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Fig. 1 Experimental results with corrupted training sets in different datasets and averaged over all of them (bottom-right
figure). Using Random Forest classifiers, each figure shows the difference between the AUC-ROC estimation using the
original completely labeled data and the AUC-ROC values obtained from the proposed different approximations (pessimistic,
random, adjusted and optimistic)to the T'P count. To simulate different experimental conditions, an increasingly worse classifier
is induced by corrupting the r percentage of the training data labels (with r € {6%, 15%, 25%, 30%, 35%, 40%, 45%}; shown in
the figures by means of different lines) and the LLP settings in the validation partition is simulated with bags of increasing
size, m; (with m; = {4,7,10, 15,20, 30,40, 50}; represented in the figures by the different points of each line).
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Fig. 2 Experimental results with corrupted predictions in different datasets and averaged over all of them (bottom-right
figure). Using Random Forest classifiers, each figure shows the difference between the AUC-ROC estimation using the
original completely labeled data and the AUC-ROC values obtained from the proposed different approximations (pessimistic,
random, adjusted and optimistic)to the TP count. To simulate different experimental conditions, an increasingly worse classifier
is induced by corrupting the r percentage of the training data labels (with r € {6%, 15%, 25%, 30%, 35%, 40%, 45%}; shown in
the figures by means of different lines) and the LLP settings in the validation partition is simulated with bags of increasing
size, m; (with m; = {4,7,10, 15, 20, 30,40, 50}; represented in the figures by the different points of each line).
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Fig. 3 Experimental results with corrupted training sets in different datasets and averaged over all of them (bottom-right
figure). Using Naive Bayes classifiers, each figure shows the difference between the AUC-PR. estimation using the original
completely labeled data and the AUC-PR values obtained from the proposed different approximations (pessimistic, random,
adjusted and optimistic)to the TP count. To simulate different experimental conditions, an increasingly worse classifier is
induced by corrupting the r percentage of the training data labels (with r € {5%, 15%, 25%, 30%, 35%, 40%, 45%}; shown in
the figures by means of different lines) and the LLP settings in the validation partition is simulated with bags of increasing
size, m; (with m; = {4,7,10, 15,20, 30,40, 50}; represented in the figures by the different points of each line).
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Fig. 4 Experimental results with corrupted predictions in different datasets and averaged over all of them (bottom-right
figure). Using Naive Bayes classifiers, each figure shows the difference between the AUC-PR. estimation using the original
completely labeled data and the AUC-PR values obtained from the proposed different approximations (pessimistic, random,
adjusted and optimistic)to the TP count. To simulate different experimental conditions, an increasingly worse classifier is
induced by corrupting the r percentage of the training data labels (with r € {5%, 15%, 25%, 30%, 35%, 40%, 45%}; shown in
the figures by means of different lines) and the LLP settings in the validation partition is simulated with bags of increasing
size, m; (with m; = {4,7,10, 15, 20, 30,40, 50}; represented in the figures by the different points of each line).
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Fig. 5 Experimental results with corrupted training sets in different datasets and averaged over all of them (bottom-right
figure). Using Random Forest classifiers, each figure shows the difference between the AUC-PR estimation using the original
completely labeled data and the AUC-PR values obtained from the proposed different approximations (pessimistic, random,
adjusted and optimistic)to the TP count. To simulate different experimental conditions, an increasingly worse classifier is
induced by corrupting the r percentage of the training data labels (with r € {5%, 15%, 25%, 30%, 35%, 40%, 45%}; shown in
the figures by means of different lines) and the LLP settings in the validation partition is simulated with bags of increasing
size, m; (with m; = {4,7,10, 15, 20, 30,40, 50}; represented in the figures by the different points of each line).
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Fig. 6 Experimental results with corrupted predictions in different datasets and averaged over all of them (bottom-right
figure). Using Random Forest classifiers, each figure shows the difference between the AUC-PR estimation using the original
completely labeled data and the AUC-PR values obtained from the proposed different approximations (pessimistic, random,
adjusted and optimistic)to the TP count. To simulate different experimental conditions, an increasingly worse classifier is
induced by corrupting the r percentage of the training data labels (with r € {5%, 15%, 25%, 30%, 35%, 40%, 45%}; shown in
the figures by means of different lines) and the LLP settings in the validation partition is simulated with bags of increasing
size, m; (with m; = {4,7,10, 15, 20, 30,40, 50}; represented in the figures by the different points of each line).
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Fig. 7 Experimental results with corrupted training sets in different datasets and averaged over all of them (bottom-right
figure). Using Naive Bayes classifiers, each figure shows the difference between the Accuracy estimation using the original
completely labeled data and the Accuracy values obtained from the proposed different approximations (pessimistic, random,
adjusted and optimistic)to the TP count. To simulate different experimental conditions, an increasingly worse classifier is
induced by corrupting the r percentage of the training data labels (with r € {5%, 15%, 25%, 30%, 35%, 40%,45%}; shown in
the figures by means of different lines) and the LLP settings in the validation partition is simulated with bags of increasing
size, m; (with m; = {4,7,10, 15, 20, 30,40, 50}; represented in the figures by the different points of each line).
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Fig. 8 Experimental results with corrupted predictions in different datasets and averaged over all of them (bottom-right
figure). Using Naive Bayes classifiers, each figure shows the difference between the Accuracy estimation using the original
completely labeled data and the Accuracy values obtained from the proposed different approximations (pessimistic, random,
adjusted and optimistic)to the TP count. To simulate different experimental conditions, an increasingly worse classifier is
induced by corrupting the r percentage of the training data labels (with r € {5%, 15%, 25%, 30%, 35%, 40%,45%}; shown in
the figures by means of different lines) and the LLP settings in the validation partition is simulated with bags of increasing
size, m; (with m; = {4,7,10, 15, 20, 30,40, 50}; represented in the figures by the different points of each line).
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Fig. 9 Experimental results with corrupted training sets in different datasets and averaged over all of them (bottom-right
figure). Using Random Forest classifiers, each figure shows the difference between the Accuracy estimation using the original
completely labeled data and the Accuracy values obtained from the proposed different approximations (pessimistic, random,
adjusted and optimistic)to the TP count. To simulate different experimental conditions, an increasingly worse classifier is
induced by corrupting the r percentage of the training data labels (with r € {5%, 15%, 25%, 30%, 35%, 40%,45%}; shown in
the figures by means of different lines) and the LLP settings in the validation partition is simulated with bags of increasing
size, m; (with m; = {4,7,10, 15, 20, 30,40, 50}; represented in the figures by the different points of each line).
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Fig. 10 Experimental results with corrupted predictions in different datasets and averaged over all of them (bottom-right
figure). Using Random Forest classifiers, each figure shows the difference between the Accuracy estimation using the original
completely labeled data and the Accuracy values obtained from the proposed different approximations (pessimistic, random,
adjusted and optimistic)to the TP count. To simulate different experimental conditions, an increasingly worse classifier is
induced by corrupting the r percentage of the training data labels (with r € {5%, 15%, 25%, 30%, 35%, 40%,45%}; shown in
the figures by means of different lines) and the LLP settings in the validation partition is simulated with bags of increasing
size, m; (with m; = {4,7,10, 15, 20, 30,40, 50}; represented in the figures by the different points of each line).
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Fig. 11 Variance-bias decomposition of the mean squared
error obtained by a 1-Nearest Neighbor classifier by means of
two metrics (accuracy using the adjusted approximation 7' P*
—Ileft figure—, and bag-level loss —right figure) which are
used as different approximations to the real value of the error.
Each bar shows the decomposition of the error when the value
of both evaluation metrics is calculated using seven different
estimators (3, 5 and 10 fold cross-validation, stratified 3, 5
and 10 cross-validation and leave-one-bag-out validation).
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Fig. 12 Variance decomposition of the error obtained by a
1-Nearest Neighbor classifier by means of two metrics (accu-
racy using the adjusted approximation TP* —left figure—,
and bag-level loss —right figure) which are used as different
approximations to the real value of the error. Each bar shows
the decomposition of the variance when the value of both
evaluation metrics is calculated using seven different estima-
tors (3, 5 and 10 fold cross-validation, stratified 3, 5 and 10
cross-validation and leave-one-bag-out validation).



