
• Medical image-based automated screening of COVID-
19, the main topic of our analysis, is urgently 
contributed to help the clinic relieve the tremendous 
pressure on health systems.

• While previous works have achieved significant 
successes, they do not apply to the semi-supervised 
scenario where only positive and unlabeled (PU) data 
are available.

• The reason of PU learning based COVID-19 
screening:
• PU data of COVID-19 medical images objectively 

exist in the clinic
• PU data are more accessible to collect
• PU learning for COVID-19 has greater research 

significance

Datasets
 COVID-CT: 349 COVID-19 CT scans, 387 Non-

COVID-19 CT scans
 XCOV: 239 COVID-19 X-rays, 1,619 healthy X-rays;
 XCOVFour: 239 COVID-19 X-rays, 1,619 healthy X-

rays, 1,300 bacterial pneumonia X-rays, 1,273 viral 
pneumonia X-rays
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Limitation of existing method:
 Although unbiased PU learning is the current state of 

the art, it often gives negative empirical risks.
 They still face overfitting issues because the negative 

risk constraint is too loose and too late.

 We presented a new analysis of semi-supervised 
screening of COVID-19 from positive and unlabeled 
data, an under-explored but more realistic scenario.

 We also proposed the constraint non-negative positive 
unlabeled learning. It contains the constraint non-
negative risk estimator, which is theory-induced and 
more robust against overfitting

 In-depth analyses revealed that our algorithm has the 
potential to assist in clinical COVID-19 screening and 
does not require fully-labeled data for training

 Code is available at https://github.com/zhyhan/RDA.
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As reported in Table 1, cnPU achieves much higher accuracy than competitors 
(increase about 2% or more, e.g., when cnPU is used to screen COVID-19 from CT 
scans, the accuracy is incremented from 58.83% to 81.62%) on various datasets and 
PU learning methods. Our algorithm remarkably outperforms the state-of-the-art work 
nnPU by 1.68%, 3.59%, and 6.48% on the three COVID-19 datasets, respectively. 
These improvements explicitly verify the efficacy of the constraint non-negative risk 
estimator on COVID-19 screening from PU data.
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Settings
 We viewed COVID-19 as a positive class while the 

other classes as a negative class. 
 To generate standard PU datasets, we set the class 

priors of XCOV, XCOVFour, and COVID-CT to 0:1, 
0:1, 0:42 by considering the amount of COVID-19 
images, respectively. 

 We also verified the generality on MNIST and CIFAR-
10.

 Competitors: cnPU, PN, uPU, nnPU, SPUL.
 Implementation: Pytorch, 50 epoch.
Results
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As shown in Figure 2, the solid lines indicate the test error curves, and the dotted lines denote 
the training error curves of different PU learning methods on XCOV and COVID-CT datasets. 
Obviously, if the model does not overfit, the training error curve should close to zero. 
Moreover, the closer the test error curve is to zero, the better the result. We can see that cnPU
is much better than competitors and makes a remarkable performance boost.

We dissect the strengths of the constraint non-negative risk estimator. We explore the test error 
concerning different values of the constraint factor𝜆𝜆 in Figure 3(a). When 𝜆𝜆 ⟶ 0, the cnPU
gradually degenerates into nnPU and will suffer from overfitting. Thus𝜆𝜆 value cannot be set 
too small. However, both Lemma 1 and Theorem 1 indicate that𝜆𝜆 value should not be set too 
large. The best performance from 𝜆𝜆= 0.4 explicitly suggests we should consider these two 
situations comprehensively.
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