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Abstract. To train deep learning models in a supervised fashion, we
need a significant amount of training data, but in most medical imag-
ing scenarios, there is a lack of annotated data available. In this paper,
we compare state-of-the-art semi-supervised classification methods in a
medical imaging scenario. We evaluate the performance of different ap-
proaches in a chest radiograph classification task using the ChestX-ray14
dataset. We adapted methods based on pseudo-labeling and consistency
regularization to perform multi-label classification and to use a state-of-
the-art model architecture in chest radiograph classification. Our pro-
posed approaches resulted in average AUCs up to 0.6691 with only 25
labeled samples per class, and an average AUC of 0.7182 when using only
2% of the labeled data, achieving results superior to previous approaches
on semi-supervised chest radiograph classification.
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1 Introduction

With the digitization of radiology, computer-aided diagnosis systems can be inte-
grated into the radiological practice workflow, giving support via automated di-
agnosis tools. The development of automated diagnosis methods involves knowl-
edge from software development, digital image processing, and machine learning.
Automated diagnosis tools might deal with classic computer vision problems,
such as image classification, object detection, and segmentation, which are usu-
ally solved by image feature extraction and classification algorithms. Some of
the methods typically used for medical image classification are decision trees,
linear classifiers, and artificial neural networks [1].

Convolutional neural networks and other deep learning methods are be-
coming the method of choice for most medical imaging applications in recent
years [9], mostly due to its high performance in image classification when a
large amount of data is available for training. Convolutional neural networks
and other deep learning methods advanced the state-of-the-art in many data
processing tasks [7], and achieved radiologist-level performance on some medical
imaging tasks, such as detecting pneumonia [12] or hip fractures [5].
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To train deep learning models in a supervised fashion, we need a significant
amount of training data. One of the medical imaging tasks with large datasets
available is chest radiography classification. Public datasets provide over 100,000
chest radiographs labeled with the most common findings [15]. These datasets
have automatically extracted labels obtained via natural language processing
algorithms on radiological reports and have been used to build radiologist-level
models [12]. However, in most medical imaging scenarios, there is a lack of anno-
tated data available [9], since, for most tasks, the samples need to be manually
annotated by an expert, which is an expensive and time-consuming task.

Recently, research in semi-supervised learning for image classification had
some considerable progress [11]. These methods use labeled and unlabeled data
to build a machine learning model. Methods based on consistency regularization
such as Mean Teacher [14], Unsupervised Data Augmentation [16], MixMatch
[3], and FixMatch [13] achieved results comparable to supervised training but
with only a fraction of the training samples. For instance, training a model on
the SVHN dataset in a supervised fashion using all training data (73,257 labeled
samples) results in an error rate of 2.59%, whereas training the same model
with the MixMatch approach and only 250 labeled samples achieves an error
of 3.78% [3]. However, these recent methods were still not thoroughly validated
and compared in a medical imaging scenario.

Our objective in this paper is to compare state-of-the-art semi-supervised
classification methods in a medical imaging scenario. We chose chest radiograph
classification since it is a common examination, has a lot of available data, and,
therefore, a strong baseline to compare. We adapt the semi-supervised classifica-
tion methods to a multi-label scenario and compare them to a strong supervised
baseline in chest radiograph classification, the CheXNet architecture [12].

2 Background

2.1 Supervised learning

In the supervised learning approach, the model learns based on labeled examples.
As the system is presented to input and output variables from the training set, it
seeks to create a model that represents this data distribution. Then, this model
is extrapolated to infer the output variable of an unseen input sample. Formally,
the training data comprises samples {x1, x2 . . . , xn} , xi ∈ X along with their
corresponding labels {y1, y2 . . . , yn} , yi ∈ Y. We use the training set in order to
model the function f(x) : X → Y, where X is the s-dimensional feature space
and Y is the c-dimensional label space. We can use the final model m to predict
the labels of previously unseen samples.

2.2 Semi-supervised learning

Semi-supervised learning is a learning paradigm intersecting supervised and un-
supervised learning. In this scenario, besides L = {(x1, y1), (x2, y2) . . . , (xn, yn)}
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we also have unlabeled samples U = {u1, u2 . . . , un} that are also within the fea-
ture space X but whose corresponding labels within label space Y are unknown.
We can use U in the training set alongside L in order to improve the model-
ing of the function f(x). Intuitively, the unlabeled samples provide important
clues on the data distribution based on sample similarity, and they help to add
robustness to the model by exploring this distribution [11].

3 Related Work

The work of Rivero et al. [2] aims at reducing the need for annotated data
in medical imaging. They propose GraphXNET , a graph-based semi-supervised
learning approach for X-ray data classification. It is a graph model that contains
all the training samples with only a limited amount of them are labeled. They
tested the approach in the ChestX-ray14 dataset. When using only 20% of the
data, they achieve results close to a fully-supervised model. However, under
extreme minimal supervision (2% labeled data) the model does not perform
well, having an average AUC of 0.53.

Tanan et al. [10] perform semi-supervised classification in skin lesion classi-
fication and thoracic image analysis . The proposed method is called SRC-MT.
It is a semi-supervised classifier based on Mean Teacher [14] and introduces
a sample relation consistency term to the optimization function. This enforces
the consistency based on the relationship information among different samples
instead of individual predictions. They achieve using similar results to GraphX-
NET when using 20% of ChestX-ray14, but when using only 2% of labeled data,
they achieve an average AUC of 0.67.

4 Materials and Methods

4.1 Dataset

ChestX-ray14 [15] from the National Institute of Health contains 112,120 frontal-
view chest radiographs from 32,717 different patients labeled with 14 radiological
findings. In this work we use the official split which contains 78.468 training
samples, 11.219 validation samples and 22.433 test samples.

4.2 Semi-supervised learning methods

Pseudo-labeling is a simple semi-supervised approach and used as a semi-
supervised baseline. In this approach, the model is trained with a regular cross-
entropy loss on labeled data, and we also take the top prediction made in unla-
beled data and use it as a pseudo-label, compute the unsupervised loss and add
it to the combined loss. Our approach was based on the work of Lee [8], since
our task is a multi-label scenario, we use a binary cross-entropy (BCE) loss and
also tested a soft label approach, in which the pseudo-label is the classes score
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prediction, and a hard label approach, in which the pseudo-label is a one-hot
vector with the top prediction as one and the rest as zero.

Mean Teacher [14] consists of using two models with identical architecture,
which are called student and teacher. At every training iteration, both models are
fed the same inputs with different augmentation policies, then, a consistency loss
is computed based on the distance between both models predictions. Finally, the
student weights Θs are updated via loss optimization, and the teacher weights
Θt are updated via an exponential moving average (EMA) of the student weights
after each training step e. A hyperparameter ρ controls the EMA decay rate to
update the teacher’s weights, as in Θt

e = ρΘt
e−1 + (1 − ρ)Θs

e. A combined loss
function Lcomb is used to update the student’s weights. This loss is the sum of the
task loss Ltask with the consistency loss Lcons controlled by a consistency weight
hyperparameter γ as in Lcomb = Ltask + γLcons. The task loss Ltask is a regular
cross-entropy loss between the ground-truth labels y and the predictions of the
student model ms(x), which is only computed on labeled instances. Since our
problem is multi-label we replaced the original cross-entropy loss with a binary
cross-entropy (BCE) loss over all labels as in Ltask = BCE(ms(x), y). The
consistency loss is a mean-squared error of the predictions from the student and
the teacher on unlabeled data u when submitted to two different augmentation
policies φs and φt therefore Lcons = ||ms(φs(u))−mt(φt(u))||2.

Unsupervised Data Augmentation (UDA) [16] uses advanced data aug-
mentation techniques to input noise on the training data and compute consis-
tency between non-augmented samples. For image classification tasks, the au-
thors propose using RandAugment [4] as the data augmentation technique. Ran-
dAugment randomly selects transformations for each sample from a collection of
transformations. Global parameters m and n control the distortions’ magnitude
and the number of augmentations applied in each image. UDA uses only one
model m(·), which is updated by a combined loss similar to Mean Teacher’s, ex-
cept that the consistency loss Lcons is a KL divergence between the predictions
for strongly augmented (Φ(u)) and non-augmented (u) unlabeled data. Since
there is usually a limited amount of labeled data, the authors propose a tech-
nique called training signal annealing (TSA) to prevent overfitting the labeled
data and underfitting the unlabeled data. It consists of defining a confidence
threshold for the model’s predictions to use the training signals of the labeled
sample, gradually increasing the threshold T from 1

c to 1 (where c is the number
of classes) according to a schedule. This technique prevents over-training on easy
samples and focuses the initial stage of the training on complex samples. In our
approach, we also replaced the supervised loss with a BCE loss.

MixMatch [3] is an algorithm that combines techniques from different semi-
supervised learning regularization approaches. It starts by sampling and aug-
menting labeled and unlabeled samples. Each unlabeled sample is augmented Q
times, and the model computes predictions for each augmented sample. These
predictions are averaged and sharpened to become pseudo-labels ŷ, in order
to force predictions to be closer to a one-hot distribution. Then, the augmented
labeled and unlabeled data form a batch with their respective labels and pseudo-
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labels. This batch is shuffled and regularized using the MixUp regularizer [17],
which interpolates data points using values sampled from a beta distribution to
create a smoother training manifold, and the model is trained using the interpo-
lated points x̃ and their interpolated labels ỹ and ˜̂y. The loss function combines
the losses on labeled and unlabeled data controlled by a hyperparameter γ like
the previous approaches. The loss for labeled data is a cross-entropy as the one in
UDA, except that it uses the data points x̃ and labels ỹ generated by MixUp. The
loss for unlabeled data is a mean-squared error between generated pseudo-labels
˜̂y and the predictions on mixed-up unlabeled inputs ũ. In our experiments, we
replaced the sharpen done on the softmax function to one made in the sigmoid
function as in σ(m(.))

1
τ , and also used a BCE loss.

FixMatch [13] is a simple yet effective approach which holds the state-of-
the-art in many datasets. This approach combines consistency regularization
similar to UDA with pseudo-labeling. It leverages strong and weak augmenta-
tion policies. At first, an input sample ui is weakly augmented with a policy
φ and fed to a model m(·). Its output becomes a pseudo-label for ui using
ŷi = argmax(m(φ(ui))). Then, the input ui is strongly augmented with a policy
Φ, and the model is trained with a regular cross-entropy loss using the previously
generated pseudo-label ŷi. FixMatch optimizes a combined loss of labeled and
unlabeled data controlled by a hyperparameter γ like previous methods. The
task loss Ltask is a cross-entropy between predictions for weakly augmented in-
puts φ(xi) and their ground-truth labels yi. The consistency loss Lcons is also a
cross-entropy, but between the strongly-augmented Φ(u) and the pseudo-labels
ŷ that have a confidence score max(m(φ(xi))) higher than a threshold T . In our
approach, we adapted the method to compute a BCE loss with a one-hot vector
containing the top prediction higher than T .

4.3 Experiment settings

We employ a multi-label classification approach reproducing the CheXNet model
[12], a popular approach that achieved state-of-the-art results in classifying mul-
tiple pathologies using a DenseNet121 convolutional neural network architecture
[6]. We use it as our supervised baseline and also as the model architecture for
the semi-supervised methods. The model is pre-trained on the ImageNet dataset,
and the images are resized to 224×224 pixels and normalized using the ImageNet
mean and standard deviation. We use a learning rate of 0.01, a cosine learning
rate schedule, and a Stochastic Gradient Descent optimizer with 0.9 momentum
and a weight decay of 0.001 and a mini-batch size of 16. In semi-supervised
methods, we use 8 labeled and 8 unlabeled samples for each batch. The weak
augmentations are the same ones performed in the supervised baseline [12], the
strong augmentations are done by RandAugment [4] with n = 2 and m = 10.
Every method is trained for 20 epochs, as we empirically observed that a longer
training does not show improvement. We use the same model hyperparameters
for supervised training in all methods, varying only the hyperparameters refer-
ring to the semi-supervised training. We use subsets containing 25, 100, and
400 labeled samples per class for each method and leave the rest of the training
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set as unlabeled samples, which is a common setup for semi-supervised evalua-
tion. We have three different subsets with different samples used as labeled for
each labeled amount, and we report the mean and standard deviation of the top
performance on the three experiments. We evaluate the models’ performance
computing the area under the receiver operating characteristic curve (AUC) for
each label.

To select better hyperparameters for our objective task, we performed a
random hyperparameter search in each method using a 25 labels subset. We
trained the model with different hyperparameters for 20 epochs and selected
the ones that achieved a higher AUC on the validation set. In all methods, we
searched for a consistency weight between 0.5 and 100. For Pseudo-labeling, we
selected 1 as the unsupervised weight and also searched for two different pseudo-
labeling strategies using soft and hard pseudo-labels and hard pseudo-labels had
the best performance. For the Mean Teacher, we selected a consistency weight of
100, and also searched for an EMA decay rate ρ for the teacher model between
0.8 and 0.99 and selected 0.99. In UDA, we selected a consistency weight of 2
and searched for a TSA schedule using linear, exponential, and logarithmic. The
logarithmic schedule showed the best results, but using none was still better, so
we did not use TSA in our experiments. For MixMatch, we selected a consistency
weight of 10 and also searched for the α of the β(α, α) distribution between 0.1
and 50, we selected 0.1. For FixMatch, we selected a consistency weight of 1,
and also searched for a threshold between 0.7 and 0.95 and selected 0.8. Since in
the original paper, the authors reported that a larger ratio of unlabeled samples
increased the model performance, we also searched for a ratio of 2,3, and 4, but
the ratio of 1 still showed the best results.

5 Results and Discussion

We summarize the results for each label subset in Table 1. Our strongest baseline
is the fully-supervised CheXNet [12], which achieves an average AUC of 0.8414.
The results of all the semi-supervised approaches are very similar, with the most
gain being obtained by Mean Teacher using 400 labels, achieving an average AUC
9% higher than the one obtained by a supervised training. With 25 labels, the
highest average result was obtained from UDA, improving supervised training in
5%, and using 100 labels, the best performance was with Pseudo-label, improving
the baseline in 6%. Comparing to the original baseline results presented by Wang
et al. [15] in ChestX-ray14’s release, our approaches were able to outperform their
fully supervised model using only 400 labeled samples per class and achieved
similar results when using 100.
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Table 1. AUCs of our proposed approaches and baselines using different amounts of
labeled samples on ChestX-ray14.

25 labels 100 labels
Supervised Pseudo-label Mean Teacher MixMatch FixMatch UDA Supervised Pseudo-label Mean Teacher MixMatch FixMatch UDA

Atelectasis 59.87 66.37 66.09 66.65 67.75 67.36 64.64 71.70 71.12 68.33 69.66 71.21
Cardiomegaly 56.82 64.21 62.83 62.70 66.46 66.71 64.89 79.86 76.22 77.91 76.90 77.73
Consolidation 67.53 68.16 68.82 67.71 67.97 69.45 71.17 72.92 72.30 72.22 73.15 73.60
Edema 77.48 80.82 79.53 80.86 79.95 80.43 81.30 83.66 83.78 83.50 82.36 82.89
Effusion 65.87 76.35 75.91 74.64 75.45 74.82 72.25 80.55 80.68 78.70 79.89 80.32
Emphysema 54.47 65.79 68.64 67.61 66.00 65.35 63.81 76.28 77.17 76.63 75.15 78.50
Fibrosis 65.94 65.86 66.87 64.74 63.36 64.78 66.03 68.29 70.35 67.77 69.41 69.76
Hernia 69.92 80.05 81.92 78.51 78.11 81.41 78.34 89.45 88.44 89.23 86.92 87.43
Infiltration 60.99 60.28 60.31 60.42 60.80 59.43 62.68 62.98 63.93 63.14 63.09 62.55
Mass 52.43 53.62 54.95 51.48 55.90 56.47 56.13 62.21 62.83 61.92 62.38 62.35
Nodule 55.12 57.52 56.40 58.26 57.13 55.37 56.48 58.81 58.80 58.28 57.33 58.14
Pleural Thickening 56.50 62.31 63.53 62.48 60.71 62.33 57.97 65.15 65.44 62.58 62.73 64.66
Pneumonia 60.88 63.11 61.44 61.80 62.67 62.61 63.56 66.57 64.95 65.77 66.16 65.52
Pneumothorax 57.99 69.97 69.15 70.18 68.70 70.35 65.61 76.09 76.61 75.12 74.57 77.80
No Finding 59.53 66.81 65.21 65.98 65.53 66.83 64.50 70.30 70.89 69.70 69.68 71.29

Average 61.42 ± 02.91 66.75 ± 01.55 66.77 ± 01.55 66.27 ± 01.95 66.43 ± 01.86 66.91 ± 01.76 65.96 ± 03.00 72.32 ± 00.14 72.23 ± 01.02 71.39 ± 00.45 71.29 ± 01.10 72.25 ± 01.25

400 labels Fully-supervised
Supervised Pseudo-label Mean Teacher MixMatch FixMatch UDA Wang et al. [15] CheXNet [12]

Atelectasis 67.39 74.48 74.89 74.04 74.17 73.43 71.6 80.94
Cardiomegaly 68.84 85.16 86.42 86.39 85.47 85.01 80.7 92.48
Consolidation 72.20 73.67 73.19 74.30 76.13 74.30 70.8 79.01
Edema 81.96 85.36 86.74 86.26 86.13 85.63 83.5 88.78
Effusion 72.82 82.86 83.65 83.49 83.17 82.61 78.4 86.38
Emphysema 67.61 84.15 87.06 84.96 83.82 85.64 81.5 93.71
Fibrosis 68.73 72.49 75.75 75.55 73.85 75.03 76.9 80.47
Hernia 81.25 89.34 89.08 88.41 90.89 88.63 76.7 91.64
Infiltration 63.45 65.06 65.62 64.38 65.80 64.10 60.9 73.45
Mass 59.10 69.09 72.26 70.56 69.87 70.40 70.6 86.76
Nodule 58.93 63.28 65.29 64.39 65.05 64.63 67.1 78.02
Pleural Thickening 60.73 68.59 69.56 67.72 70.42 70.60 70.8 80.62
Pneumonia 63.73 66.51 70.71 67.21 69.19 66.60 63.3 76.8
Pneumothorax 68.89 81.13 81.78 81.20 77.67 81.77 80.6 88.87
No Finding 65.18 73.53 74.18 72.98 73.42 73.38 - -

Average 68.05 ± 06.75 75.65 ± 00.50 77.08 ± 00.13 76.12 ± 00.48 76.34 ± 00.29 76.12 ± 00.65 73.8 84.14

The other two works that performed semi-supervised classification on ChestX-
ray14 [2, 10] evaluated their methods using percentages of the training data as
labeled samples. To compare our results with theirs, we trained our best ap-
proach, the Mean Teacher based, in subsets of 2% and 5% of labeled data. Table
2 shows the results. Our approach shows almost 5% of improvement over the
previous state-of-the art when using 2% labels.

Table 2. Comparison of average AUC of our best approach on different amounts of
labeled data with two previous approaches of semi-supervised classification on ChestX-
ray14. Results as reported on the original papers.

2% 5%

GraphXNET [2] 53 58
SRC-MT [10] 66.95 72.29
Mean Teacher 71.82 74.82

6 Conclusion

In this work, we evaluated different semi-supervised learning methods performing
multi-label classification in a medical imaging scenario and achieved state-of-the-
art results on semi-supervised classification on ChestX-ray14. Most of the trained
methods showed similar results, with Mean Teacher having a slightly better gain
in performance when compared to a supervised baseline. The improvement over
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a supervised baseline is not as high as the ones reported by the original methods
in common computer vision datasets like CIFAR-10, highlighting the need for
semi-supervised approaches specifically designed for medical imaging.
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