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Heterogeneous ensembles for DREAM Challenges

Prior results from the DREAM Rheumatoid Arthritis Challenge
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DREAM Challenges are very good at identifying the best individual (base) model(s).
« By "ensembling” the individual models,
we can synthesize (accumulate) their inherent knowledge

Performance boost, reduction in variance

Participants are free to train their own models and generate predictions
« Different setting from traditional methods, such as Boosting
* Heterogeneous ensembles
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Heterogeneous Ensemble Methods for the Respiratory Viral

DREAM Challenge

RV DREAM Predictions
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Supervised Ensembles

Stacking: plain, intra-/inter-cluster

The stackers were trained in a LOOCV procedure
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Hence, to build heterogeneous ensembles, use LOOCV
(deterministic)

» Use N-1 LOOCV predictions from the participants for training

the ensemble
« Use the learned ensemble to classify the Nt instance
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Stacker result
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Supervised Ensembles

Ensemble selection:

Reinforcement Learning (two variants)
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Unsupervised Ensembles

SUMMA

Covariance =0 Ajor Aj=0

Method j

: -
Method i
The SUMMA score of the kt" sample
g M
s 6= Am ((r) = i)
.';". m=1
L e%8e
'~ T T T T T
0.50 0.55 (]AGGRO()CGS 0.70 0.75

Results

rv_subchallenge2 time24 (clean_teams)

rv_subchallenge2_time24 - LOOCV

l
AdaBooost 1.000 . TS
CviaR I|: 1.000 | CHA(LLL3E)NGE Logistic_intra*(L2) NTG =
DecisionStump 5 1.000 ]
IBk 1.000 _ T
LMT'F 1.000 .
A= oo
MLP & 1.000 - RL60_div_e0.25 prel00K*(L3) 1000 -
NB —— e 1000 i .
REPTree = 1.000 .
RF r 1.000 _
SGD 1.000 .
SMOII: 1000 @ - .
SimpleLogistic 1.000 | RL75_div_e0.1_prel00K*(L3) WG -
USP _team F 1.000 .
VotedPerceptron = 0.998 ]
JRip I' 0.993 -
Logistic 0.992 . SC1 SC3
7 v @ e % % % L2 oo mer _
PART 0.990 - (L1) (L2) :
I: 0.988 J
RandomTree 0.966 -
0.962 i
aydin 0:962 7 @ @ e @ (® @ ) o
ihou 0.940 | \,/ SimpleLogistic*(L2) 1000 -
SSN_DREAM TEAM 0.934 EEm 7-Score
T leDABI 0.749 calin
FLUATTACK oo -
jdn . WOC Raw H SUMMA : BN auROCH
] ] ] ] ] ] 0993
0.5 0.6 0.7 0.8 0.9 1.0 1.1 l l l l i
auROC 0.85 0.90 0.95 1.00 1.05
rv_subchallenge2 _time24 - Leaderboard
dn _ rv_subchallenge2 time24 - Test
0.7348
Schrodinger’s
_ Cat 0,053 References
0.7389
» Stanescu A. and Pandey G. Learning parsimonious ensembles for unbalanced
computational genomics problems. Proceedings of Pacific Symposium on
Biocomputing, 22: 288-299, 2017.
P oo « Whalen S., Pandey O.P., and Pandey G., Predicting protein function and other
Jorieam/g teams 0.5248 CUMMA 0-775 biomedical characteristics. Methods 93(15): 92-102, 2016.
0922 * Sieberts S.K., Zhu F.,, Garcia-Garcia J., Stahl E., Pratap A., Pandey G., Pappas D.,
Aguilar D., Anton Bernat, et al. Crowdsourced assessment of common genetic
= auROC contribution to predicting anti-TNF treatment response in rheumatoid arthritis.
plain stacking Nature Communications 7:12460, 2016.
(Simple Logistie 0.5248 = aUROC 0.6 0.7 0.8 0.9
0.4 0.5 0.6 0.7 0.8 0.9 1.0



