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Introduction

• OOPPM → predicting future state ongoing processes, using historical cases (and 
often the prefix)

• Labels of the historical data might be incomplete

• PU setting: we only have positive and unlabelled data

→ Unlabelled contains negative examples but also might contain positive examples

• Use methods based on the Expected Risk Minimization (ERM) 

→ Adapt loss function 

• Examples

• When positive label = (hard to detect) outliers or fraud

• Labels based on customer (dis)satisfaction

• Medicine
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Models

• LSTM Neural Network

• Recurrent Neural Network

• Long-term dependencies

• XGBoost

• Gradient Boosting

• Ensemble of Decision Trees (weak learners)

• Each tree trained on the residual of the model
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Empirical Risk Minimisation (ERM) framework

(standard)

Classifier
Positive class ratio (= class prior)

Exp. over propensity density

Loss positive examples

Loss negative examples
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Binary Cross-Entropy

Predicted probability p ∈ [0, 1]

Real label y ∈ {0, 1}

→ For LSTM: the loss function that is used for backpropagation (through time)

→ For XGBoost: the loss to be optimized when adding new trees (not within a tree)
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Experiment 1

“Incorrectly labelling deviant (positive) behaviour as normal (negative), can have 

an important impact on the (future) performance of a predictive model.”

• Test two models (LSTM NN + XGBoost) with cross-entropy loss

• Start with correctly labelled event log

• Train different models on different Train Logs

• Original Log

• Logs where we flip different % of positive cases to negative

• Test on independent Test Log (correctly labelled)
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Data sets

→ Setup + labels based on:
Irene Teinemaa, Marlon Dumas, Marcello La Rosa, and Fabrizio Maria Maggi. 2019. Outcome-Oriented 

Predictive Process Monitoring: Review and Benchmark. ACM Trans. Knowl. Discov. Data 13, 2, Article 17 (April 

2019), 57 pages. https://doi.org/10.1145/3301300
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Results

• Generally, performance 

deteriorates

• Not everywhere

• XGBoost > LSTM
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Unbiased PU Learning

• Ground truth label y not available

→ label status l ∈ {0, 1}

• Idea: reweight positive examples with the class prior to correct the learning

• Correcting the input

• Correcting the risk: increase the emphasis on the (few) labelled positives

→ decision boundary covers a larger region around the few positives
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Set of instances

Distribution

Distribution positive examples Distribution negative examples

Positive class ratio (= class prior)

Distribution labelled examples Distribution unlabelled examplesP(l=1|y=1)
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Unbiased PU Learning

Unlabelled examples are considered negative with a weight of 1

Labelled examples added as both positive with weight 
1

𝑐
and negative with weight 1 −

1

𝑐
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Loss functions

You might assume we add a term here, for the unlabelled, but actually positives which rewards 

the model for detecting these as positives 

We add a term for the labelled positives: for both instances predicted to be positive and 

negative by the model → push decision boundary
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non-negative PU risk estimator

• Problem with uPU risk estimator → can provide negative empirical risks

• Problem for flexible (powerful) techniques that can easily overfit (XGBoost, 

deep mearning)
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Experiment 2

“Using loss functions from PU-learning, the problem above can be (partially) 

mitigated.”

• Test two models (LSTM NN + XGBoost) 

• With cross-entropy, uPU and nnPU loss functions 

• Start with correctly labelled event log

• Train different models on different Train Logs

• Logs where we flip different % of positive cases to negative

• Test on independent Test Log (correctly labelled)

• Compare models with different loss functions
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Results
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Limitations

• Need a (good estimate for) class prior

• We used the flip ratio

• We more or less assume a smooth transition between positives and negatives: 

other unlabelled positives are in the neighbourhood of the positives.
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Conclusions

• Introduced OOPPM to a PU setting

• We generally see a drop in models’ performance when more positive

examples are unlabelled (negative)

• In most cases using a “PU loss function” helps 

• Not for all event logs
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Future Work

• Extending experiment

• Different event logs

• Multiple iterations (flips)

• More suitable data

• Experiments on sensitivity class prior

• Investigating options besides altering the loss function

• Unsupervised learning

• Process behavior
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Questions?
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Appendix
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Why nnPU?

• When p approaches 1 → when you overfit

• E.g. c = 0.1, p = 0.99


