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Multi-Target Regression via Specific Features and
Inter-Target Correlations

WANG Jin, GAO Xuan-ren,ZHANG Rui,SUN Kai-wei, DENG Xin
(Key Laboratory of Data Engineering and Visual Computing ,Chongqing University of Posts and Telecommunications , Chongqing 400065 , China )

Abstract: Multi-target regression (MTR) aimed to predict multiple continuous variables using a common set of input
variables, whose existing methods could be classified as problem transformation methods (PTM) and algorithm adaptation
methods (AAM). Its main challenges were how to model the complex relationship between input and output space ,and how
to effectively utilize the correlation between targets. However, the existing PTM rarely took both aspects into consideration.
So, this paper constructs a problem transformation method named TSF-TC combining target-specific features and Inter-Target
correlations. TSF-TC constructs specific features to per target by conducting clustering analysis on the samples after binning,
and then reveals the correlation between targets by selectively stacking single target prediction. Comparative experiments with
existing multi-target regression methods on 18 datasets fully demonstrate the advantages of TSF-TC.
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BOR B R BT A BRI k A T Mulan®.
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(@D  http://mulan. sourceforge. net/ datasets-mlc. html
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e/ S A% FHIERK 7 ol sE FEAKL FHAE KL Hbr%k
andro 49 30 6 i1 9125 64 8
atpld 337 411 6 2 9125 576 8
atp7d 296 411 6 semld 9803 280 16
edm 154 16 2 sem20d 8966 61 16
enb 768 8 2 scpf 1137 23 3
jura 359 15 3 sl 323 10 3
oes10 403 298 16 sf2 1066 10 3
0es97 334 263 16 slump 103 7 3
osales 639 413 12 wq 1060 16 14

£3 ZWXLLAEEER
s} ik VT
OKL Output Kernel Learning! ' Foundations and Trends in Machine Learning(2011)
MROTS Multiple-Output Regression''®) NIPS(2012)

RLC Random Linear Target Combinations!”! ECML-PKDD (2014)

SST Stacked Single-target!!! Machine Learning (2016)

ERC Ensemble of Regressor Chains!') Machine Learning (2016)

SVRCC MT SVR with Max-correlation Chain!®! Information Sciences (2017)
MMR Multi-Layer Multi-Target Regression''?] IEEE TPAMI (2018)
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RMSE , Hrf e R4 R FHHLAZR , AveRank R HIA /Y
TR

F4 TSF-TCTSFHiES 7 ML ERETR RS LR aRRMSE

Kol o OKL MROTS RLC SST ERC SVRCC MMR TSF TSF-TC
andro 0.553 0. 635 0.570 0.579 0. 567 0. 446 0.527 0.361 0. 339
atpld 0. 364 0. 404 0. 384 0.372 0.372 0.378 0.332 0. 356 0.347
atp7d 0.475 0. 549 0.461 0. 507 0.512 0. 534 0. 443 0.411 0.410
edm 0. 741 0.812 0.735 0. 740 0. 741 0. 698 0.716 0. 685 0. 662

enb 0.138 0.257 0. 120 0. 121 0.114 0. 090 0.111 0. 086 0. 086
jura 0.599 0. 625 0. 596 0.591 0. 590 0. 589 0.582 0.582 0. 576
oes10 0.432 0.558 0.419 0.421 0.420 0.354 0.403 0. 346 0. 345
0es97 0.535 0. 605 0.523 0.524 0.524 0. 464 0. 497 0. 442 0. 441
osales 0.718 0. 800 0.741 0. 726 0.713 0. 781 0.709 0. 693 0. 688
rfl 0.112 0. 154 0. 121 0. 094 0. 091 0. 091 0. 085 0. 086 0. 085
2 0.118 0.198 0. 130 0. 097 0. 095 0. 095 0. 086 0.091 0.091
semld 0. 342 0. 449 0. 345 0.336 0. 330 0.328 0.324 0.323 0. 315
sem20d 0.443 0.456 0.443 0.413 0.39%4 0.398 0.386 0.385 0. 381
sepf 0. 820 0. 901 0. 835 0. 831 0. 830 0. 801 0.812 0.788 0.786
sfl 1. 059 1. 155 1. 163 1. 068 1. 089 0.932 0. 958 0.921 0.916
sf2 1. 004 1.201 1.228 1. 055 1. 088 1. 030 0.984 0.979 0. 961
slump 0. 699 0.778 0. 690 0. 695 0. 689 0.556 0.587 0. 550 0. 550
wq 0. 891 0.913 0. 902 0. 909 0. 906 0. 905 0. 889 0. 905 0. 904
AveRank 6. 111 8. 889 6. 667 6. 389 5. 667 3. 889 3.333 2.222 1.278
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