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Abstract

Image segmentation is important in
medical imaging, providing valuable,
quantitative information for clinical
decision-making in diagnosis, therapy,
and intervention. The state-of-the-art
in automated segmentation remains su-
pervised learning, employing discrimi-
native models such as U-Net. However,
training these models requires access
to large amounts of manually labelled
data which is often di�cult to obtain
in real medical applications. In such
settings, semi-supervised learning (SSL)
attempts to leverage the abundance of
unlabelled data to obtain more robust
and reliable models. Recently, genera-
tive models have been proposed for se-
mantic segmentation, as they make an
attractive choice for SSL. Their ability
to capture the joint distribution over in-
put images and output label maps pro-
vides a natural way to incorporate in-
formation from unlabelled images. This
paper analyses whether deep genera-
tive models such as the SemanticGAN
are truly viable alternatives to tackle
challenging medical image segmentation
problems. To that end, we thoroughly

evaluate the segmentation performance,
robustness, and potential subgroup dis-
parities of discriminative and generative
segmentation methods when applied to
large-scale, publicly available chest X-
ray datasets.

1. Introduction

Deep learning has shown promising results
in medical image segmentation (Ronneberger
et al., 2015). Applications include quanti-
fying disease progression (Liu et al., 2020),
lesion volumes (Robben et al., 2020), tu-
mour progression (Abdelazeem et al., 2020)
and radiotherapy planning (Oktay et al.,
2020). However, large annotated datasets
for training are scarce: despite data being
routinely collected for all patients, expert
annotations are prohibitively expensive and
time-consuming to obtain in practice. As a
result, models are often trained on smaller
datasets. Consequently, models may not
generalise well, with an often observed drop
in performance when the data characteristics
change—known as domain shift (Quinonero-
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Candela et al., 2008). In addition, poten-
tial biases in training data could cause deep
learning methods to exacerbate health dis-
parities (Obermeyer et al., 2019; Adamson
and Smith, 2018).
Semi-supervised learning (SSL) (Chapelle

et al., 2006) seeks to solve the problem of
labelled data scarcity by leveraging infor-
mation from unlabelled data in addition to
the labelled data. Recent literature on SSL
for segmentation focused on discriminative
methods, mainly by augmenting the labelled
training data through pseudo-labelling (Ke
et al., 2020) or constraining models’ la-
tent representation by enforcing consistent
predictions within similar datapoints (Ouali
et al., 2020). Methods based on these
concepts have been extensively studied in
the medical imaging context (Shurrab and
Duwairi, 2022; Jiao et al., 2022).
Advances in SSL also span generative

methods (Sajun and Zualkernan, 2022). The
works byWei et al. (2018) and Li et al. (2017)
learn the distribution of the input data X
to train a classifier more robustly. Recently,
Li et al. (2021) expanded the modelling of
p(x) to the joint distribution p(x, y) of im-
ages x and their semantic segmentations y for
SSL. Their method showed promising prelim-
inary results on generalisations to new tasks
and datasets, characteristics particularly de-
sirable in medical imaging.
This work examines the aptitude of SSL

deep generative models that learn the joint
distribution of p(x, y) to the challenging real-
world medical image segmentation context.
We conduct an extensive empirical analysis
on SemanticGAN (Li et al., 2021) as a rep-
resentative example, compared to a state-of-
the-art fully supervised network and a semi-
supervised discriminative ablation study on
SemanticGAN for chest X-ray lung segmen-
tation, to substantiate the following:

• We provide thorough experimental evi-
dence for SemanticGAN’s generalisabil-

ity for in- and out-of-domain tasks ac-
cording to segmentation metrics and
downstream disease classification per-
formance;

• We uncover that the model’s robust-
ness cannot be explained by adversarial
training alone;

• We characterise the model’s strengths
and weaknesses regarding subgroup dis-
parities and biases in the training data.

2. Related work

SSL for semantic segmentation Re-
cent advances in SSL for semantic seg-
mentation can be broadly categorised into
two sometimes overlapping clusters: pseudo-
label based and consistency constraint based.
The former cluster use supervised learn-
ing architectures trained multiple times over
pseudo-labels, which are labels produced by
model predictions (Olsson et al., 2021; Chen
et al., 2021; Wang et al., 2022). A limi-
tation of these models is that they do not
leverage the unlabelled datapoints for which
their predictions are not confident. The lat-
ter uses auxiliary tasks to generate a sepa-
rable and information-dense latent represen-
tation of the data where similar datapoints
are close (Ouali et al., 2020; Liu et al., 2022).
For example, an idea borrowed from gener-
ative adversarial networks (GAN) is to use
a discriminator to constrain the segmenta-
tion model to produce consistent segmenta-
tions (Hung et al., 2018). These methods
all su↵er from poor generalisation to unseen
data, and sometimes underperform fully su-
pervised methods (Singh et al., 2008; Yang
et al., 2021).

Generative methods in SSL A stream
of generative methods for SSL uses vari-
ational autoencoders (VAEs), modelling
p(x, y) through various latent variable mod-
els (Kingma et al., 2014; Ehsan Abbasnejad
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et al., 2017; Joy et al., 2020). However, VAEs
are rarely used in per-pixel classification.

In contrast, there are several GAN-
inspired methods for generative SSL. Don-
ahue et al. (2016) devised the “bi-directional
GAN” method, where an encoder maps the
image distribution to the GAN latent space.
Further works (Dumoulin et al., 2016; Ku-
mar et al., 2017) use the latent space as
the classification feature space. These works
generate a compact representation of the
data distribution of the images p(x) and use
it to predict the image label in a supervised
manner. Other authors employed both gen-
erative modelling and adversarial training to
learn the image label. Using architectures
derived from TripleGAN (Li et al., 2017),
Dong and Lin (2019) and Wu et al. (2019)
propose to learn p(x) through a GAN gen-
erator. Samples from the GAN are then
concatenated to labels discriminatively gen-
erated by a classifier and fed to a discrimi-
nator for adversarial training. To the best of
our knowledge, no GAN-based method other
than Li et al. (2021) learns the joint distri-
bution p(x, y). For this reason, our work fo-
cuses on the latter.

SSL in medical imaging The literature
on SSL methods in medical imaging broadly
follows that of semantic segmentation, with
pseudo-labelling methods (Han et al., 2022),
consistency regularisation methods (Basak
et al., 2022) and adversarial learning (Peiris
et al., 2021). An in-depth review can be
found at Jiao et al. (2022). Generative meth-
ods are seldom used. Liu et al. (2019) used
a GAN to reconstruct images as an auxil-
iary task for diabetic retinopathy screening,
and Zhang et al. (2022) used an architecture
similar to TripleGAN to detect Parkinson’s
Disease. To our knowledge, no previous work
aims to assess methods that model the joint
distribution of images and labels in SSL.

3. Methods

The SemanticGAN Li et al. (2021) authors
hypothesised that modelling the joint distri-
bution p(x, y) of images and segmentations
yields superior robustness to domain changes
in comparison to discriminative methods, or
methods only modelling p(x). We aim to ver-
ify this hypothesis in a real-world medical
imaging context. Specifically, we compare a
generative SSL method, SemanticGAN (Li
et al., 2021), to a state-of-the-art fully su-
pervised semantic segmentation architecture,
DeepLabV3 (Chen et al., 2017) and to an ab-
lation study on SemanticGAN. Our proposed
ablation study pertains to the generative arm
of SemanticGAN to determine whether ad-
versarial training is su�cient for Semantic-
GAN’s success.

3.1. SemanticGAN

SemanticGAN bases its architecture on
StyleGAN2 (Karras et al., 2020). Traditional
GANs sample a noise vector z ⇠ N (0, I) and
transform it through an upsampling architec-
ture into an image. In contrast, StyleGAN2
transforms the noise vector into a higher di-
mensional style vector w 2 W that is fed
to the upsampling architecture at di↵erent
stages, similarly to style transfer architec-
tures. StyleGAN2 also borrows ideas from
ResNet as it uses skip-connections to gen-
erate images of increasing resolution. Se-
manticGAN modifies StyleGAN2 by using
a second set of skip-connections to gener-
ate the image semantic segmentation, and
adding a multi-scale patch-based discrimina-
tor (Wang et al., 2018) for the segmentation.
The method also adds an encoder from the
image space into the W space (Richardson
et al., 2021).

The model is trained against two discrimi-
nator models: the first, Dr, determines if the
image is generated or real, and the second,
Dm, determines if an image and segmenta-
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tion pair is generated or real. Following the
original notation (Li et al., 2021), the objec-
tives are defined as:

LG = E
z⇠p(z)

(x̃,ỹ)=G(z)

[ log(1�Dr(x̃)) (1)

+ log(1�Dm(x̃, ỹ))] ,

LDr = � E
x⇠Du

[ logDr(x)] (2)

� E
z⇠p(z)

x̃=GX(z)

[ log(1�Dr(x̃))],

LDm = � E
(x,y)⇠Dl

[ logDm(x, y)] (3)

� E
z⇠p(z)

(x̃,ỹ)=G(z)

[ log(1�Dm(x̃, ỹ))],

where G is the generator, Du and Dl are
the unlabelled and labelled datasets, respec-
tively, and (x, y) and (x̃, ỹ) are resp. real and
generated samples.
Lastly, the model is also composed of an

encoder E, which maps images to latent style
representations compatible with StyleGAN2.
The latter is trained with both an image re-
construction loss Lu and a semantic segmen-
tation reconstruction loss Ls:

Lu = E
x⇠D

[LLPIPS(x,GX(E(x))) (4)

+ �1kx�GX(E(x))k22] ,
Ls = E

(x,y)⇠Dl

[H(y,GY (E(x))) (5)

+ DC(y,GY (E(x)))] ,

where LLPIPS(·, ·) is the Learned Percep-
tual Image Patch Similarity distance (Zhang
et al., 2018), H is the cross entropy loss,
DC is the Dice coe�cient loss (Isensee et al.,
2018) and D = Dl [ Du. The model is
trained in two steps. Firstly, the image and
segmentation generative branch is trained
along with the discriminators. Secondly, the
weights of the generative branch are frozen,
and the encoder is trained. We use the ar-
chitectures in the original paper, where the
modified StyleGAN2 generator has 31M pa-
rameters, the StyleGAN2 discriminator Dr

has 28M, the multi-scale patch-based dis-
criminator Dm has 8M, and the encoder E
has 7.4B parameters.

3.2. Fully supervised baseline

We compare SemanticGAN with DeepLabV3
on a 101-layer ResNet (He et al., 2016) back-
bone, totalling 59M parameters. DeepLabV3
is considered state-of-the-art in semantic seg-
mentation; its success based on augment-
ing the field of view of the network through
atrous convolutions. The architecture was
optimised with a similar loss function to the
SemanticGAN encoder Ls (Eq. (5)) for com-
parability:

LSupOnly = E
(x,y)⇠Dl

[H(y,DL(x)) (6)

+ DC(y,DL(x))] ,

where DL stands for DeepLabV3. We call
this supervised baseline SupOnly.

3.3. Non-Generative Adversarial

Network

For the ablation study, we employ the ar-
chitecture of DeepLabV3 to produce seg-
mentation and train the model adversar-
ially using SemanticGAN’s architecture of
Dm, which together have 67M parameters.
During training, we pass labelled or unla-
belled images through the CNN architec-
ture. We concatenate the resulting segmen-
tation with the image and pass it through
a discriminative model, charged with deter-
mining whether the pair comes from the
labelled data distribution. In mathemati-
cal terms, the objective functions are (cf.
Eqs. (1) and (3)):

LSeg = E
x⇠D

[log(1�Dm(x,DL(x)))] , (7)

LAdv = � E
(x,y)⇠Dl

[logDm(x, y)] (8)

+ E
x⇠D

[log(1�Dm(x,DL(x)))] ,
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where LSeg optimises the weights of the dis-
criminative segmentation model, and LAdv

optimises the weights of the adversarial
model. We call this adversarially trained
method SemanticAN.

By design, SemanticAN is an ablation on
SemanticGAN, testing whether the adversar-
ial training is su�cient for an SSL model to
generalise well, or whether learning the dis-
tribution of p(x) is beneficial.

In Appendix B, we also compare Semantic-
GAN to SupOnly and SemanticAN based on
a U-Net backbone (Ronneberger et al., 2015)
(578k param.) to evaluate the requirement of
large models.

4. Datasets

In order to compare and contrast the appli-
cability of di↵erent approaches, we test them
on the task of chest X-ray lung segmentation.
Chest X-rays are one of the most common
radiological examinations, and automatically
extracted features from anatomical regions
such as the lungs can support clinical deci-
sions.

We use the ChestX-ray8 (Wang et al.,
2017) (n=108k) and CheXpert (Irvin et al.,
2019) (n=76k) unlabelled datasets and the
NIH (Tang et al., 2019) (n=95), JSRT
(Van Ginneken et al., 2006) (n=431), and
Montgomery (Jaeger et al., 2014) (n=138)
labelled datasets, where the NIH dataset
is an annotated subset of the ChestX-ray8
dataset. A detailed description of the
datasets can be found in Appendix table A.I,
while thumbnails of the datasets can be
found in Appendix figures D and A.IV, and
raining details in Appendix A.

5. Experiments

5.1. Model performance and in- and

out-of-domain generalisation

We assess the resilience of generative seg-
mentation networks to dataset changes by
training SemanticGAN with the ChestX-
ray8 unlabelled dataset and the JSRT la-
belled dataset, and testing the performance
on the hold-out set of JSRT, the NIH
dataset, and the Montgomery dataset. In
this manner, we test the model on in-domain
data for the labelled dataset, in-domain
data for the unlabelled dataset, and out-of-
domain data. We calculate the Dice coe�-
cient, precision, recall, average surface dis-
tance, and Hausdor↵ distance in pixels for
each population. The precision and recall
highlight methods prone to over- or under-
segmentation, whereas the average surface
distance is sensitive to the distance between
segmentations, and the Hausdor↵ distance is
sensitive to far away outliers. We compare
the performance of SemanticGAN to that of
SupOnly and SemanticAN, where SupOnly
is only trained on the JSRT labelled dataset.

The results summarised in Table 1 show
SupOnly consistently outperformed Seman-
ticGAN and SemanticAN when tested on
JSRT and Montgomery. When tested on
NIH, SemanticGAN outperformed SupOnly
in terms of recall and Hausdor↵ distance,
whereas Dice score, precision and average
surface distance were inconclusive when com-
paring the two. These findings are in line
with a stream of literature (Yang et al., 2021)
claiming that SSL methods do not consis-
tently outperform fully supervised methods.

Nevertheless, SemanticGAN produced
Dice, precision and recall scores on av-
erage greater than 90%, and an average
surface distance of at most 8.8 pixels. The
results indicate that the performance of
SemanticGAN on datasets from a di↵erent
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Table 1: Models performance w.r.t. ground truth segmentations. Reported as mean ±
standard deviation over the dataset.

Dice Precision Recall
Avg. surface
distance

Hausdor↵
distance

JSRT (labelled in-domain)

SupOnly 99.3 ± 0.4 99.1 ± 0.4 99.5 ± 0.5 0.3 ± 0.2 1.1 ± 0.4

SemanticAN 91.2 ± 5.2 93.3 ± 3.7 89.8 ± 7.6 3.7 ± 2.0 14.7 ± 7.1
SemanticGAN 98.2 ± 1.3 98.3 ± 1.5 98.1 ± 1.2 0.7 ± 0.6 2.5 ± 2.4

NIH (unlabelled in-domain)

SupOnly 90.3 ± 8.1 95.3 ± 4.6 86.5 ± 11.4 4.8 ± 4.8 25.5 ± 22.7
SemanticAN 72.4 ± 19.6 75.4 ± 18.8 71.2 ± 21.2 10.9 ± 7.13 35.5 ± 17.1
SemanticGAN 90.1 ± 3.4 89.9 ± 6.5 90.9 ± 5.0 4.9 ± 3.3 18.2 ± 16.0

Montgomery (out-of-domain)

SupOnly 96.5 ± 2.3 98.8 ± 0.7 94.4 ± 4.0 1.3 ± 0.7 5.5 ± 7.2

SemanticAN 57.9 ± 33.4 62.4 ± 31.0 55.5 ± 35.1 19.3 ± 15.1 54.8 ± 38.9
SemanticGAN 91.3 ± 5.6 92.6 ± 7.9 90.4 ± 4.2 8.8 ± 10.5 34.2 ± 39.1

distribution is consistent, although not
consistently superior to baselines.
SemanticAN underperformed Semantic-

GAN and the supervised baseline, whether
presented with scans from the distribution of
a labelled training set, unlabelled training set
or a new dataset. Its sub-par performance
on NIH suggests that the model did not ex-
ploit the unlabelled dataset Du, and overfit
to the training data distribution Dl. We find
that the adversarial training alone is insu�-
cient to learn the imaging data distribution
and distorts the training signal, resulting in a
weaker model than both SemanticGAN and
the supervised baseline.

5.2. Downstream task performance

for disease classification

As a secondary indicator of the model per-
formance, we evaluate the segmentation al-
gorithm on a downstream task. This eval-
uation method benefits from not requiring
ground truth segmentations, allowing us to

test on larger datasets, such as CheXpert and
ChestX-ray8. We choose the disease classi-
fication downstream task, where we use the
segmentation algorithm to mask the back-
ground to the lungs and detect di↵erent lung
abnormalities.

For this purpose, we compare the per-
formance of a classification model trained
on original unmasked images and images
masked with SupOnly, Semantic AN, and Se-
manticGAN from the CheXpert dataset. Un-
fortunately, we cannot compare these perfor-
mances to that of the CNN trained on im-
ages segmented by clinicians due to the ab-
sence of such segmentations in the CheXpert
dataset. The implementation details can be
found in Appendix A. Within the reported
14 pathologies, we pick three clearly visi-
ble within the lung area and with a signif-
icant prevalence: pleural e↵usion (35.6%),
lung opacity (47.8%) and oedema (18.9%),
where lung opacity and pleural e↵usion co-
occur in 28.5% of patients, lung opacity and
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Figure 1: CheXpert images masked by models trained on ChestX-ray8 and JSRT. First row:
unmasked image; second row: SupOnly segmentation; third row: SemanticAN
segmentation; fourth row: SemanticGAN segmentation. Titles: pathology label.

oedema co-occur in 16.5% of patients, pleu-
ral e↵usion and oedema co-occur in 15.6% of
patients, and all three pathologies co-occur
in 9.5% of patients. We hypothesise that the
information in the lung area is su�cient to
classify the image correctly. Hence, a per-
fectly segmented image should be as predic-
tive as the unmasked image and more pre-
dictive than any erroneously segmented one.
We train a binary classifier for each pathol-
ogy and segmentation method and report the
area under the receiver operator characteris-
tic curve (AUROC) on the test images seg-
mented with the same method as the training
dataset. We provide confidence intervals by
training the binary classifier with five di↵er-
ent seeds. In addition, we inspect a sample
of the segmented images for a qualitative as-
sessment.

Figure 1 shows examples of patients’ scans
segmented with SemanticGAN and the two
baselines. Both SupOnly’s and Semanti-
cAN’s segmentations have irregular and dis-
connected shapes. They often mistake some
low-intensity background areas for lungs,
and under-segment high-intensity areas in
the lungs, such as medical devices. Semantic-
GAN’s segmentations are anatomically plau-
sible in shape across patients. However, the
segmentation is sometimes misaligned with

the lung – for example on the last row of Fig-
ure 1, the top-left segmentation starts before
the lung area.

Table 2 shows the results of the classifi-
cation tasks. In contrast with the results
in Section 5.1, SemanticGAN outperformed
both SupOnly and SemanticAN for the clas-
sification of all tasks but Pleural E↵usion,
where SupOnly and SemanticGAN perform
similarly. Paired with the qualitative assess-
ment, we deduce that although Semantic-
GAN scores low on the segmentation metrics
in Section 5.1, its segmentations are consis-
tent in shape and may more robustly capture
the anatomical region of interest for disease
classification.

In addition, an investigation of how the
pathologies’ co-occurrence a↵ect predictions
found that all models predicted worse for pa-
tients with co-occurrences than for patients
without co-occurrence. Our intuition is that
the more pathologies are present in the im-
age, the noisier the signal for each individ-
ual pathology, and the harder it can be for a
given model to classify the (masked) images.
In addition, the hierarchy of performance be-
tween SupOnly, SemanticAN, SemanticGAN
and Unmasked shown in Table 2 was ob-
served for patient subgroups with multiple
pathologies.
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Table 2: Diagnosis classification AUROC for images masked using di↵erent segmentation
models on the CheXpert dataset (out-of-domain). Reported as mean ± standard
deviation over the dataset.

Opacity E↵usion Oedema

SupOnly 67.4 ± 0.2 82.0 ± 0.1 77.8 ± 0.2
SemanticAN 66.6 ± 0.2 78.9 ± 0.2 77.2 ± 0.1
SemanticGAN 67.9 ± 0.1 82.2 ± 0.2 78.1 ± 0.2

Unmasked 70.1 ± 0.3 85.0 ± 0.2 79.1 ± 0.1

Finally, the superior classification perfor-
mance of the classifier trained on unmasked
images indicates that lung segmentations are
imperfect for all methods, or other image re-
gions may play an important role in the pre-
diction of disease.

5.3. Performance across subgroups

and training bias

Subgroup performance Figure 2 shows
the stratification by the patient’s biologi-
cal sex of the Dice similarity coe�cient de-
rived in Section 5.1. A corresponding nu-
merical table can be found in Appendix Ta-
ble A.V. The relative model performance for
females versus males was mixed for all mod-
els, except for SemanticAN. The latter per-
formed statistically significantly better for
males than females for all datasets. On the
other hand, SupOnly performed comparably
for the two subgroups for all datasets, and
SemanticGAN performed comparably for the
subgroups for all datasets but Montgomery,
where it performed better for males. As Se-
manticAN is overfitting the labelled training
data, it is unsurprising that it carries the
same bias as on the training group on other
groups. SemanticGAN showed to be more
robust to biases than SemanticAN, yet worse
than the fully supervised baseline.
When comparing models for each sub-

group, SemanticAN underperformed both

SupOnly and SemanticGAN for all sub-
groups and datasets, and SupOnly outper-
formed SemanticGAN for all subgroups but
females in NIH, where they performed com-
parably. These results are consistent with
the findings in Section 5.1.

A similar analysis stratifying the results of
Section 5.2 can be found in Appendix C.

Training Bias A follow-up question to
the subgroup stratification experiment is
how stronger population biases in the train-
ing dataset a↵ect the model performance
over protected subgroups (Larrazabal et al.,
2020). Specifically, we wish to learn whether
the training of di↵erent parts of Semantic-
GAN with biased data a↵ects the model per-
formance; and whether the performance is
more sensitive to a bias in either the labelled
or the unlabelled datasets.

On that account, we generate a biased un-
labelled dataset fDu from ChestX-ray8, and a
labelled biased dataset fDl from JSRT, both
composed of only the biological male, re-
moving all biological females from the orig-
inal datasets. We perform three sets of
experiments, recapitulated in Appendix ta-
ble A.IV. Firstly, we train a model solely on
biased data, illustrating the most extreme
circumstances. We call it the “full bias”
model. Secondly, we train two models us-
ing the biased datasets at two di↵erent train-
ing phases. We train one model by train-
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Figure 2: Stratification of segmentation results (Sections 5.1) by biological sex.

ing the generator G with the biased datasets
eD = fDu[fDl and then the encoder E with the
original datasets D. We train a second model
by training G with the original datasets D
and E with the biased datasets eD. We call
these the “biased generator” and “biased en-
coder” models respectively. Thirdly, we train
one model with biased labelled data fDl and
original unlabelled data Du for both G and
E, and a second model with original labelled
data Dl and biased unlabelled data fDu. We
call these the “biased labelled dataset” and
“biased unlabelled dataset” models respec-
tively.

For each iteration, we test the model on
the same unbiased test datasets, JSRT, NIH
and Montgomery, and compare their per-
formance to the model from Sections 5.1
and 5.2, trained on the original dataset D—
the “control” model.

Figure 3 presents the di↵erences in Dice
scores when training SemanticGAN with bi-
ases in di↵erent parts of the process. A de-
tailed table with numerical values can be
found in Appendix Table A.VI. Overall, the
training bias a↵ected the performance of
the JSRT dataset more than on the other
datasets. For JSRT and biological females,
the full bias, biased encoder and labelled
data models performed significantly worse
than the control. However, biasing gener-
ator and unlabelled data did not harm the
model performance. In addition, the female
bias did not a↵ect the male subgroup per-
formance. However, for the NIH and Mont-

gomery datasets, the discrepancy in model
performance was smaller. The control model
performed better than the full bias and bi-
ased unlabelled dataset models for females,
and the biased encoder model for females in
NIH.

The in-domain dataset results on JSRT for
labelled data and NIH for unlabelled data
were sensitive to biases in their training do-
main and the biased encoder. Intuitively,
these results are coherent with the train-
ing paradigm, as the encoder explicitly min-
imises the di↵erence between the datasets
and the models’ outputs. The sensitivity to
the biased unlabelled dataset in the out-of-
domain dataset results also substantiates the
hypothesis that SemanticGAN’s generalisa-
tion properties derive from its training on
unlabelled data. Consequently, if the model
is presented with data significantly di↵erent
from the unlabelled dataset, we expect Se-
manticGAN to decrease in performance.

6. Conclusion

In conclusion, this work provides a thorough
analysis of the segmentation performance,
robustness, and potential subgroup dispari-
ties of discriminative and generative segmen-
tation methods when applied to large-scale,
publicly available chest X-ray datasets.

We found that SemanticGAN generates
consistent predictions in shape (Section 5.2)
and accuracy (Section 5.1), performing bet-
ter than baselines on downstream tasks (Sec-
tion 5.2). Our experiments on SemanticAN
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Figure 3: Impact of biological sex bias on model performance.

in Section 5.1, the ablation study model, re-
vealed that SemanticGAN’s performance is
due to its ability to learn the joint image and
segmentation distribution p(x, y).
The experiments on biased training in

Section 5.3 highlighted the model’s reliance
on the unlabelled dataset for generalisa-
tion to out-of-domain datasets. In addition,
counter-intuitively, the most significant rel-
ative drop in performance was observed in
the labelled in-domain setting. Further work
should aim to understand the model’s weak-
nesses to di↵erent biased training data.
Although SemanticGAN showed strong

and consistent performance, the fully-
supervised baseline consistently scored
higher on segmentation metrics. An in-
teresting follow-up study would be to test
the hypothesis that the method’s strengths
outweigh its weaker performance in an
active learning regime, whereby only the
most informative examples are annotated.
Our findings suggest that generative mod-

els are particularly well-suited when shape
consistency is a critical desideratum. For
other circumstances, the results reported in
this work show that the method examined
generalises well and does not exacerbate ex-
isting biases. However, SemanticGAN some-
times fails to perform better than a baseline
that is easier to train and achieves excellent
segmentation scores. We conclude that gen-
erative approaches to medical image segmen-
tation have potential and should be investi-
gated in future work. They may become a
viable alternative to discriminative models,

in particular, due to their ability to incorpo-
rate information from unlabelled data.
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Appendix A. Training details

We resize the images to 256 ⇥ 256 resolu-
tion and normalise the pixel values to the
range [�1, 1] for both images and segmenta-
tion maps to be compatible with StyleGAN’s
architecture. In line with Oh et al. (2020)
prior to rescaling, we equalise the intensity
histogram and apply a gamma correction of
factor 0.5.

For SemanticGAN, we use the same hy-
perparameters as Li et al. (2021). We train
the first step for 100k steps with a batch size
of 8 on a single GPU. We choose the model
at the step with the lowest FID score, and
train the second step for 200k batches with
a batch size of 4 (800k sample iterations).

For SemanticAN, we use the same hyper-
parameters as Li et al. (2021) but a smaller
learning rate of 2 ⇥ 10�4. We train for 50k
batches with a batch size of 32 (1,600k sam-
ple iterations) and choose the model with the
highest validation DICE score.

For SupOnly, we use an Adam optimiser
(Kingma and Ba, 2015) with learning rate
of 10�5 and weight decay of 10�4. We train
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Table A.I: Datasets used in our experiments

Name
Segmentation

labels
# scans # males # females

ChestX-ray8 No 108,000 60,999 (56%) 47,001 (44%)
JSRT (train) Yes 350 171 (49%) 179 (51%)
JSRT (test) Yes 81 35 (43%) 46 (57%)
NIH* Yes 95 53 (56%) 42 (44%)
Montgomery Yes 138 63 (46%) 74 (54%)
CheXpert No 76,205 44,773 (59%) 31,432 (41%)

*The NIH dataset is an annotated subset of ChestX-ray8.

for 10k batches with a batch size of 32 (320k
sample iterations) and choose the model with
the highest validation DICE score.
Throughout the paper, any mention of sta-

tistical significance implies that we carried
out a dependent t-test for paired variables
and an independent Welch’s t-test for inde-
pendent variables, and the p-value was below
0.05.

Downstream task performance for dis-

ease classification For the classification
model, we use a DenseNet (Huang et al.,
2017) pre-trained on ImageNet from torchvi-
sion (Marcel and Rodriguez, 2010). We re-
place the last layer with a dense layer and
randomised weights. We use the CheXpert
dataset, set the intensities of pixels outside
the lung area to zero, and separate training
and test sets. We experiment with rescaling
the scans’ intensities between 0 and 1, and
find that the model performs better when the
intensities are unnormalised – between 0 and
255. We optimise the model with an Adam
optimiser with learning rate of 10�3.

Appendix B. Comparing U-Net
and DeepLabV3
backbones

This appendix chapter aims to compare the
performance of DeepLabV3 and U-Net for
fully supervised and semi-supervised seg-

Table A.II: Diagnosis classification AUROC
for images masked using dif-
ferent segmentation models on
CheXpert (out-of-domain).

Opacity E↵usion Oedema

SupOnly UN 66.3 80.0 76.7
SupOnly DL 67.5 82.0 78.0
SemanticAN UN 67.1 81.5 77.3
SemanticAN DL 66.8 78.8 77.3
SemanticGAN 68.1 82.2 78.4

Unmasked 70.3 85.3 79.0

mentation. In Experiment 1 – shown in
Figure A.III – when only using labelled im-
ages, DeepLabV3 outperforms both U-Net
and all unsupervised methods in most test-
ing circumstances. However, it is interest-
ing to see that the adversarially trained U-
Net performs comparably to the adversari-
ally trained DeepLabV3 for the labelled in-
domain data, and better for the unlabelled
in-domain data and out-of-domain data.
Similarly, in Experiment 2 – shown in Fig-
ure A.II – SemanticAN trained with the U-
Net backbone outperforms the DeepLabV3-
based SemanticAN. These results highlight
that DeepLabV3 overfits to the labelled
training data.
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Appendix C. Downstream task
subgroup
performance

Figure A.I shows the stratification per sex
of the AUROC for the diagnoses of lung
opacity, pleural e↵usion and oedema using
masked images derived in Section 5.2. The
di↵erence in the performance of models be-
tween males and females was not statisti-
cally significant, except for the unmasked im-
age model, which performed better for fe-
males than males for oedema and pleural
e↵usion. Moreover, the di↵erence in per-
formance between models was in line with
that observed in Section 5.2, where Seman-
ticGAN outperformed SemanticAN and ei-
ther performed similarly to SupOnly (lung
opacity for females, pleural e↵usion, edema)
or better (lung opacity for male), and the un-
masked image model outperformed all other
methods.

Appendix D. Consistency over
continuous image
changes

As a final experiment, we aim to gain a
deeper understanding of SemanticGAN from
a qualitative perspective by applying it to
PCA-generated neighbouring samples, ob-
serving both the image reconstruction and
the segmentation. We interpolate scans
through PCA instead of well-known gener-
ative adversarial interpolation methods to
avoid the circularity of using a tool to
evaluate itself. We proceed by training a
PCA model using 3,000 random images from
CheXpert balanced across biological sex and
ethnicity. We extract the mean PCA im-
age and four neighbouring images at 1 and
2 standard deviations in each direction for
each of the first three principal modes. We
then use SemanticGAN to predict the lung
segmentation and qualitatively examine the

gradual change in both the image reconstruc-
tions and label maps.

Figure A.II shows SemanticGAN’s image
reconstruction and segmentation for di↵er-
ent PCA components. The first principal
component (columns 2-5) reflects the relative
closeness of the patient to the X-ray source.
In the left-most image, the patient occupies
a more significant percentage of space: the
space between the image’s border and the
patient is small, and the lung fields appear
larger. Conversely, in the right-most PCA
component, the space between the patient
and the image borders is more significant,
and the patient’s lung areas are smaller. Se-
manticGAN’s segmentations reflect the pa-
tient closeness, where the left-most segmen-
tation is 9% larger than the mean, and
the right-most segmentation is 10% smaller
than the mean. For the second component
(columns 6-9), the main change is in the pa-
tient positioning, from left to right of the
field of view, as can be seen from the image
margins. Accordingly, the left-most image
segmentation is further left than the mean
one, and the right-most image segmentation
is further right than the mean one. Finally,
for the third component (columns 10-13), the
size of the lung area increases from left to
right. The segmentation grows accordingly:
the left-most segmentation is 49% smaller
than the mean one, and the right-most seg-
mentation is 39% larger than the mean one.
Interestingly, the model’s image reconstruc-
tion appeared more realistic than the PCA
image, providing a good sanity check of the
mechanisms underpinning the model’s seg-
mentation production. We found that im-
ages which were close in PCA space had simi-
lar segmentations. Although the shape of the
lung area could not be distinguished, Seman-
ticGAN generated segmentations with con-
sistent shapes but varying sizes. An intu-
itive explanation for this behaviour is that
SemanticGAN learns a continuous template
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Figure A.I: Disease classification AUROC score for masked images stratified by biological
sex.

Table A.III: Models performance w.r.t. ground truth segmentations. Reported as mean ±
standard deviation over the dataset. ‘UN’ stands for U-Net and ‘DL’ stands
for DeepLabV3.

Dice Precision Recall
Avg. surface
distance

Hausdor↵
distance

JSRT (labelled in-domain)

SupOnly UN 97.3 ± 1.1 98.4 ± 1.6 96.2 ± 1.7 1.4 ± 1.8 5.5 ± 9.3
SupOnly DL 99.3 ± 0.4 99.1 ± 0.4 99.5 ± 0.5 0.3 ± 0.2 1.1 ± 0.4

SemanticAN UN 93.2 ± 2.1 89.3 ± 3.5 97.6 ± 1.4 11.3 ± 4.5 54.4 ± 19.0
SemanticAN DL 91.2 ± 5.2 93.3 ± 3.7 89.8 ± 7.6 3.7 ± 2.0 14.7 ± 7.1
SemanticGAN 98.2 ± 1.3 98.3 ± 1.5 98.1 ± 1.2 0.7 ± 0.6 2.5 ± 2.4

NIH (unlabelled in-domain)

SupOnly UN 80.2 ± 15.9 91.0 ± 15.8 72.9 ± 17.2 8.6 ± 7.3 36.0 ± 24.4
SupOnly DL 90.3 ± 8.1 95.3 ± 4.6 86.5 ± 11.4 4.8 ± 4.8 25.5 ± 22.7
SemanticAN UN 81.6 ± 9.6 76.3 ± 12.6 88.8 ± 7.7 22.1 ± 7.7 71.1 ± 17.6
SemanticAN DL 72.4 ± 19.6 75.4 ± 18.8 71.2 ± 21.2 10.9 ± 7.13 35.5 ± 17.1
SemanticGAN 90.1 ± 3.4 89.9 ± 6.5 90.9 ± 5.0 4.9 ± 3.3 18.2 ± 16.0

Montgomery (out-of-domain)

SupOnly UN 92.7 ± 7.9 96.6 ± 9.9 89.4 ± 6.9 3.5 ± 4.7 13.7 ± 17.8
SupOnly DL 96.5 ± 2.3 98.8 ± 0.7 94.4 ± 4.0 1.3 ± 0.7 5.5 ± 7.2

SemanticAN UN 90.3 ± 6.4 87.0 ± 8.9 94.5 ± 4.0 17.6 ± 8.5 72.3 ± 27.2
SemanticAN DL 57.9 ± 33.4 62.4 ± 31.0 55.5 ± 35.1 19.3 ± 15.1 54.8 ± 38.9
SemanticGAN 91.3 ± 5.6 92.6 ± 7.9 90.4 ± 4.2 8.8 ± 10.5 34.2 ± 39.1

of what the lung segmentation resembles and
subsequently adapts it to the given image.
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Table A.IV: Detail of training population for Experiment 5.3, where “all” refers to both
male and female samples being included.

Experiment name
G training E training

Du Dl Du Dl

Control all all all all
Full bias males males males males
Biased generator G males males all all
Biased encoder E all all males males
Biased labelled dataset Dl all males all males
Biased unlabelled dataset Du males all males all

Figure A.II: CheXpert dataset PCA, with generative model reconstruction and segmenta-
tion. The first row shows the principal component images, the second row
shows SemanticGAN’s reconstruction, the third row show its segmentation,
and the fourth row shows the di↵erence in segmentation with the mean PCA
image.
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Table A.V: Stratified models performance
for females and males, quan-
tified by Dice similarity coe�-
cient. ‘ID’ stands for in-domain,
‘OOD’ stands for out-of-domain.

Female Male

JSRT (lab. ID)

SupOnly UN 97.0 ± 1.4 97.5 ± 0.5
SupOnly DL 99.3 ± 0.4 99.3 ± 0.4

SemanticAN UN 92.5 ± 2.6 93.9 ± 1.0
SemanticAN DL 89.9 ± 7.1 92.3 ± 1.9
SemanticGAN 98.2 ± 1.1 98.2 ± 1.5

NIH (unlab. ID)

SupOnly UN 77.3 ± 18.1 82.4 ± 13.8
SupOnly DL 88.9 ± 9.6 91.4 ± 6.6

SemanticAN UN 79.0 ± 9.8 83.6 ± 9.0
SemanticAN DL 67.5 ± 22.6 76.3 ± 16.0
SemanticGAN 90.5 ± 2.8 89.8 ± 3.9

Montgomery (OOD)

SupOnly UN 91.8 ± 8.4 94.2 ± 5.3
SupOnly DL 96.5 ± 2.3 96.5 ± 2.2

SemanticAN UN 89.5 ± 5.8 91.7 ± 6.2
SemanticAN DL 44.1 ± 31.2 74.8 ± 27.7
SemanticGAN 90.6 ± 4.5 92.3 ± 6.4

Table A.VI: Biological sex bias impact on
model performance

Female Male

JSRT (lab. in-domain)

Control 98.2 ± 1.1 98.2 ± 1.5
Full bias 93.8 ± 2.7 98.3 ± 1.6
Biased G 98.6 ± 0.9 98.4 ± 1.4
Biased E 94.3 ± 1.7 98.5 ± 1.6
Biased Dl 94.8 ± 1.3 98.5 ± 1.6
Biased Du 98.4 ± 1.1 98.2 ± 1.7

NIH (unlab. in-domain)

Control 90.6 ± 2.8 89.8 ± 3.9
Full bias 89.7 ± 5.1 91.0 ± 3.5
Biased G 92.3 ± 2.8 92.3 ± 3.0
Biased E 88.3 ± 4.2 90.0 ± 3.6
Biased Dl 90.6 ± 3.5 91.2 ± 2.9
Biased Du 88.5 ± 4.6 89.9 ± 2.8

Montgomery (out-of-domain)

Control 90.6 ± 4.5 92.3 ± 6.5
Full bias 88.4 ± 5.3 92.5 ± 5.2
Biased G 92.4 ± 3.3 94.0 ± 3.5
Biased E 90.3 ± 3.9 93.0 ± 3.8
Biased Dl 91.2 ± 3.2 93.2 ± 3.7
Biased Du 88.8 ± 4.0 92.0 ± 5.2
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(a) ChestX-ray8

(b) JSRT

(c) NIH

Figure A.III: Datasets thumbnails
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(a) Montgomery

(b) CheXpert

Figure A.IV: Datasets thumbnails - continued
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