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@ Most common primary brain tumors

@ Astrocytomas most frequent subgroup

@ Astro. °ll — Astro. °lll — Glioblastoma (°IV)
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o De-differentiate

o Mixture of tumour grades
e 37 % of tumour sections mainly tissue between grades

@ Polymorphous / Heterogeneous:
o One tumour has different cell populations
o Infiltrative growth
o Areas with mixtures of cells
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Summary
@ class membership as fraction of 0 - 100%
@ interpretation:

e mixture
o probability

@ soft prediction: very common

@ soft reference: less common, but available
@ soft test: topic of this talk
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class patients spectra patients spectra
Summary
Normal 16 7456 35 15747
thereof controls 9 4902 9 4902
Astrocytoma °lI 17 4171 47 19128
Astrocytoma °ll14 27 8279 53 21617
total 53 19906 80 37015
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@ intensity calibration Resues
Summary
@ baseline correction (linear + quadratic)

@ normalization: area 2900 — 3025 cm™!

@ “centering”: substract mean spectrum of normal gray
matter

o Classification: Logistic regression
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Optimization of Classification Models

@ Comparison of models: statistical test
e Sensitivity & Co.: high variance o%(p) = %p(l - p)

@ Observation: 18 correct predictions of 20 test samples
confidence interval for true sensitivity: 0.72 — 0.98
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@ 125x 8-fold cross validation

e splitting patient-wise ST
spectra of one patient are not statistically independent

@ No outer loop

o Characterization of these models possible
e Decisions needed from surgeons
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Median, 16" and 84" percentile over 125 iterations.
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@ Soft or partial class membership describes

Soft Validation
o class mixture

Classifier Performance

e probability Confusion Matri
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Results

@ Sensitivity, specificity, predictive values for soft classication

v RMSE or MAE

Summary

v/ No hardening of soft classifier output needed

v/ More sensitive measures of model performance
X Careful comparing classifier performance

@ Borderline cases most important
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