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Method:

No preprocessing was done. Five Gradient Boosting Trees (GBT) models were built on
cross-validation subsats of input data and the fina result was predicted by the mgority
vote. Features with importance (calculated by a GBT modd) lower than a predefined
threshold were removed from the mode before training. Parameters of GBT (the number
of trees, shrinkage, importance adjust rate for dynamic festure selection, importance
threshold, sratified sampling parameters and probability threshold for final classfication)
were chosen by minimizing cross-vaidation error. Optimization was done with a Particle
Filtering agorithm combined with smulated annediing.

Results:

Table 1: Our methods best results

Dataset |[Entry name Entry ID |[Test BER |Test AUC |Score Track
ADA intel-GBT-PF-3 (Intel final 4) 1056 0.1745 0.8258 0.0184|/Agnos
GINA intel-GBT-PF-3 (Intel final 4) 1056 0.038 0.9618 0.2479/Agnos
HIVA Intel-GBT-PF-1 (Intel final 4) 1054 0.2908, 0.7067| 0.1245|Agnos
NOVA intel-GBT-PF-3 (Intel final 4) 1056 0.0727 0.9279 0.5Agnos
SYLVA |GBT + PF 1033 0.0079 0.9921 0.2111JAgnos
Overall [GBT + PF 1033 0.1193 0.8805 0.2432/Agnos




Table 2: Winning entries of the AlvaPK chdlenge

Best results agnostic learning track

Dataset |[Entrant name |[Entry name Entry ID Test BER |Test AUC |Score
ADA Roman Lutz LogitBoost with trees 13, 18 0.166) 0.9168] 0.002
GINA  |[Roman Lutz LogitBoost/Doubleboost 892, 893 0.0339 0.9668  0.2308
HIVA  [Vojtech Franc  |[RBF SVM 734,933,934 0.2827 0.7707|  0.0763
NOVA [Mehreen Saeed |Submit E final 1038 0.0456 0.9552)  0.0385
SYLVA [Roman Lutz LogitBoost with trees 892 0.0062 0.9938 0.0302
Overall [Roman Lutz LogitBoost with trees 892 0.1117 0.8892 0.1431
Best results prior knowledge track
Dataset |[Entrant name |[Entry name Entry ID Test BER |Test AUC |Score
ADA Marc Boulle Data Grid 920, 921, 1047 0.1756 0.8464] 0.0245
GINA  |Vladimir Nikulin |vn2 1023  0.0226 0.9777|  0.0385
HIVA  [Chloe Azencott |SVM 992 0.2693 0.7643 0.008
NOVA [(Jorge Sueiras  |Boost mix 915 0.0659 0.9712] 0.3974
SYLVA |Roman Lutz Doubleboost 893 0.0043 0.9957 0.005
Overall |Vladimir Nikulin |vn3 1024 0.1095 0.8949| 0.095967
- gquantitative advantages. GBT with dynamic feature sdection is very fast to learn
in extremely high dimensiona spaces, handles both numeric and categorica
variables, robust againgt outliers
- quditative advantages. we get an estimate of posterior probability and an estimate

of feature importance as byproducts of the model. The novdty isin stochastic

optimization of GBT parameters and feature filtering.

rds:

Keywo

Preprocessing or feature construction: ----

Feature selection approach: embedded fegture selection, importance thresholding

Feature sdlection engine: Gradient boosting trees.

Feature selection search: linear search in sorted array of features

Feature sdlection criterion 5-fold cross-vdidation.

Classfier: Gradient boosting trees.
Hyper- parameter selection: Partide filtering with Smulated annedling

Other:



