EMB {2

EE ~ S % " % IEEE TRANSACTIONS ON MEDICAL IMAGING, VOL. XX, NO. XX, XXXX 2020
GGl Processing Sociery s

MedSyn: Text-Guided Anatomy-Aware Synthesis
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Abstract— This paper introduces an innovative method-
ology for producing high-quality 3D lung CT images guided
by textual information. While diffusion-based generative
models are increasingly used in medical imaging, current
state-of-the-art approaches are limited to low-resolution
outputs and underutilize radiology reports’ abundant infor-
mation. The radiology reports can enhance the generation
process by providing additional guidance and offering fine-
grained control over the synthesis of images. Nevertheless,
expanding text-guided generation to high-resolution 3D
images poses significant memory and anatomical detail-
preserving challenges. Addressing the memory issue, we
introduce a hierarchical scheme that uses a modified UNet
architecture. We start by synthesizing low-resolution im-
ages conditioned on the text, serving as a foundation for
subsequent generators for complete volumetric data. To en-
sure the anatomical plausibility of the generated samples,
we provide further guidance by generating vascular, airway,
and lobular segmentation masks in conjunction with the CT
images. The model demonstrates the capability to use tex-
tual input and segmentation tasks to generate synthesized
images. Algorithmic comparative assessments and blind
evaluations conducted by 10 board-certified radiologists
indicate that our approach exhibits superior performance
compared to the most advanced models based on GAN and
diffusion techniques, especially in accurately retaining cru-
cial anatomical features such as fissure lines and airways.
This innovation introduces novel possibilities. This study
focuses on two main objectives: (1) the development of a
method for creating images based on textual prompts and
anatomical components, and (2) the capability to generate
new images conditioning on anatomical elements. The ad-
vancements in image generation can be applied to enhance
numerous downstream tasks.

Index Terms— Diffusion Model, Text-guided image gen-
eration, 3D image generation, Lung CT, Volume Synthesis
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[. INTRODUCTION

Denoising Diffusion Probabilistic Models (DDPM) [1], also
known as score-based generative models [2], have emerged as
powerful tools in both computer vision and medical imaging
due to their stability during training and exceptional gen-
eration quality. State-of-the-art image generation tools, such
as Imagen [3] and latent Diffusion Models (LDMs) [4], can
employ text prompts to provide fine-grained guidance during
image generation. This capability is promising for medical
imaging, encompassing applications like privacy-preserving
data generation, image augmentation, black box uncertainty
quantification, and explanations. Although methods such as
RoentGen [5] have illustrated the potential of 2D cross-
modality generative models conditioned on text prompts,
there are no known text-guided volumetric image generation
techniques for medical imaging. Extending such an approach
to 3D presents challenges, including high memory demands
and preserving crucial anatomical details. This paper aims to
address these challenges.

To enhance the image resolution for generative models,
increasing the voxel count within a fixed field of view is
memory-intensive [6]. Synthesizing 3D volumetric images at
high resolutions (e.g., 256 x 256 x 256) demands substantial
memory since the neural network must store intermediate acti-
vations for backpropagation. To preserve essential anatomical
details and condition on input text prompts, a high-capacity
network is essential, further compounding the issue. Although
GANSs [6]-[9] and conditional Denoising Diffusion Proba-
bilistic Models (cDPMs) [10]-[12] have set benchmarks in
volumetric medical imaging synthesis, each has its limitations.
GANSs, despite their inference efficiency, can compromise
sample diversity and sometimes produce anatomically implau-
sible artifacts. Conversely, diffusion models, built to boost
sample diversity through iterative denoising, grapple with
memory constraints, primarily due to their resource-intensive
3D attention UNet. The iterative denoising coupled with the
sequential sub-volume generation in cDPMs makes them time-
intensive at the inference stage. As a result, many diffusion
models are relegated to 2D or low-resolution volumetric
applications. Incorporating text prompts, such as radiology
reports, into image generation presents another challenge.
Generative models utilizing text prompts as conditions demand
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Fig. 1. Overview of our generative model, MedSyn. Using a hierarchical approach, we first generate a 64 x 64 x 64 low-resolution volume, along
with its anatomical components, conditioning on Gaussian noise e and radiology report. The low-resolution volumes are then seamlessly upscaled

to a detailed 256 x 256 x 256 resolution.

a high-capacity denoiser to map the subtle and occasionally
ambiguous pathologies mentioned in the reports to visual
patterns. Enhancing the capacity of the UNet, further increases
memory usage.

In 3D medical image synthesis, limitations often manifest
as “hallucinations,” leading to potential biases and inaccura-
cies—critically concerning in medical settings. Our paper con-
centrates on generating Computed Tomography (CT) images
of the lung. Hallucinations may manifest as missing fissure
lines separating lung lobes or the creation of implausible
airway and vessel structures. This problem of hallucinations
is less pronounced in X-ray image generation (e.g., Roent-
Gen [5]) since the 2D X-ray projection obscures many fine
details, like the lung’s lobular structure, airway, and vessels.
However, the issue becomes more pronounced in 3D image
generation. Training on hundreds of thousands of 3D medical
images isn’t feasible, necessitating a strong prior to constrain-
ing the space of generative models.

To address these challenges, we propose MedSyn, a model
tailored for high-resolution, text-guided, anatomy-aware volu-
metric generation. Leveraging a large dataset of approximately
9,000 3D chest CT scans paired with radiology reports, we
employ a hierarchical training approach for efficient cross-
modality generation. Given the input of tokenized radiology
reports, our method initiates with a low-resolution synthesis
(64 x 64 x 64), which is then fed to a super-resolution
module to upscale the image to 256 x 256 x 256. We have
modified the UNet to bolster the network’s capacity (i.e.,
the number of parameters) without significantly increasing
memory requirements. MedSyn enhances controllability by
harnessing textual priors from radiology reports to guide
synthesis. We further regularize the generator by creating
segmentation masks of the lung’s airway, vessels, and lobular
structure as additional output channels alongside synthetic CT
images to conserve detailed anatomical features. The resultant
model can condition not only on the text but also on single or
paired anatomical structures. Our algorithmic experiments and
blind evaluations conducted by 10 board-certified radiologists
highlight the superior generative quality and efficiency of the
proposed method compared to baseline techniques. To the best

of our knowledge, this is the first work to evaluate a text-to-
medical image model with radiologists empirically. We also
delve into the significance of components within our proposed
modules. Our code and pre-trained model is publicly available
at https://github.com/batmanlab/MedSyn

Il. RELATED WORKS
A. Image Synthesis Based on Text Prompt

Text-conditional image generation enables new applications
and improves the diversity of generated images compared to
models that are not conditioned on text. The most relevant
studies in the domain of multi-modal generation include Ima-
gen [3], Latent Diffusion (Stable Diffusion) [4], Video Diffu-
sion [13], and RoentGen [14]. For natural images, both Imagen
and Latent Diffusion pioneered the text-conditional diffusion
models, producing high-fidelity 2D natural images. Dall-E
2 [15] uses pre-trained CLIP model to extract features, which
guides text-to-image generation Video Diffusion introduces
a method to generate videos using score-guided sequential
diffusion models, accepting text prompts as conditional inputs.
In medical imaging domain, RoentGen enhanced the Stable
Diffusion prior to achieve an exceptional generative quality for
Chest X-Ray scans. TauPETGen [16] proposes to utilize text
description as a condition for generating 2D Tau PET images.
However, these methodologies cannot be seamlessly integrated
into multi-modal 3D medical volume generation because of
their inherent 2D orientation or the challenges associated
with efficient high-resolution 3D volume creation. In addition,
most previous methods adopt language models pre-trained on
generic text, then fine-tune on it using biomedical text. In
contrast, we utilize a language encoder model [17] trained
specifically with biomedical text data that learns domain-
specific vocabulary and semantics.

B. Generative Models for 3D Medical Imaging

Generative models have emerged as a powerful tool in the
field of medical imaging, offering a range of applications
and benefits. Previous work [18], [19] leverages 3D GAN for
volume generation. However, the generated images are limited
to the small size of 128 x 128 x 128 or below, due to insufficient
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memory during training. In order to address the challenges
of producing efficient high-resolution medical volumes, HA-
GAN [6] introduces an end-to-end GAN framework that
operates on multiple-level feature maps. This can synthesize
medical volumes of dimensions 256 x 256 x 256 within a single
model forward pass. Recently, diffusion models have evolved,
and both ¢cDPM [10] and SADM [11] aim to generate full
3D volumes. This sequential approach was adopted primarily
because of the considerable memory demands of the 3D
Attention UNet. In order to mitigate the discontinuity between
slices due to sequential generation, MedGen3D [20] introduces
a diffusion refiner that generates images from three different
views and averages them. In order to address the memory con-
straint, Medical Diffusion [21] proposes to use VQ-GAN [22]
to compress volume into latent space, then trains a diffusion
model in the latent space. Yet, a compromise arises between
memory efficiency and speed during inference, making it
challenging to scale up for high-resolution and expansive
cross-modality medical volume creation. Pinaya et al. [23]
have previously used LDMs to generate 3D brain MRI. The
aforementioned limitations of previous works underscore the
unique value of our proposed method for efficient high-fidelity
cross-modality medical volume generation, distinguishing it
from prior techniques and applications.

I1l. BACKGROUND

Diffusion models contain two processes: a forward diffu-
sion process and a reversion diffusion process. The forward
diffusion gradually generates corrupted data from g ~ g(xg)
via interpolating between the sampled data and the Gaussian
noise as follows:

T
q(z1.7|70) : Hq (w¢]ai—1)

=1
q(ze|ri—1) == N(z; /1 = Bray—1, i),

where T denotes the maximum time steps and 3; € (0,1] is
the variance schedule. According to Sohl-Dickstein et al. [24],
this can be reformed as a closed-form solution, from which
we can sample x; at any arbitrary time step ¢ without needing
to iterate through the entire Markov chain.

= N (245 vVauwo, (1 — a)l), (D

in which a; = Hizl(l — Bs). The parameterized reversed
diffusion can be formulated correspondingly:

q(wt|xo)

T

po(zor) = po(zr) [ [ polai—1lae), 2)
t=1

po(@i—1|ze) == N (-5 po (@, 1), 071), 3)

where we can parameterize py(x;—1|z;) as Gaussian distri-
bution when the noise addition between each adjacent step is
sufficiently small, the denoised function 9 produces the mean
value of the adjacent predictions, while the determination of
the variance o; relies on ;. The optimization objective can

be written as follows:

== Eywo)gloilao) KL(@(@1-1 |71, 20) ||po (-1 |71)),
>0
4)

which indirectly maximizes the ELBO of the likelihood
po(xo). When zq is given, the posterior q(zi—1|ze, o) is
Gaussian. Thus, the above objective becomes ¢, distance
between the sampled x;_; from the posterior and the predicted
denoised data, conditioning on time step t. The practice of
predicting x( is also used in previous work [3]. The final
minimization objective for the diffusion model G can be
simplified as follows:

L = Eq(ao)q(ai]o0) |G(2e: ) — o3 (5)

IV. METHOD

Our radiology report conditional generated framework
(MedSyn), as illustrated in Fig. [I] is a hierarchical model built
upon the conditional diffusion models, which take the inputs
of a random Gaussian noise € and the text token features fe,¢
to generate a 256 x 256 x 256 medical volumes. The proposed
model has three core components: 1. A pre-trained text-
encoder (Medical BERT) for extracting language features from
radiology reports. 2. A text-guided low-resolution 3D diffusion
model that jointly synthesizes CT volume and its anatomical
structure volumes. 3. A super-resolution 3D diffusion model
for scaling up the low-resolution generated volumes and com-
plementing the missing anatomical details. In the following
session, we will introduce the details of our proposed method.

A. Learning Representations from Radiology Reports

To enable the text-guided medical image generation that
utilize radiology reports as the guidance, we train a text
encoder (Medical BERT [17]) that encodes natural language
from radiology reports into high-dimensional vectors (fiezt)-
The encoder schematic is shown in the lower part of Fig. [2]
Specifically, we use the CT radiology reports in our col-
lected data to fine-tune a BERT model [25] pre-trained on
datasets of chest X-ray reports. We use the “Impression”, and
the “Findings” sections of CT reports as the input for the
model since they provide the most characteristic descriptions
related to the disease symptoms and anatomy structures. The
model is then fine-tuned using two tasks: (a) Mask language
modelling; (b) Paired section prediction. In task (a), we
randomly replace 15% of input tokens with [MASK], and
use the network to predict the masked token. In task (b), we
randomly swap the “Impression” section of half of the samples
with another subject’s “Impression” section. As a result, half
of the samples in the dataset have unpaired “Impression”
sections and “Findings” sections. In this way, we construct
different [CLS] embedding for paired and unpaired samples.
Therefore, we train a linear classifier that uses the [CLS]
embedding to predict whether the input “Impression” and the
“Findings” sections are paired or not.
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Fig. 2. This figure shows our efficient low-res generative model with the clinical tokens input. In this process, we train the denoising diffusion UNet
and fix the pre-trained text feature extractor of Medical BERT. To be notified, our low-res base model has a large capacity of 700 million parameters.

B. Text-Conditioned Volume Generation

This section discusses how to incorporate the text em-
bedding from the Medical BERT. Direct training of high-
resolution diffusion models (such as 256 x 256 x 256 for a
given field of view) is highly memory-demanding and thus
not feasible. We propose an efficient hierarchical model with
a two-phase process. In the first phase, we generate a low-
resolution volume (64 x 64 x 64) conditioned via the radiol-
ogy report. In the second phase, the model outputs a high-
resolution volume 256 x 256 x 256 from a 3D super-solution
module, which only takes low-resolution volume as input. The
low-resolution image ensures the volumetric consistency of
the final images. Using the radiology reports as a condition
for low-res image generation is advantageous since we do not
need to compromise between resolution and model capacity.

1) Low-Resolution Volume Generation Conditioned on Re-
ports: To generate data conditioned via specific signals c, e.g.,
text information, we need to reformulate the unconditional
DDPM objective in Equation [4] with the conditions,

L=— Z Eq(mg)q(a:t|w0,c)KL<q(xt—1 |$t, X, C)Hpe (xt—l Ixta C))

>0
(6)
We first downsample the CT volume x( by 4x to produce the
low-resolution one xé. Then, given the extracted features from
the radiology report, we can finalize the training loss for the
text conditional diffusion model as follows:

Liow =E )

where G is the denoising model with cross-attention modules
and @ is its parameters. We inject the text conditional infor-
mation into the denoising network to reconstruct the original

x)) via a cross-attention mechanism.

q(wo,ftgzt)q(wi \zf)) ||G(mt’ ftezt; 9)

2) Super Resolution Model: Our model puts most of the
learning capacity in the low-resolution module. We designed
a lightweight diffusion UNet for the super-resolution module,
which takes the low-resolution input and outputs the full high-
resolution volume. For the super-resolution module, we design
the loss to match the denoising distribution as follows:

Louwp = = D Byay at)a(@elo)]
t>0
KL(g(zs-1]as, 20)|[po (21|, 20))]
ﬁgﬁgrommate = ]Eq(xo,x.’j)q(xt|x0)[

| H (24, zb; ) — 0]13], 8)

where H is the super-resolution denoising module with its
parameters ¢. To be notified, we do not contain the additional
text information in our super-resolution module to save the
computational cost.

C. Joint Generative Modeling of Volume and Anatomical
Structures

Lung CT scans exhibit more intricate details compared to
other organs. These include the bronchial tree formations, the
delicate vascular network, and fissure lines delineating the lung
lobes. Such complexity heightens the challenge of producing
high-fidelity synthetic lung CT volumes. And, those subtle
anatomical structures are easily ignored during the generative
modeling. Moreover, anatomical structures are usually roughly
described in the clinical report, which enlarges the difficulty
of CT synthesis purely based on radiology reports. Therefore,
we propose to model the volume generation jointly with
the anatomical structure generation, all conditioned on the
radiology reports. To this end, we extract the shape information
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for the core anatomical structures, i.e., the lung lobes, the
airway and the vessels. We choose the commonly used pre-
trained segmentation tools to provide stable shape information
for these three structures. We use lungmask [26] to segment
lobes from CT volumes and use TotalSegmentator [27] to
segment vessels, and the NaviAirway [28] is utilized for
airway segmentation. We denote the segmentation map as
l,a,v for the lung, airway and vessels. To enable the previous
model G(-;0) to jointly synthesize CT volume x along with
its structures [, a, v, we simply add three more channels to the
input and output layers of model G, while still conditioning on
time step ¢. We then directly concatenate them in the channel
dimension and construct a diffusion process on four-channel
3D volumes. To be notified, all the shape segmentations are
paired with the volumes in the concatenation operation. We
define the concatenation operation as concat(-) and the newly
constructed volume as z’ = concat(x,l,a,v). Then, with
minor modifications to Equations [7] and [8] we can write down
our joint generation training objectives for the low-resolution
phase and high-resolution phase as follows:

Elow = Eq(m&,text)q(w“x[’)) HG(I;; ftea:ﬁ 0) - 176”%, 9
LSUP = ]Eq(m{),.tg)q(x”m'o) ||H('r1/57 $6l, ) - I()H% (10)

D. Anatomically Controllable Synthesis

Compared with the conditional modelling of Control-
Net [29], our model is significantly different, where we
model the volume generation with the structure information
jointly p(z, ¢) while ControlNet generates data conditioned on
the structure p(z|c). Ours is more flexible as MedSyn can still
generate data when the predefined structures are unavailable,
which is not feasible for ControlNet. Furthermore, if we
marginalize one or multiple components in the joint denoising
process, such as fixing the [ given the predefined lobe structure
inputs, we can achieve exactly what ControlNet can do.
Further, if we fix the z, we can get the structure output from
our model, such as segmentation maps. We will show these
advantages of our model in the experimental section.

E. Efficient 3D Attention UNet

Although we propose an efficient two-phase text2volume
generation, like other works in 3D generation [10], we still
face the memory issue when generating such high-resolution
volume. Sequential generation with conditional diffusion mod-
els [10], [11] works as one solution, but new issues will be
easily introduced. Therefore, we design a new base neural
architecture for much more efficient volume generation. Com-
pared with the common 3D attention UNet [13] for video gen-
eration, we build an encoder-decoder with pure convolutions
and move all the attention mechanisms into the bottom of the
UNet. In this way, we propose a more efficient base model
structure that drops all the computational burden from the
attention mechanism while still benefiting it from the latent
space where spatial resolution is much lower. This increases
the parameter size via 10x more but largely increases the
computational efficiency. For the super-resolution network, we

almost remove all the attention modules and keep one temporal
attention at the bottom of the UNet, which makes it feasible
for 256 x 256 x 256 volume inputs.

F. Implementation Details

To pre-train our text encoder, we use 209,683 reports
without paired images, and 7,728 reports with paired images
as training set. We pre-train our text encoder for 5 epochs.
Our training objective for the diffusion models is a simple
reconstruction loss: the /5 pixel-level reconstruction between
the ground truth and the prediction for different denoising time
steps without any other terms, such as perceptual loss [30].

Following the common choice of training diffusion model,
we use a continuous cosine time scheduler [1]. For the
training of both the low-resolution diffusion model and the
super-resolution model, the number of time steps is set as
1000. During inference, we use 50 DDIM steps for the low-
resolution diffusion model, and 20 DDIM steps for the super-
resolution model. For the optimizer, we apply AdamW [31]
with the learning rate of 1 x 10~% and 3 = {0.9,0.999} with
clipping the gradient norm bigger than 1. We apply the mixed-
precision for optimizing models to make the training more
efficient. The gradient accumulation is applied during training
to scale up the training batch size, as diffusion models are
sensitive to the small training batch size [32]. Ultimately, we
can train our 700M parameters low-resolution base model with
a batch size of 64 and the super-resolution model with a batch
size 32 on four NVIDIA A6000 GPUs. Both models have
converged after undergoing 40k iterations of training.

V. EXPERIMENTS

This section presents a comprehensive evaluation of the
proposed generative model, MedSyn. We will first describe the
dataset used in this experiment. Then, the MedSyn is compared
with the state-of-the-art GANs and diffusion model, including
WGAN [33], a-GAN [18], HA-GAN [6] and Medical Diffu-
sion [34]. Extensive comparisons and analysis are finally given
to evaluate the effectiveness of our method, qualitatively and
quantitatively. For training of all baseline methods, we use the
author’s implementation. We made minimal modifications to
the code to adapt to our dataset. All models are trained from
scratch, for fair comparison with our method.

A. Dataset

We conduct experiments on a large-scale 3D dataset, which
contains 3D thorax computerized tomography (CT) images
and associated radiology reports from 8,752 subjects. The
dataset also contains 209,683 reports without corresponding
images. The images and reports are collected by the University
of Pittsburgh Medical Center and have been de-identified. We
randomly split our dataset of 8,752 subjects into a training
set consisting of 7,728 subjects (88%), and a validation
set of 1,024 subjects (12%). The images have been pre-
aligned using affine registration and re-sampled to 1mm3. We
resize the images to 256 x 256 x 256. We use the nearest-
neighbor downsampling to reduce the scans 4x to train the
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Fig. 3.

low-resolution base model. The Hounsfield units of the CT
images have been calibrated, and air density correction has
been applied. The Hounsfield Units (HU) are mapped to the
intensity window of [—1024, 600] and normalized to [—1, 1].

B. Evaluation for Synthesis Quality

TABLE |
QUANTITATIVE COMPARISON WITH DIFFERENT METHODS. OUR METHOD
OUTPERFORMS BASELINE METHODS IN TERMS OF DISTANCE METRICS,
AND PRESERVES AIRWAY BETTER

Method FID| MMD| Airway (x10*mm?)t
WGAN 0.070 0.094 1.07+0.64
a-GAN 0.028 0.057 1.1440.68
HA-GAN 0.023 0.054 2.0410.73
Medical Diffusion  0.013 0.022 1.77+0.93
Ours 0.009 0.019 3.3441.19
Ours w/o shape - - 1.9941.05
Real - - 4.5841.45

1) Quantitative Evaluation: If the synthetic images are realis-
tic, then their distribution should be indistinguishable from that
of the real images. Therefore, we can quantitatively evaluate

Randomly generated images (from HA-GAN and Medical Diffusion) and the real images. The first two columns show axial and coronal
slices, which use the HU range of [-1024, 600]. The last column shows the zoom-in region and uses HU range of [-1024, -250] to highlight the lung
details. Our method is the only one that can preserve delicate anatomical details, including fissures, as indicated by the arrows.

the quality of the synthetic images by measuring the distance
to the real data, using Fréchet Inception Distance (FID) [35]
and Maximum Mean Discrepancy (MMD) [36]. The lower the
FID/MMD value is, the more similar the synthetic images are
to the real ones. We use a sample size of 1,024 for computing
the FID and MMD scores. For our method, we use randomly
selected reports as the condition. To compute FID and MMD
scores for 3D CT scans, like [6], we leverage a pre-trained 3D
ResNet model on medical images [37] for feature extraction.
As shown in Table [ our method achieves lowest FID and
MMD than the baselines, which implies that our diffusion
model generates more realistic images.

Quantitative Evaluation on Anatomical Details: While
metrics like FID and MMD are widely used in literature and
empirically work well for natural images, they highlight the
semantic-wise similarly (distance) but may ignore subtle but
important anatomical details in medical images, as implied
by the small (FID/MMD) gap between different methods.
Their real distances, as later shows in Fig. 3] could be much
bigger when taking account into the anatomical details we are
focused on. Therefore, we evaluate how well the generated
images can preserve the anatomical details. Specifically, we



AUTHOR et al.: PREPARATION OF PAPERS FOR IEEE TRANSACTIONS ON MEDICAL IMAGING

True Data Generated Data (Diseased) Generated Data (Normal)

— P‘ N

Prompt: There is no airspace opacity, effusion or
pneumothorax. There is no evidence of suspicious
pulmonary nodule or mass.

Prompt: There are large pleural effusions seen. There is no airspace opacity or
pneumothorax. There is no evidence of suspicious pulmonary nodule or mass.

Prompt: There is extensive consolidation seen. No pulmonary nodules are noted.
Bone windowed images demonstrate no lytic or blastic lesions. No evidence of
pulmonary embolus.

Prompt: No consolidation is identified. No pulmonary
nodules are noted. Bone windowed images
demonstrate no lytic or blastic lesions. No evidence of
pulmonary embolus.

Prompt: There is no significant mediastinal
lymphadenopathy. There is no cardiomegaly. The
visualized upper abdominal organs are unremarkable.
There is minimal perihepatic free fluid.

Prompt: There is no significant mediastinal lymphadenopathy. There is moderate
cardiomegaly. The visualized upper abdominal organs are unremarkable. There is
minimal perihepatic free fluid.

Fig. 4. Images conditionally generated with disease-related prompts. We show the real images in the first two columns. Then we extract disease-
related mentions from their associated reports as conditions to generate images, which are shown in the third and fourth columns. We also show
the synthesized samples by conditioning on prompts reversed of the disease in the last two columns. Four slices are shown for each subject. The

generated images are conditioned on text only.
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use Total Segmentor [38] to segment vessels and airways from
generated images and real images, and measure the volume.
The results are shown in Table. [ We also perform statistical
tests (one-tailed two-sample #-test) on the evaluation results.
At the significance level of p < 0.05, the results are significant
for all three conditions, which further identify the effectiveness
of our model on prompting generation.

2) Qualitative Evaluation: To qualitatively analyze the re-
sults, we show cases of synthetic images from current state-
of-the-art GAN [6] and diffusion model [21]. As in Fig. 3] al-
though synthetic images from different methods are all closed
to the real ones in overall appearance, only our MedSyn con-
sistently produces anatomically plausible CT scans upon closer
inspection, showcasing its superiority.

C. Evaluation for Conditional Generation

TABLE Il
EVALUATION FOR CONDITIONAL GENERATION OF PLEURAL EFFUSION.
WE MEASURE THE SEGMENTED VOLUME OF PLEURAL EFFUSION FROM
GENERATED IMAGES CONDITIONED ON DIFFERENT PROMPTS

Prompt type Pleural effusion volume (L)

No effusion 0.00+.00
Large effusion 1.73+ .22
TABLE IlI TABLE IV

EVALUATION FOR CONDITIONAL EVALUATION FOR CONDITIONAL
GENERATION OF BULLOUS GENERATION OF
EMPHYSEMA. THE RESULTS CARDIOMEGALY. THE RESULTS
SHOW THAT THE BULLAE SHOW THAT THE
MENTIONING CAN INCREASE CARDIOMEGALY MENTIONING
THE EMPHYSEMA VOLUME IN  CAN INCREASE THE HEART SIZE
GENERATED VOLUMES IN GENERATED VOLUMES

Prompt type ~ %LAA-950 Prompt type CTR
No bullae 0.0194 018 No cardiomegaly 0.484+ 06
With bullae 14435 With cardiomegaly  0.754+ 24

Distribution of cardiothoracic ratio (CTR) for generated images

w
o
L
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Fig. 5. Distribution of cardiothoracic ratio for images generated condi-
tioning on different prompt types. The results show that when feeding
prompt with cardiomegaly mentioning, the generated images will have
higher CTR.

In this section, we perform experiments to study the rel-
evance of generated images in response to specific input

prompts, specifically on pleural effusion, bullous emphysema,
and cardiomegaly. First, we build prompt pairs by selecting
prompts from real reports that contain descriptions about
certain pathology (e.g. There are large pleural effusions seen),
and reversing its description (e.g. There is no pleural effusion)
to build its prompt pair. The prompts used here can be found
in Fig. @ Then, we use our model to generate images con-
ditioning on the original prompts and the modified prompts,
respectively. Conditioned on each prompt, we generate 32
CT volumes and perform quantitative analysis to measure the
alignment between the synthetic images and the abnormality
condition specified in the prompt. For pleural effusion, we use
Total Segmentor [38] to segment the effusion from generated
images and measure the volume. For bullous emphysema, we
measure the %LAA-950 (percentage of low attenuation areas
less than a threshold of -950 Hounsfield units) for generated
images. For cardiomegaly, we use Total Segmentor [38] to
segment the heart and lung region from CT volume, and then
we compute the cardiothoracic ratio (CTR) by measurement
of the maximal cardiac width divided by the maximal thoracic
width at the same axial scan level. The evaluation results for
pleural effusion, bullous emphysema and cardiomegaly are
shown in Table. VI [ and [[V] respectively. For pleural
effusion, we found that when conditioning on the prompt
with “large effusion,” the generated images show a greater
volume of pleural effusion compared to images synthesized
with a prompt containing “no effusion.” For bullous emphy-
sema, we found that the generated images conditioning on
prompt containing “no bullae” have higher %L AA-950 values,
which suggests more severe emphysema. For cardiomegaly, we
found that when conditioning on the prompt with “There is
cardiomegaly,” the generated images have higher CTR, which
suggests a greater degree of cardiomegaly. We also provide
the distribution of CTR in Fig. [

For the qualitative examples generated from our model,
we chose those three distinct prompts paired with negative
prompts to show the prompting effect on synthetic images. In
Fig. @ we show the volumes from the real and synthetic data
with the text description and the negative prompting synthetic
data. Our model shows the ability to generate unseen data and
control the generative process through prompting.

D. Controllable Synthesis via Conditioning on
Anatomical Structures

In this section, we explore the application of conditional
generation. In this study, we aim to generate data when the
anatomical structures are available, such as we can simulate
the structures of lobes, airways or vessels. Conditioned on
those priors, we are able to provide volumetric CT scans
through our model. In Fig [ we fix the lobes, vessels or the
airway in the input channel, respectively, which are segmented
from the real data. Then, we generate the lungs with those
anatomical structures, which shows great consistency with
those anatomical priors and variance for different seeds.

To be notified, if we marginalize the input channel of the
volumes, we can get the segmentation from the rest of the
channels, which means our model can perform the segmenta-
tion task as well. However, the generative quality is mostly
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Control Segs

True Image

Seed 1, Generated

Seed 2, Generated Seed 3, Generated

Fig. 6. Controlled volume synthesis via the anatomical priors. The first column shows the anatomical mask used as the condition. The second
column shows the corresponding real images. The remaining columns show samples of conditionally generated images. The results show that the

generated images can preserve the conditioning anatomical structures.

dominated by the low-res module, thus, the segmentation
cannot be compared with the state of the art. To show the
potential of future multimodal segmentation via prompt, we
compare the segmentation quality of the model with prompt or
without the prompt (by setting zero values for the conditional
text embedding). In our experiments, we use the embedding
extracted from the associated radiology report as the condition.
The evaluation results are shown in Table. [Vl We use Dice
score as the evaluation metric for segmentation. We note that
the baseline methods can’t use segmentation as conditioning,
so we don’t include the results here. We find that our method
achieves decent segmentation performance. With additional
information from reports, our method performs even better. In
this sense, we show that our generative model has the potential
for prompt-guided volumetric segmentation.

TABLE V
EVALUATION FOR SEGMENTATION. WITH ADDITIONAL INFORMATION
FROM REPORTS, THE SEGMENTATION IS FURTHER IMPROVED

Dice scoret Airway Lobe
No text prompt 0.70+.14  0.694.12
With text prompt  0.75+ .10 0.774.12

E. Data Augmentation for Supervised Learning

In this experiment, we used the synthesized samples from
MedSyn to augment the training dataset for a supervised
classification task. Previous work [39] has shown that synthetic
samples improve the diversity of the training dataset, result-
ing in a better discriminative performance of the classifier.
Motivated by their results, we conduct new experiments of
using our MedSyn for data augmentation. First, we train a
classifier for predicting lung opacity and pleural effusion from
CT scans in RADChest dataset [40]. Second, we use the
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SARLE labeler [40] to parse the reports in the validation set
of our UPMC dataset to derive the labels for lung opacity
and pleural effusion. Next, we randomly sampled 100 reports
parsed for positive and negative for the two diseases mentioned
above. Then, we use the 200 reports as the condition, and feed
them into our MedSyn model to generate additional samples.
Finally, we use the synthesized samples as extra samples
to train the classification models. We perform 5-fold cross-
validation. The results are shown in Table. We found
that when using augmented samples from our MedSyn, the
performance of the classifier can be improved.

TABLE VI
EVALUATION FOR DATA AUGMENTATION. BASELINE MODEL IS TRAINED
ONLY WITH REAL RADCHEST DATA. WE ALSO AUGMENT THE TRAINING
SET WITH 200 MEDSYN-GENERATED SAMPLES, AND REPORT THE
ACCURACY AND F1 SCORE.

Method Pleural effusion Lung opacity
Metric Accuracy% 1T F11 Accuracy% T F11
Baseline 90.74+3.2 0.79+ 05 61.042.2 0.724 .03
Augmented w/ MedSyn 94.04 o 0.844 o1 62.041.5 0.754 00

F. Evaluation by Radiologists

To complement the evaluations of our method, we designed
a blind evaluation survey that elicits board-certified radiol-
ogists’ opinions on the anatomical feasibility of structures
generated by our approach in comparison with those generated
by existing methods, including Medical Diffusion [34] and
HA-GAN [6], and real CT scans. The survey also exposes
how accurately radiologists can recognize pathologies in CT
scans generated by pathology prompts using our method. To
achieve a blind evaluation of the generated CT scans, we
intentionally did not mention to the radiologists that some of
the CT scans they were about to interpret were generated by Al
to avoid potentially biased results due to potentially negative
perceptions towards Al.

Overall, our findings from the survey with 10 radiologists
with varying years of experience (4 — 23 years) reveal that
radiologists can correctly recognize the pathologies defined
by the prompt in the CT scans generated by our method
with high accuracy. Additionally, our findings reveal that
our method generates CT scans with fissure lines and lobe
structures that are significantly more anatomically feasible
than in CT scans generated by the Medical Diffusion [34]
and HA-GAN [6] methods. Our findings also reveal that our
methods generate CT scans with airway structures that are
significantly indistinguishable from real CT scans and more
anatomically feasible than those in CT scans generated by the
Medical Diffusion method. We expand upon the experiment
design that led to these findings and additional statistical
analyses below.

1) Experiment Design: We designed an online survey to
elicit radiologists’ opinions on how accurately our method
represents different diseases and how our method compares to
generated CT images from related works and real CT images.
To explore this, our survey consisted of pathology recognition
and anatomical feasibility evaluation tasks. We designed an

interface for both tasks to simulate how radiologists view CT
scans by showing them the axial, coronal, and sagittal views.
Our interface, built on a medical research image viewer called
Papaya El, is embedded into a Qualtrics survey. We chose to
use Papaya due to the limitations of Qualtrics, and professional
viewers such as ITKSnap or 3DSlicer cannot be embedded into
an anonymized survey platform like Qualtrics. Hence, we have
limitations for the contrast window that radiologists use when
viewing vessels. Therefore, the evaluation of the vessels has
limitations in terms of visualization. Our interface did allow
radiologists to adjust the contrast of the images and swap the
main image with one of the other two views.

All radiologists were provided an instruction video to show
them how to interact with the interface before they started
the survey. During the instruction video, all radiologists were
told that they would review CT scans “that may belong
to different patients and were acquired based on different
image acquisition devices and image reconstruction methods”.
Additionally, one board-certified radiologist and one of the
authors were available while the participant took the survey to
help address any confusion or technical issues.

We recruited 10 board-certified radiologists with varying
years of experience to participate in our study. All radiologists
were recruited through our professional network.

a) Pathology Recognition Task: The pathology recognition
task in the survey asks radiologists to identify the most
prominent finding in the CT scan from a selection of options:
consolidation, pleural effusion, cardiomegaly, no abnormali-
ties, and other abnormalities not listed. They could leave a
note in an optional text field if they feel multiple prominent
or other findings are present. Radiologists are shown six CT
scans in total: five generated CT scans by our method and one
real CT scan. We generated five CT scans, including one for
cardiomegaly, one for consolidation, two for pleural effusion,
and one for no abnormalities. The real CT scan shown is
randomly selected to present one of those conditions. The six
CT scans are shown to the radiologist in a random order.

b) Anatomical Feasibility Task: The anatomical feasibility
task specifically asks radiologists to rank the four CT scans
based on how well they preserve the given anatomical struc-
ture, considering which most looks like it is of a real image
where 1 is best preserved and 4 is least preserved. This
task evaluates the realism of three categories of anatomical
structures: the lobe structure along with the fissure lines, the
vessel structures, and the airway structures. For each category,
we show the radiologists four different sets of four CT scans
to rank. The four sets and the four CT scans for a given set
are randomized in the order they appear. Lastly, the anatomical
structure to be identified is shown in a randomized order.

2) Analysis: For the pathology recognition task, we calcu-
late the total number of radiologists that correctly identify
the pathology used in the prompt to generate that CT scan.
We cross-check the radiologists’ open-ended responses for
correctness with a radiologist within our professional network.

Uhttps://github.com/rii-mango/Papaya
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For the anatomical feasibility task, we collect four data
points from each participant for the rank of each method for
the three categories (lobe structure along with lung fissures,
vessel structure, and airway structure). With this ranked data,
we calculate the frequency of participants that ranked each
method for each rank and calculate the mean rank. We use a
non-parametric Friedman test to determine if the mean rank
for each method is significantly different from that of the other.
We conduct a pairwise analysis to determine which mean ranks
are significantly different from each other and use Bonferonni
Correction to adjust the p-values due to multiple comparisons.
We set our significance threshold as p <= 0.05. We calculate
Kendall’s Coefficient of Concordance to determine how con-
sistent the rankings are across the radiologists.

3) Findings: The radiologists who completed the survey
included four senior-level radiologists with more than 15 years
of experience in radiology and six junior-level radiologists
with four to eight years of experience in radiology. One of
the radiologists is currently in their residency, and another
is a faculty member. The survey took the radiologists 37.47
minutes on average to complete (std = 12.06 minutes). Below
are additional statistics on each task.

a) Pathology Recognition Task: Figure |Z| shows that every
radiologist’s interpretation was consistent with the pathology
of the real CT scan and the prompted pathology in the
generated CT scan representing consolidation. Nine of ten
radiologists correctly interpreted the pathology for the CT
scans generated with a pathology prompt for cardiomegaly,
pericardial effusion, and normal conditions. Eight out of 10
radiologists correctly recognized the other pericardial effusion
case. One radiologist interpreted this CT scan to present
consolidation, while another mentioned another abnormality
that was not listed.

10
10 10

0 — —

CT: CT: CT: CT:
Cardiomegaly Consolidation Effusion 1

CT Real CT (any
Effusion2  abnormalities)

Number of Radiologists Interpreting the CT Correctly

Normal

Fig. 7. The number of radiologists that correctly interpreted the CT
scans generated by our method for different conditions and real CT
scans for different conditions.

b) Anatomical Feasibility Task: We found that the CT scans
generated by our method present lobe structures and lung
fissures that are significantly more anatomically feasible than
those generated by the Medical Diffusion (p < .05) and
weakly significantly better than CT scans generated by the
HA-GAN (p = .056). As seen in Figure 8] the real CT
scans are significantly better than all three of these methods,
as expected. Research images achieve higher quality than
clinical images because of limited data and limited exposure

patients can have with the imaging machines. The W from
Kendall’s Coefficient Test is 0.528, indicating moderate agree-
ment among the rankings provided by the radiologists for this
structure (p < .001), validating the effect of these findings.

P< 0.1 *; p<0.05 **; p<0.001 ***
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Fig. 8. The mean ranks for each method and each structure. We show
the p-values for our method compared to the other methods and the real
CT images. P-values for comparisons that do not include our method are
not included.

For the airway structures, CT scans generated by our
method produce airway structures that are significantly more
anatomically feasible than those generated by the Medical
Diffusion method (p < .05). Interestingly, our method is able
to generate the airway structures in CT scans to be significantly
indistinguishable from those in real CT scans (p = 0.1). The
radiologists, on average, ranked the anatomical feasibility of
the airway structures in the real CT images as 1.6 and 2.28
for our method (see Figure [g).

For the vessel structure, the real CT scans are significantly
better than all three methods (p = 0.0), and our method is
indistinguishable from the Medical Diffusion and HA-GAN
(p = 1.0); (Kendall’s Coefficient W = 0.413,p =< .001). We
hypothesize that we do not see any significance for the vessel
structure because we train our MedSyn with masks predicted
by pre-trained segmentation models, and those segmentation
methods are more reliable for the airway (NaviAirway [28])
than the vessel structures (TotalSegmentator [38]). Addition-
ally, the contrast of the CT scan was not pre-determined for
the radiologists for this structure, and some chose not to adjust
the contrast.

G. Ablation study on the language model

In our MedSyn model, we leverage a language model pre-
trained on biomedical text to extract conditioning features for
the diffusion model. In this section, we conducted new ablation
experiments to demonstrate the effectiveness of our biomedical
language model. Specifically, we adopt BERT-Base [25] as
pre-trained language model, which is pre-trained on general
text corpora, including English Wikipedia and BookCorpus
dataset [41]. Next, we fine-tuned the model with our radiology
report dataset. Finally, we re-train our diffusion model with
the standard language model, and perform the evaluation. The
results are shown in Table. [VIIl It’s evident that our choice of
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using a language model specifically pre-trained on biomedical
text improves the sensitivity of the diffusion model to text
prompts.

TABLE VI
EVALUATION FOR CONDITIONAL GENERATION OF PLEURAL EFFUSION.
OUR BIOMEDICAL LANGUAGE MODEL IS MORE SENSITIVE TO THE
EFFUSION MENTIONING IN THE PROMPT

Measured effusion volume (mL)  Generic pre-trained LM  Biomedical pre-trained LM

Prompting w/o effusion
Prompting w/ effusion

0.04+0.0
1725.74219.5

0.64+1.4
24459

VI. DISCUSSION

In this study, we achieve high-fidelity, anatomy-aware syn-
thesis of volumetric lung CT scans using guidance from radi-
ology reports. Nonetheless, our model has certain limitations.
First, the anatomical structures of the lobe, airway, and vessel
are derived from pre-trained segmentation networks. This
method may not always align with the ground truth, particu-
larly concerning detailed airway and vessel structures. Second,
the radiology reports only provide a condition on the low-
resolution images. Therefore, if the text condition mentions
subtle changes that require high-resolution, the model will
likely be unable to generate that. In other words, our current
model is good at generating global and large-scale changes.
While our approach demonstrates remarkable adaptability in
generating volumetric lung CT scans from radiology reports,
evaluating more intricate lung diseases remains challenging
due to the complexities presented in the reports. Such evalu-
ations might best be deferred to radiology experts. Therefore,
we conduct a blind user study by radiologists in Section.
which verified the quality and fidelity of the generated images.
During the inference time, our models support both generation
with only one conditioning type, and generation with both
text and shape conditioning. If the user thinks there might
be a conflict between the text prompt and anatomical shape
conditioning, he/she can choose to use one conditioning.

The existing conditional generative models utilized in med-
ical imaging have limited capabilities. They can either ac-
commodate discrete conditions (such as the presence and
absence of a disease) or are limited to only 2D images
(i.e., X-ray images) when conditioned on text. Utilizing free-
style text as a condition can yield substantial enhancements
in the diversity of the generated samples. One can control
the pathology and the anatomical location, severity, size, and
many other aspects of the pathology. This technique could
mitigate the longstanding issue of releasing extensive medical
imaging datasets. For example, collecting datasets for rare
pathology is challenging. Synthetic samples from a well-
trained generative model with a radiology report can be viewed
as the second-best replacement in such a scenario. While our
approach cannot entirely substitute the release of the real data,
collaborative efforts within the medical imaging community
to refine this model on diverse datasets and share it can
significantly mitigate this issue in the foreseeable future.

Our goal is to enhance the memory efficiency of the diffu-
sion model without compromising its fidelity. Memory demand

poses a significant bottleneck for generating high-resolution
3D medical images. To address this challenge, we introduce
a two-stage stacked diffusion model. Unlike latent diffusion
models (LDM), our hierarchical approach conducts denoising
operations directly on image pixels, offering finer control over
image generation and preserving higher fidelity details. Our
hierarchical diffusion model incurs higher computational costs
when compared to LDMs. There exists a natural trade-off
between fidelity and computational efficiency. However, in
our scenario, the advantages of heightened fidelity surpass
the disadvantages of slower generation times. Recently, there
have been advancements in methods [42], [43] that markedly
decrease the necessary denoising steps, sometimes even to just
one step. We anticipate that integrating these methods could
narrow the disparity between our approach and LDMs, and
we leave this as a prospect for our future work.

The proposed model has several fascinating applications
that could be pursued in the future. Data augmentation is
the most obvious application of the conditional generative
models [44], [45]. One can use the generative model as a
building block for model explanation, as suggested in [46]—
[48]. Generated samples can be used to audit the uncer-
tainty of pre-trained Deep Learning models by conditioning
on the pathology, changing various aspects of the anatomy,
and assessing the DL model’s output distribution. One can
deploy such an approach to evaluate and improve the out-of-
sample distribution of the DL model for various tasks such as
classification and segmentation [49]-[52]. Since our model can
condition anatomical segmentation and generate a consistent
volumetric image, one can use synthetic data to train a data-
free and robust segmentation method similar to [53], [54].

VIlI. CONCLUSION

Our research takes a significant step forward by synthesizing
high-resolution 3D CT lung scans guided by detailed radio-
logical and anatomical information. While GANs and cDPMs
have set benchmarks, they come with inherent limitations,
particularly when generating intricate chest CT scan details.
Our proposed MedSyn model addresses these challenges using
a comprehensive dataset and a hierarchical training approach.
Innovative architectural designs not only overcome previous
constraints but also pioneer anatomy-conscious volumetric
generation. Future work can leverage our model to enhance
clinical applications.
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