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Abstract
The success of deep learning relies heavily on the availability of large annotated
datasets, but neither sizable data nor annotation is easily accessible for novel
diseases. This paper uses the classification of COVID-19 in late 2019 as an example
to demonstrate the effectiveness of a novel strategy, named “Label-Assemble”.
To facilitate the diagnosis of novel diseases, we propose to assemble existing
labels from public datasets. Although novel diseases are not in the existing labels,
we discover that learning from alternative labels can dramatically improve the
diagnosis of the novel disease as these labels can better define the classification
boundary of the novel disease. This discovery has the potential to accelerate the
development circle of computer-aided diagnosis of novel diseases, in which positive
label is hard to collect, yet negative labels are usually available and relatively easier
to assemble. Label-Assemble achieves 99.3% accuracy on the COVIDx-CXR2
dataset, which significantly exceeds the previous state of the art (96.3% accuracy)
and only uses 3% of the annotated COVID-19 images. We further investigate the
implementation of the assembling strategy, showing that assembling pathologically
related labels, supplemented by semi-supervised learning, is preferred.

1

Introduction

Despite the grand success of deep learning in a few medical applications [9, 2, 15, 19, 6, 7, 22, 23],
its prohibitively high annotation costs raise doubts about the feasibility of applying it to those medical
specialties that lack such magnitude of annotation [28, 27, 25, 26]. For example, it is impossible to
acquire sufficient annotation or even to gather sizable data for novel diseases and emerging pandemics
during the outbreak. Meanwhile, collecting data and labels for a few common diseases is relatively
easier, and our research community has already created large, annotated datasets through a collective
effort [24, 12, 16, 4, 17, 11, 10, 1, 5, 3]. We ask: can we exploit these existing, large, annotated
datasets2 to facilitate computer-aided diagnosis of novel diseases?
We examine the effectiveness of assembling existing labels from public datasets. We name it “LabelAssemble” [14] and demonstrate this strategy using COVID-19 (which occurred in late 2019) as an
example, and NIH ChestX-ray143 [21] as existing datasets to be exploited (released in 2017) [29].
Normally, one would not consider using these extra labels which seem unrelated, but we find that
those existing datasets, even if they were not created for the novel diseases per se, are helpful for
improving the performance of diagnosing novel diseases while substantially reducing annotation cost.
Label-Assemble requires four prerequisites: (1) same medical imaging modality (e.g., X-ray), (2)
∗
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These datasets often do not contain labels of novel diseases.
3
NIH ChestX-ray14 provides 112,120 annotated X-rays of Atelectasis, Cardiomegaly, Effusion, Infiltration,
Mass, Nodule, Pneumonia, Pneumothorax, Edema, Emphysema, Fibrosis, Pleural Thickening, and Hernia.
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Figure 1: A. Semi-supervised Label-Assemble model architecture. B. The types of non-COVID
labels to be assembled do not matter if semi-supervised learning is applied. C. By assembling 14
existing non-COVID labels from ChestXray-14, only 4,000 annotated COVID-19 X-rays can achieve
similar performance to the current state of the art, which uses over 30,000 annotated images. D.
Assembling existing non-COVID labels can help the model classify COVID-19 with higher sensitivity
and specificity. E. The test result of the four out-of-distribution (ood) COVID-19 datasets. Our
model—trained on an assembly of existing datasets and COVIDx—performs robustly on X-ray
images from a variety of hospitals.

similar body region (e.g., chest region), (2) reasonably large in data scale (e.g., 1,000 COVID-19
examples), and (4) consistent labeling format (e.g., classification).
Currently, there are more than 100,000 COVID-19 X-rays in publicly available datasets, and the
number is increasing [8]. The accuracy of COVID-19 classification has reached 96.3% using current
state-of-the-art methods, trained on a dataset with 15,000 annotated X-ray images [20]. Our study has
concentrated on the beginning of the outbreak when annotated data was insufficient. By assembling
the existing 14 labels of common thorax diseases, with only 3% of the annotated COVID-19 data,
our strategy enables the model to produce a comparable performance to the current state of the art
(Figure 1A). When training with the entire annotated COVID-19 dataset, we obtain a significant
performance improvement over the previous best solution (96.3%→99.3% accuracy). Finally, we
demonstrate that the model trained with diverse data generalizes well on four other COVID-19
datasets, which account for a total of 4,000 X-rays collected from various hospitals.
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Materials & Methods

The COVIDx CXR-2 and ChestX-ray14 datasets are used in our study. COVIDx CXR-2 provides
about 15,000 subjects from at least 51 countries. This dataset is split into training (over 30000
images) and testing (400 images) sets. The performance of COVID-19 diagnosis is evaluated on
the test set. The entire ChestX-ray14 dataset is used for label assembling, which provides 112,120
frontal-view X-ray images of 30,805 unique patients with the text-mined 14 disease image labels.
We use DenseNet121 as the classification backbone [13] and sigmoid as the activation function for
the final output. This classifier contains 1+N output headers. One of the output headers is to predict
whether it is a COVID positive or not, and the other N output headers are used to predict assembled
labels. Compared with fully-supervised Label Assemble, semi-supervised Label Assemble can better
improve the effect on classification by learning more negative sample features of different categories.
The semi-supervised component consists of three loss functions as follows.
BCE Loss: Given the ground truth (y) and the output(a), binary cross entropy loss is used if the label
is provided, i.e., Lbce = −(y · log(a) + (1 − y) · log(1 − a)).
2

Pseudo Labels & Consistency Constraints: To unleash the full potential of unannotated labels, we
introduce a sharpening operator to generate pseudo-labels, i.e.,

a + (1 − a)/t, a > τ
ã =
(1)
a − a/t,
a≤τ
where ã is the pseudo-label of the answer, t is the sharpen temperature, and τ is the threshold
(τ = 0.5 in our experiments). The prediction beyond (below) the threshold τ can be assigned to
a higher (lower) score controlled by t. If t = ∞, there is no pseudo-labeling; if t = 1, the model
converts a soft label to a completely hard label (either 1 or 0, equivalent to FixMatch et al. [18]).
With the sharpening operator, the loss enables the model to operate self-training on unlabeled data,
2
i.e., Lpseudo = ∥aw − a˜w ∥2 , where aw and a˜w denote the answer of weakly augmented images and
their sharpened pseudo-labels, respectively. To reduce the domain gap across the heterogeneous
data sources, we further employ consistency constraints on weakly augmented (aw ) and strongly
2
augmented (as ) images. The consistency loss can be formulated as Lconsist = ∥as − a˜w ∥2 .
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Results & Discussion

The current state-of-the-art (SOTA) method for COVID-19 classification [20] holds an accuracy of
96.3%, and the model was trained on 30,000 annotated X-ray images. Figure 1 shows that training
on 1,000 annotated COVID-19 X-rays, assembled by the labels in ChestXray14, can achieve similar
performance to the SOTA method trained on 15,000 annotated COVID-19 X-rays. The one-tailed
independent t-test between our Label-Assemble and SOTA method indicates that there is no statistical
difference (p-value=0.6) between the two accuracy scores.
When using 4000 images, assembling Fibrosis labels improves the accuracy of COVID-19 classification from 93.5% (95%CI: 93.1%-93.6%) to 93.75% (95%CI: 93.5%-94.0%). And assembling
Edema labels improves accuracy of COVID-19 classification from 93.5% (95%CI: 93.1%-93.6%)
to 94.25% (95% CI: 94.0%-94.4%). Moreover, assembling Pneumonia labels improves accuracy of
COVID-19 classification from 93.5% (95%CI: 93.1%-93.6%) to 96.75% (95% CI: 96.6%-97.0%).
More experimental results are presented in Appendix. Pneumonia contributes more to identifying
COVID-19 because it is more pathologically related. Lesion maps of COVID-19 appeared as indistinct
patchy ground-glass opacity with little consolidation, while Pneumonia appeared as ground-glass
opacity with some consolidation. Clinical features also partially overlap.
When using the semi-supervised component, it not only improves accuracy but also eliminates the
effects of category similarity. Assembling fibrosis, edema, and pneumonia labels, we get an accuracy
of 97.75% (95% CI: 97.6%-97.9%), 97.0% (95% CI: 96.8%-97.1%), 97.75% (95% CI: 97.5%-97.8%)
respectively.
The classification of COVID-19 can greatly benefit from leveraging the labels of 14 common thorax
diseases. Especially, assembling labels of pathologically similar diseases (e.g., pneumonia and
COVID-19) results in much more performance gain compared with other diseases (e.g., Edema and
COVID-19). Label-Assemble is expected to improve the COVID-19 classification model effect. It
shows a good prospect in disease diagnosis: we can use common pneumonia to improve the accuracy
of rare pneumonia and reduce the cost of labeling.
Finally, assembling existing labels from public datasets generalizes our model well to X-rays acquired
from different hospitals and protocols. We directly evaluated the model without further training
on four different COVID-19 datasets. These datasets are selected from Kaggle4 , and our model
achieves an accuracy of COVID-19 classification by 96.8% (95% CI: 96.8%-96.9%), 96.8% (95%
CI: 96.8%-97.0%), 92.7% (95% CI: 92.6%-92.9%), 84.6% (95% CI: 84.5%-84.9%), respectively.
Although our paper focuses on COVID-19, the proposed method and discovery are applicable to
many novel diseases, e.g., Silicosis. Note that we still need many labeled data for novel diseases for
evaluation. Our work demonstrates that only a few annotated examples are needed, which does not
mean the problem of annotation sparsity is solved. In future work, we will investigate how to find a
few examples of novel diseases to work the best with existing labels. This supposes we have many
unlabeled data.
4

Evaluated on four out-of-distribution (ood) data sources: dataset1, dataset2, dataset3, and dataset4.
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