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Sepsis

e Sepsis is a life-threatening organ dysfunction caused by an
underlying infection, amounting to 20% of global deaths
[Rudd et al., 2020].

e Sepsis is defined by thresholds on clinical measurements,
e.g., the Sequential Organ Failure Assessment (SOFA)
score [Vincent et al., 1996, Singer et al., 2016,

Seymour et al., 2016].
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Sepsis Prediction with Neural Nets

¢ Medical informatics has worked on machine learning tools
for early prediction of severity scores, based on time-series
of clinical measurements [Reyna et al., 2019].

¢ Inclusion of static information on pre-existing conditions
has been shown to improve accuracy of machine learning
prediction [Schamoni et al., 2019].
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Improving Sepsis Prediction by NLP

° Anamnesis data is information about the medical history of
a patient recorded in free-form text.

* |dea: Use text classification of anamesis data in a similar
way as information on pre-existing conditions to improve
sepsis prediction.
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Project 1: Sepsis Prediction by Classification of
Anamnesis Texts

e Stand-alone task

¢ Cleaning and normalizing of anamnesis texts (regex?
seqg2seq learning?)

¢ Dense representations of anamnesis texts (word-level?
sentence-level? document-level?)

e Train classifier and use score as risk score (logistic
regression?)
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Project 2: Sepsis Prediction from Clinical
Measurements

* Should not be stand-alone since not NLP

¢ Recreate prior work on neural networks for sepsis
prediction (see [Moor et al., 2020] for an overview)

¢ Integrate Project 1 into neural network for sepsis prediction
(Static feature? Ensemble? See also [Horng et al., 2017])
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Data

Example data:

® https:
//www.cl.uni-heidelberg.de/statnlpgroup/
teaching/softpro_sose2021/examples/

¢ Access to full dataset requires signing data protection
statement.
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