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Background 
In many biomedical applica/ons, including electronic health record (EHR) research, health condi/ons are 
only par/ally observed.1-3 Specifically, some individuals with the condi/on of interest are explicitly labeled 
as posi/ve, while the remaining individuals are unlabeled. Importantly, the absence of a diagnos/c label 
does not imply the absence of the condi/on. This seDng, commonly referred to as posi/ve-unlabeled (PU) 
learning, presents fundamental challenges for es/ma/on of the condi/on’s prevalence and model 
valida/on. A representa/ve example is post-trauma/c stress disorder (PTSD), where underdiagnosis and 
incomplete coding lead to substan/al numbers of unlabeled but truly posi/ve cases.4 
Formally, the problem of PU learning can be summarized as follows. Let 𝑁 denote the total sample size of 
a dataset 𝑋. Let further 𝑁! be the number of labeled posi/ve instances. The remaining observa/ons are 
unlabeled and consist of an unknown number of unlabeled posi/ves (𝑁") and true nega/ves (𝑁#), such 
that 𝑁 = 𝑁! +𝑁" +𝑁#. While 𝑁 and 𝑁! are observed, 𝑁" and 𝑁# are unknown. However, the number of 
unlabeled records (𝑁" +𝑁# = 𝑁 −𝑁!) is known. Deno/ng the corresponding popula/on propor/ons of 
labeled posi/ves, unlabeled posi/ves, and true nega/ves by 𝑝!, 𝑝", and 𝑝# respec/vely, one seeks to 
es/mate the propor/on of unlabeled posi/ves 𝛼 = $!

$!%$"
.  

Several methods have been proposed to es/mate the frac/on of posi/ves among unlabeled, e.g. DEDPUL,5 
TIcE,6 Elkan-Noto,7 PULSCAR, or PULSNAR.8 While TIcE exclusively es/mates 𝛼 , the other methods provide 
a posterior probability for each unlabeled instance to be posi/ve.  
An intrinsic problem of PU learning is the lack of a ground truth in the dataset 𝑋, i.e., it is unclear how 
biased a given es/mate 𝛼( is. To resolve this problem, we introduce a method for bias correc/on in the 
context of PU learning, which is applicable to any PU classifier, which provides posterior probabili/es of 
being posi/ve for all unlabeled instances.   
 



Methods 
Let 𝑋& and 𝑋' denote, respec/vely, the sets of posi/ve and unlabeled instances in the dataset 𝑋, and 𝑠 a 
classifier for PU learning. First, the frac/on of posi/ves among unlabeled instances (𝛼() is es/mated (Fig. 
1). Second, the posterior probabili/es of instances in the set of unlabeled are calculated (Fig. 1). Third, 
those instances with the highest 2𝛼( probabili/es of being posi/ve are removed from the set 𝑋', yielding 
a reduced dataset 𝑋+', which approximately contains no posi/ve instances (Fig. 1). Hence, one obtains a 
new dataset  𝑋+ consis/ng of the sets 𝑋& of labelled and 𝑋+'of unlabeled instances of size 𝑁,, for which the 
ground truth is approximately known: 𝑝-! ≈

|)#|
|)#|%|)*$|

 and 𝑝-" ≈ 0. Fourth, the dataset 𝑋+ is manipulated by 

randomly removing the labels of 𝑥 instances (Fig. 1), i.e., these instances are moved from the set 𝑋& into 
the set 𝑋+', yielding a new dataset 𝑋+(,) of the same size 𝑁, consis/ng of the sets 𝑋+&

(,) of labeled and 𝑋+'
(,) 

unlabeled instances. In the new dataset, the frac/on of labeled posi/ves is 𝑝-!
(,) = 𝑝-! −

,
./

 and the frac/on 

of unlabeled posi/ves is 𝑝-"
(,) = ,

./
. FiTh, step four is repeated for a range of values of 𝑥 and a linear 

regression is fit to the classifier’s es/mates of 𝑝-"
(,). If the classifier 𝑠 was unbiased, the intercept of the 

regression equals 0 and the slope equals 1. If not, the es/mated slope and intercept of the regression are 
used to correct the PU classifier 𝑠. 
To illustrate the performance of this method for bias correc/on, it is applied to the three PU classifiers 
(DEDPUL, Elkan-Noto, and PULSCAR) using both synthe/c and benchmark datasets from Kaggle and 
University of California, Irvine (UCI), including Wilt remote sensing (N=4,839, 5 features, 4,576 labelled 
posi/ve, 236 unlabeled),9 Magic gamma telescope (N=19,020; 10 features, 12,332 labeled posi/ve, 6,688 
unlabeled),10 and Mouse protein expression (N=1,080, 77 features, 570 labeled posi/ve, 510 unlabeled)].11  
 
Results  
All three methods, DEDPUL, Elkan-Noto, and PULSCAR, can be reasonably bias corrected with the 
proposed method (cf. Fig. 2). The bias correc/on fails to perform if the size of the dataset is too small, so 
that (i) there is high ini/al uncertainty in the original es/mate 𝛼( and (ii) the reduced dataset 𝑋+' is too 
small to represent the underlying popula/on. The bias correc/on also fails if the original es/mate 𝛼( is 
either so large or so small that removing the unlabeled instances, with the 2𝛼( highest probabili/es of 
being posi/ve, yields a reduced dataset 𝑋+', which is either too small, or too similar the original set of 
unlabeled instances. In these cases, a different frac/on than the top 2𝛼( likely posi/ve instance should be 

Figure 1. Illustration of the construction of reduced and modified data sets for bias correction. A 
dataset 𝑋"(")	is constructed form 𝑋"  by removing 𝑥 labels. Hence, the number of unlabeled positives in 𝑋"(") 
increases exactly by 𝑥 compared to 𝑋". 
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removed from the original data in the second step of the bias correc/on, i.e., when construc/ng 𝑋+. 
Furthermore, the range of values 𝑥 in the regression-step of the bias correc/on has to be carefully 
balanced to guarantee that the classifier can be trained on a balanced data set (cf. Table 1).  

Figure 2. Bias correc/on of synthe/c data.  IllustraJon of bias correcJon for PULSCAR with syntheJc data. Data 
were created with true α=0.25. PULSCAR was used to esJmate α with increasing fracJons of posiJves spiked in, 
with the ground truth shown as the solid green line. The blue esJmates show error bars for 40 independent alpha 
esJmates, and the orange shows the results aVer the new bias correcJon algorithm was applied. Importantly, 
the orange bias-corrected y-intercept, α=0.2521 is almost exactly the true α. 
 

α_true α_orig α_corr err_orig err_corr improv % 
0.01 0.0154 0.0107 0.0054 0.0007 0.862 
0.02 0.0239 0.02 0.0039 0 0.994 
0.05 0.0617 0.0557 0.0117 0.0057 0.513 

0.1 0.11 0.1028 0.01 0.0028 0.717 
0.15 0.1677 0.1546 0.0177 0.0046 0.739 

0.2 0.2156 0.2012 0.0156 0.0012 0.924 
0.25 0.2732 0.2521 0.0232 0.0021 0.91 

0.3 0.3301 0.3042 0.0301 0.0042 0.862 

0.35 0.363 0.3358 0.013 0.0142 -0.095 
Table 1: Bias correc/on applied to PULSCAR. We observe over a large range of α values 0.01-0.30 that the bias 
correcJon improvement ranges from 51%-99%. The performance drops at 0.35 where too many probable 
posiJves are dropped. 



Conclusion 
The proposed bias correction performs well on synthetic data and benchmark datasets. It is also 
informative on the underlying bias of PU learning classifiers. However, the bias correction can only be 
applied to classifiers which provide posterior probabilities for unlabeled instances of being positive.  
Furthermore, the method is only applicable to dataset which are “reasonably balanced”) with regard to 
the number of labeled and unlabeled instances (i.e., the data must contain enough labelled and unlabeled 
instances. The method is computationally costly and is not feasible if running time for single estimates is 
too long. Besides these limitations, the agreement of theoretical predictions and observations in the 
selected data sets suggest that the proposed method is adequate for ascertaining the performance of PU 
learning algorithms, when applied to empirical data sets for which the status of unlabeled instances 
cannot be assessed, such as in the case of depression, bipolar disorder, or PTSD.   
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