysis and reader study. The left panel features a t-SNE (t-distributed stochastic
neighbor embedding) visualization that maps the multidimensional Radiomics features of tumors
from the liver, pancreas, and kidneys onto a two-dimensional space. This visualization underscores
the substantial overlap in features among early-stage tumors from different organs, which may
contribute to the challenges in correctly identifying their organ types. Complementing these find-
ings, this study evaluates the efficacy of a support vector machine (SVM) classifier, which utilizes
Radiomics Features [16, 102], in differentiating the organ types for the cropped tumors. The SVM
classifier is trained to classify each tumor as originating from either the liver, pancreas, or kid-
neys—a three-way classification challenge. Parallel to the assessment of the SVM classifier, three
expert radiologists conducted a similar evaluation by reviewing the original CT scans containing
these tumors. The results displayed on the right panel reveal significant difficulties faced by both the
SVM classifier and the radiologists when it comes to accurately pinpointing the origin of early-stage
tumors. The precision and recall metrics for both the machine and human methods approximate the
performance expected from random selection.

A study involving three expert radiologists was conducted to assess their ability
to recognize the organ class of early-stage cancers [9]. Three expert radiologists,
certified in accordance with the Quality Standards Act, participated in the reader
study. Recognition results are presented in Fig. 4(b). The results were sufficiently
compelling that medical professionals, boasting over five years of experience, could
potentially mistake the synthetic tumors for genuine ones. The precision and recall
scores, which approximate randomness, imply that the similarity in the appearance
of early-stage tumors is such that even seasoned radiologists encounter difficulties
when attempting to distinguish the organ types of these tumors.

The similarity of early-stage tumors can be evidenced by their Radiomics Feature!
profiles [9]. From a qualitative standpoint, Fig. 4(a) depicts the feature mapping in
a two-dimensional space via #-SNE. The appearance features of early-stage tumors
manifest within a joint feature space, with no discernible segregation among different
organ types. From a quantitative perspective, we trained a support vector machine
(SVM) classifier to identify the organ types of early-stage tumors. To infer a general
conclusion, we conducted ten repeated experiments and computed the precision and

1 Utilization of the official radiomics feature repository [99] enables the extraction of appearance
features, comprising 3D shape-based features, gray level co-occurrence matrix, gray level run
length matrix, gray level size zone matrix, neighboring gray-tone difference matrix, and gray level
dependence matrix.
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recall metrics of the SVM classifier for both the training and test sets. The final
results indicate that both the precision and recall metrics for the training set are
close to 1.0, demonstrating that the SVM is effectively trained and has established a
robust decision boundary for the training set. However, the precision scores for the
test set approximate random chance, as illustrated in Fig. 4(b). This implies that even
an effectively trained SVM classifier encounters difficulty in recognizing the organ
types of unseen early-stage tumors.

3 Technical Barriers and Clinical Needs

3.1 Technical Barriers

Al development for real tumors faces key technical barriers: First, data scarcity:
High-performance models need extensive annotated data, which is limited due to the
time and expertise required for medical image and genomic annotation. Rare cancers
further exacerbate this issue, leading to poor model performance on less common
types [120, 121, 96, 14]. Second, generalization to different organs: Al models
struggle to generalize across organs due to distinct anatomical structures and imaging
modalities. Models trained on one organ, like the lung, perform poorly on others, such
as the liver, due to differing tissue compositions and imaging techniques [118, 68].
Third, generalization to different demographics: Privacy laws restrict access to
diverse datasets, impacting model robustness. Variations in imaging protocols and
genetic differences across populations can lead to biased models that perform poorly
on underrepresented groups [66].

3.2 Clinical Needs

Cancer research addresses critical clinical needs to improve patient outcomes and
advance oncology. Key objectives include early cancer detection, developing effec-
tive treatments, and personalizing care strategies to enhance treatment success and
system efficiency.

Early Detection and Diagnosis: Early detection and diagnosis of cancer are crucial
for improving patient outcomes, as identifying cancer at an early stage often leads
to more effective treatment and better survival rates. There is a critical need for
screening methods with high sensitivity (ability to correctly identify those with
cancer) and high specificity (ability to correctly identify those without cancer).
Improved accuracy reduces false positives and false negatives, which are common
issues in current screening practices. Besides, enhanced accuracy can help avoid
overdiagnosis, where non-life-threatening cancers are treated unnecessarily, causing
undue stress and potential harm to patients.
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Pancreas Kidney
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Fig. 5 Synthetic liver, pancreatic, and kidney tumors generated by Cellular Automata [59].

Health System Efficiency: For effective training in tumor detection across multiple
organs, Al models traditionally require numerous annotated real tumor examples
from each organ [123, 50, 79, 67]. However, these Al models often face difficulties
in generalizing their ability to interpret images from different hospitals, a challenge
compounded by varying imaging protocols, patient demographics, and scanner man-
ufacturers [75, 111]. While the challenge of domain generalization could be alleviated
if the Al is trained on a considerable number of annotated data from various domains
[109, 114], it could take up to 25 human years for just annotating tumors in a specific
organ [108, 1]. Collecting and annotating a comprehensive dataset that includes tu-
mor examples from several organs (N) and numerous hospitals (M) is a formidable
task, denoted by the complexity (N X M). We hypothesize that tumor synthesis could
address this challenge by creating various tumor types across non-tumor images
from multiple hospitals, even if only one type of tumor is available and annotated.
This approach can simplify the complexity from N X M to 1 X M.

Personalized Treatment Planning Tumors within the same type of cancer can
vary significantly at the genetic and molecular levels. Personalized treatment plan-
ning requires comprehensive genomic profiling to identify specific mutations, gene
expression patterns, and other molecular characteristics that drive an individual’s
cancer. This information helps in selecting targeted therapies that are more likely to
be effective for that particular tumor profile. Understanding the diversity of cancer
cells within a tumor can inform treatment strategies that target multiple pathways
and cell populations simultaneously.

4 Technology Trend I: Modeling-based Approaches

Hand-crafted tumor synthesis has been conducted in [43, 42, 44, 63]. This ap-
proach applies a sequence of hand-crafted morphological image-processing oper-
ations, including local selection, texture generation, shape generation, and post-
processing, to generate realistic tumors for training AI models. The intrinsic ob-
servation about these operations is clinical knowledge. Taking liver tumors as an
example, the mean HU intensity of hepatocellular carcinomas (tumors grown from
liver cells) was 106 HU (with a range of 36-162 HU) [60]. Milder carcinomas usu-
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Fig. 6 ® Tumor development: The cellular automata simulate tumor growth from a single pixel
to various sizes and even tumor death, producing synthetic tumors with diverse sizes, shapes, and
textures. An idealized tumor is created to quantify development, with dead cells in the gray region,
living quiescent cells in the inactive region, and proliferative cells in the active outer shell. @
Tissue quantification: The organ map in blue transforms CT images into distinct intensity levels
affecting tumor development rate, while the red tumor map assigns values representing the tumor
cell population. ® Tumor interaction with boundaries and vessels: The tumor grows and exerts
pressure against organ boundaries and deforms as it interacts with vessels. @ Mapping synthetic
tumors to CT images: A mapping function correlates the synthetic tumor with CT values, integrating
the tumor’s state with the original CT intensity. ® Training segmentation models with synthetic
data: Pixel2Cancer generates new synthetic data for each epoch to train the segmentation model.

ally lead to smaller, fewer spherical lesions, while multi-focal lesions (which means
scattered small tumors) only appear in rare cases. Additionally, larger tumors usu-
ally display evident mass effects and are accompanied by capsule appearances that
separate the tumor from the liver parenchyma [71]. This medical guidance, together
with visual clues, determines the parameters and pipeline of this method.

Cellular Automata are computational models used to simulate complex systems
through simple rules and interactions. They employ a grid of cells (pixels), where
each cell is initially assigned a state between zero and ten to represent the tumor
population. The basic element is the cell, which refers to a single pixel in the
computed tomography (CT) image. Tumor growth and behavior are modeled based
on specific rules that simulate processes such as proliferation, invasion, and death.
These rules are derived from medical knowledge and are guided by an idealized
tumor model that reflects real-world characteristics. The tumor state can then be
integrated into the original CT images to generate synthetic tumors in different
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organs. This tumor synthesis approach allows for sampling tumors at various stages
and analyzing tumor-organ interactions. Motivated by this, Lai et al. [59] proposed
Pixel2Cancer to simulate tumor growth (Fig. 6). Tumors generated by Pixel2Cancer
are illustrated in Fig. 5.

4.1 Property of Pixel2Cancer

(i) Label-free. Pixel2Cancer can be applied as a label-free data synthesis approach,
eliminating the need for manual per-voxel annotation. Previous learning-based ap-
proaches, such as GANs [28] and Diffusion models [40], are designed to learn the
representation and distribution of tumors. While these approaches excel in generating
natural images, synthesizing tumors in CT scans still requires significant amounts
of paired tumor data. Moreover, when generating synthetic tumors, generative mod-
els also need masks to indicate the tumor locations and shapes [49], necessitating
extensive manual efforts for training and synthesis.

(ii) Tumor development. Pixel2Cancer incorporates specific medical knowledge
regarding tumor growth and appearance, enabling the simulation of realistic tumors.
None of the existing synthetic approaches can adequately simulate tumor develop-
ment in abdominal CT, and the primary challenges in current synthetic methods
are the proliferation and invasion of tumors [36]. These processes in tumor growth
are complex and interconnected, highly influenced by the surrounding environ-
ment [95, 106]. Consequently, synthetic tumors generated using current methods
may conflict with normal organ structures and pose challenges when adapting them
to different organs.

(iii) Early tumor detection & boundary segmentation. Early detection of small
tumors is critical for timely cancer diagnosis. However, real datasets often lack suffi-
cient instances due to the asymptomatic nature of early-stage patients. Pixel2Cancer
can generate more small tumors to improve the sensitivity of segmentation models
for small tumor detection. Additionally, Pixel2Cancer generates synthetic tumors
with precise tumor masks, whereas real data annotations are often inaccurate at the
boundaries, leading to label noise in boundary segmentation accuracy.

4.2 Clinical Perspectives

Tumors and genetic disorders from DNA mutations in single cells undergo complex
growth processes [56]. Mutations during cell division lead to uncontrolled prolifer-
ation, forming neoplastic lesions that can be benign or malignant [27]. While both
types follow similar growth principles, they differ in growth rate and invasiveness.
Malignant tumors often grow rapidly, secreting growth factors or inducing surround-
ing stromal cells to do so, as seen in pancreatic IPMN lesions which grow larger and
faster than benign ones [51]. Slow growth rates in renal tumors and hepatocellular
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Fig.7 Examples of synthetic tumors generated by DiffTumor [9] on the liver, pancreas, and kidney.

carcinoma correlate with lower malignancy [91]. Malignant tumors are invasive,
gradually penetrating and destroying surrounding tissues, whereas benign tumors
remain confined to their original sites. Even slowly growing malignant tumors can
infiltrate neighboring structures. Tumor necrosis, caused by rapid proliferation ex-
ceeding vascular supply [39], appears as irregular hypo-attenuating areas in CT
images and serves as a poor prognostic indicator [25]. The death rule models this
necrosis. A hybrid cellular automaton model is proposed to simulate tumor devel-
opment from single cells to invasive tumors, capturing their continuous progression
and interactions within the microenvironment.

5 Technology Trend II: Learning-based Approaches

Generative Adversarial Networks (GANs) [29] have been extensively explored for
generating synthetic tumors. Zhao et al. [119] introduced Tripartite-GAN, which si-
multaneously achieves contrast-enhanced magnetic resonance imaging synthesis and
tumor detection. Mukherkjee et al. [73] proposed AGGrGAN to generate synthetic
MRI scans of brain tumors. However, the training process of GANS is often unstable,
making it challenging to achieve convergence. Additionally, GANs can suffer from
issues such as mode collapse, where the model generates limited diversity in outputs.

Diffusion Models [76, 52] provide more stable and reliable training compared
to GAN:Ss, as they gradually denoise data, making the optimization process easier
to control. Additionally, Diffusion Models are capable of generating high-quality,
diverse samples with fewer issues related to mode collapse. DiffTumor [9] is the
first to explore tumor synthesis in abdominal organs using Diffusion Models and
demonstrates an efficient method for achieving generalizable tumor synthesis (Fig. 8).
Tumors generated by DiffTumor are illustrated in Fig. 7.
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Fig. 8 Overview of DiffTumor framework. In pursuit of achieving generalizable tumor synthe-
sis, DiffTumor encompasses three stages. @ The first stage is the training of an Autoencoder
Model—comprising an encoder and a decoder—to learn comprehensive latent features. The
learning objective in this stage entails image reconstruction conducted on 9,262 unlabeled three-
dimensional CT volumes. Both the trained encoder and decoder are integral to subsequent stages.
@ The second stage involves training a Diffusion Model—a specialized generative model—by
utilizing latent features and tumor masks as conditions. Once trained, the model is capable of
generating the requisite latent features for the reconstruction of CT volumes with tumors, utilizing
arbitrary masks. ® The third stage entails training a Segmentation Model with CT volumes of
synthetic tumors, reconstructed by the decoder. Armed with a considerable repository of healthy
CT volumes, DiffTumor has the capacity to generate an extensive collection of synthetic tumors,
which vary in location, size, shape, texture, and intensity, thus contributing to the enhancement of
Al models for tumor detection and segmentation.

5.1 Property of Diff Tumor

(i) Reduced annotations for Diffusion Model. The quality of synthetic data pro-
duced by a generative model typically depends heavily on the quantity and diversity
of the paired training data used during the training phase [11, 46]. Nevertheless,
the relationship between the number of annotated real tumors required for training
the Diffusion Model and the performance of the Segmentation Model has not been
extensively studied. DiffTumor found that the relationship between the amount of
paired training data and the quality of synthetic data is not necessarily linear. Re-
markably, it requires only one annotated tumor to train the Diffusion Model and to
generate synthetic tumors for the subsequent training of the Segmentation Model.
This finding is in contrast to the conventional wisdom in computer vision [81], which
often necessitates extensive datasets for training generative models. The results sug-
gest that a smaller number of real tumors may suffice for training the Diffusion
Model, particularly for early-stage tumors. Such a discovery could have profound
implications for improving efficiency and reducing the costs associated with training
generative models in the field of medical imaging.

(ii) Accelerated tumor synthesis. The speed at which synthetic tumors are gener-
ated is critical for the practical use of synthetic data, particularly for accelerating the
training of segmentation models. The synthesis speed of DiffTumor is significantly
affected by the choice of timestep (7). An investigation into the influence of timestep
on the segmentation performance of the Segmentation Model has been conducted.
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It is observed that using DDPM [40] with one-step sampling, DiffTumor cannot
synthesize realistic textures for both organ and tumor, which negatively affects the
training of the Segmentation Model. Conversely, by setting 7 higher than 1, Diff-
Tumor can produce more realistic textures, leading to an enhanced performance of
the segmentation model. Taking into account the balance between performance and
synthesis efficiency, Diff Tumor selects a timestep of 7 = 4 as the default setting for
early tumor synthesis. This selection strikes a balance that allows for the generation
of high-quality synthetic data while maintaining an acceptable level of efficiency.

5.2 Clinical Perspectives

This learning-based approach can be widely applied because of the similar growth
dynamics observed in tumors across various types and locations. Tumorigenesis is
a complex, multistage process involving cellular and histological transformations,
from precancerous lesions to malignant tumors. This progression, driven by genetic
mutations and functional changes known as the ‘hallmarks of cancer,’ is consis-
tent across tumor types [58, 12, 35]. Early-stage tumors typically consist of well-
to-moderately differentiated cells with mild atypia and invasiveness, showing rare
hemorrhage and necrosis. They often appear as homogeneous nodules with slightly
indistinct margins and small diameters in CT images [15, 90]. In contrast, advanced
tumors exhibit significant infiltration and destruction of surrounding tissues, ex-
tending beyond the original site and potentially affecting adjacent structures [5]. As
tumors become more malignant, rapid growth leads to ischemia and necrosis due to
insufficient vascular supply, resulting in heterogeneous patterns in CT images with
features like hemorrhage and fibrosis [115, 84]. These characteristics are consistent
across different populations, ages, and genders.

6 Tumor Synthesis Benchmark

We evaluate the effectiveness of Pixel2Cancer and DiffTumor by comparing them
with supervised models trained on real data and several prominent unsupervised
anomaly segmentation methods. Table 2 highlights that synthetic data have signif-
icantly outperformed all these baseline methods, achieving a DSC of 59.77% and
NSD of 61.29%. These results highlight the potential of synthetic strategies to avoid
per-pixel manual annotation for tumor segmentation.
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Table 2 Comparison with state-of-the-art unsupervised methods. We compare the initial label-free
modeling-based methods with other unsupervised anomaly segmentation baselines, tumor synthesis
strategies, and fully-supervised methods. Modeling-based methods significantly outperform all
other state-of-the-art unsupervised baseline methods and even surpass the fully-supervised method
with detailed pixel-wise annotation.

Liver tumor segmentation performance.

tumors method architecture labeled / unlabeled CTs DSC (%) NSD (%)
none PatchCore [83] Resnet50 0/116 159 16.4
none f-AnoGAN [86] Customized [7] 0/116 19.0 16.9
none VAE [53] Customized [7] 0/116 24.6 23.6
synt Yao etal. [113] U-Net 0/116 32.8 31.3
real fully-supervised U-Net 101/0 56.7 58.0
synt hand-crafted [42] U-Net 0/116 59.8 61.3
synt Pixel2Cancer [59] U-Net 0/116 58.9 63.7
synt DiffTumor [9] U-Net 101/116 70.9 71.2
Pancreas tumor segmentation performance.

tumors method architecture labeled / unlabeled CTs DSC (%) NSD (%)
real fully-supervised U-Net 96/0 57.5 56.5
synt hand-crafted [42] U-Net 0/104 54.1 52.2
synt Pixel2Cancer [59] U-Net 0/104 60.9 57.1
synt DiffTumor [9] U-Net 96/ 104 64.8 60.5
Kidney tumor segmentation performance.

tumors method architecture labeled / unlabeled CTs DSC (%) NSD (%)
real fully-supervised U-Net 96/0 71.3 62.8
synt hand-crafted [42] U-Net 0/120 63.2 554
synt Pixel2Cancer [59] U-Net 0/120 73.2 65.0
synt DiffTumor [9] U-Net 96/ 120 84.2 76.6

6.1 Case Study: Fake Tumors, Real Results

Synthetic Liver Tumors. In synthetic liver tumors, synthetic data have demonstrated
significant superiority over real data across all stages, from small to large tumors.
The hand-crafted approach proposed by [42] outperforms real data, achieving a 2.3%
improvement in DSC and a 3.3% improvement in NSD. Pixel2Cancer has shown
superior performance in liver segmentation, with a DSC improvement of 2.2% and an
NSD improvement of 5.7%. Additionally, DiffTumor has surpassed the performance
of real data by 4.0% in DSC and 4.7% in NSD.

Synthetic Kidney Tumors. In kidney tumors, segmentation models have achieved
superior performance when using synthetic data as data augmentation. Pixel2Cancer
has shown superior performance in kidney segmentation, with a DSC improvement
of 2.4% and an NSD improvement of 3.2%. Additionally, DiffTumor has surpassed
the performance of real data by 7.0% in DSC and 6.7% in NSD.

Synthetic Pancreatic Tumors. Segmentation models also have achieved superior
performance in pancreatic tumor segmentation when using synthetic data as data aug-
mentation. Pixel2Cancer has shown superior performance in pancreas segmentation,
with a DSC improvement of 3.9% and an NSD improvement of 1.9%. DiffTumor
has surpassed the performance of real data by 8.2% in DSC and 9.4% in NSD.
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Medical professionals cannot tell which are real
and which are synthetic tumors. Can you?

Fig.9 Visual Turing Test. Can you find some examples of synthetic data in the CT images? Answers
are in Johns Hopkins Researchers Create Artificial Tumors to Help Al Detect Early-Stage Cancer.

6.2 Visual Turing Test

The Turing Test, introduced by Alan Turing in “Computing Machinery and Intel-
ligence” [98], assesses whether a machine can exhibit intelligent behavior indis-
tinguishable from that of a human. We apply the Visual Turing Test to evaluate if
synthetic tumors resemble real tumors. For this, we compared CT volumes contain-
ing real and synthetic tumors across various organs. Professionals, blinded to the
origins of the samples, classified each volume as real or synthetic based on 3D views
of continuous slice sequences (see Fig. 9).

Modeling-based approach (Pixel2Cancer). The outcome metrics, as presented
in Table 3, unveil the performance evaluations by different radiologists. For the
junior radiologist R1 (7 years of experience), metrics such as accuracy, sensitivity,
and specificity all register below 40%. Notably, a specificity of 35.5% indicates
that 64.5% of synthetic tumors are inaccurately identified as real. The intermediate
radiologist R2 (9 years of experience) exhibits comparable metrics around 40%, with
59.2% of synthetic tumors causing confusion. Even the senior radiologist R3 (14
years of experience) misclassifies 44.1% of synthetic tumors as real, underscoring the
formidable challenge posed even to seasoned professionals. These results emphasize
the efficacy of our modeling-based approach (Pixel2Cancer) in achieving a realistic
simulation of tumor development.

Learning-based approach (DiffTumor). Two professionals were involved in this
test, with 4 and 11 years of experience, respectively. 60 CT volumes were arranged in
random order and scrutinized independently by two professionals. The test outcomes
are detailed in Table 3. Radiologists R1’s near-zero specificity scores suggested that
synthetic data closely resembled real tumors, resulting in the misclassification of
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Table 3 Results of reader study. Pixel2Cancer (top table): The test was conducted with three
medical professionals having 7, 9, and 14 years of experience, respectively. Each professional
evaluated 50 CT images for each organ, consisting of both real and synthetic tumors. They were
tasked with categorizing each CT image as either real, synthetic, or unsure. DiffTumor (bottom
table): Visual Turing test over three organs has been conducted with two radiologists (R1 and R2).
Both radiologists are provided with 60 three-dimensional CT volumes of each organ, including
30 scans with real tumors and the remaining 30 with synthetic ones. Radiologists are tasked to
label each CT volume as real or synthetic. A lower specificity score indicates a higher number of
synthetic tumors being identified as real.

Modeling-based Approach: Pixel2Cancer

reader metric liver pancreas kidneys
sensitivity (%) 100 95.0 95.5
R1 specificity (%) 273 227 26.7
accuracy (%) 60.9 57.1 67.6
sensitivity (%) 94.7 87.5 90.0
R2 specificity (%) 47.8 474 56.3
accuracy (%) 69.1 65.7 75.0
sensitivity (%) 100 100 100
R3 specificity (%) 45.4 55.6 57.9
accuracy (%) 68.4 724 75.8

positives: real tumors (N = 25); negatives: synthetic tumors (N = 25).

Learning-based Approach: DiffTumor

reader metric liver pancreas kidneys
sensitivity (%) 100 97.1 92.9

R1 specificity (%) 2.9 0.0 3.1
accuracy (%) 45.0 56.7 45.0
sensitivity (%) 84.6 100 100

R2 specificity (%) 47.1 44.0 65.6
accuracy (%) 63.3 76.7 81.7

positives: real tumors (N = 30); negatives: synthetic tumors (N = 30).

most synthetic tumors as real. Consequently, R1’s accuracy scores hovered around
50%. Conversely, R2, with more experience, exhibited higher specificity scores
compared to R1, approaching 50%. This implies that nearly 50% of synthetic samples
were correctly identified as synthetic, indicating a better discernment between real
and synthetic tumors by R2. These findings affirm the effectiveness of Diff Tumor in
generating visually realistic tumors.

7 Conclusion

In this chapter, we delved into the concept of synthetic data and its application in
medical fields, with a particular focus on cancer research. We defined synthetic data
and discussed its critical role in cancer research, such as improving data diversity,
protecting patient privacy, and enabling robust research in tumor detection, diagnosis,
and treatment. We explored the challenges and opportunities presented in cancer
research. Despite these challenges, synthetic data offers significant opportunities,
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such as enhancing the training of machine learning models, supporting large-scale
studies without privacy concerns, and fostering innovation in personalized medicine.
Additionally, we highlighted promising approaches and future directions for the use
of synthetic data in cancer research, including modeling-based methods and learning-
based methods. These methods are opening new avenues for more accurate and
comprehensive cancer research, enabling researchers to simulate various scenarios
and treatments, and ultimately contributing to better patient outcomes.
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