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Multi-label Patent Classification Oriented to TRIZ Users

YUAN Li CHEN Yang ZHAO Yong
(Department of Automation, Huazhong University of Science and Technology, Wuhan 430074, China)

Abstract Patent is not only the results but also the resources of products innovation, It can help the designer make in-
novation effectively,if we classify technique knowledge of patent based on innovative demand. The classification of prod-
ucts patent based on the TRIZ can assistant in using technique contradiction addressed in patent to make innovative de-
sign. The original Inventive Principles is so abstract that some principles are overlapped. Paper analyzed the 40 IPs and
grouped them into new 20 classes. Patent classification problem is known as multi-label classification problem. Pro-
Techniques, CREAX, these two softwares supply patents which explain Inventive Principles in detail. The dataset is
used to compare the performance of multi-label classification algorithm; problem transformation and algorithm adapta-
tion. Several measures such as hamming loss, F-measure have been proposed in the literature for the evaluation of multi-

lable classifiers. The result shows Problem Transformation performs more excellent than Algorithm Adaptation using
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TRIZ patent datasets.
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FE, B BT HEFEAE BR T KNN #474028, SVM 7 CM
M PPT F 8RBT RIS 28R R B T SVM 7E/MEAS
A E T AL H R, CM B % B T RS2 Al R R BE 6
. BRBORETF CM, 3 A Subset Accuracy HEEEZR H,
PPT T CM iR A E 3 O iRs, R E T
CM,

F2 EERRITEER

BR
Measure NB SVM_ KNN DT MLP
Hamming Loss 0. 278 0.201 0. 207 0,248 0. 223
Accuracy 0,433 0. 551 0.573 0. 442 0. 463
Precision 0.583 ° 0.683 0. 679 0. 595 0. 645
Recall 0. 590 0. 572 0.574 0. 543 0. 586
F-Measure 0. 587 0. 620 0.624 0. 585 0.619
Subset Accuracy 0. 238 0.254 0. 255 0. 147 0. 175
Micro-F1 0. 565 0. 624 0. 626 0.575 0. 625
Macro-F1 0. 406 0. 342 0. 395 0. 365 0. 395

M
Hamming Loss 0,217 0. 194 0. 241 0.236 0, 205
Accuracy 0. 655 0.701 0. 585 0.433 0. 699
Precision 0. 668 0.761 0. 667 0. 543 0,743
Recall 0. 663 0. 669 0.675 0. 556 0. 644
F-Measure 0. 652 0.703 0. 670 0. 548 0. 653
Subset Accuracy 0. 254 0. 358 0.212 0. 145 0. 286
Micro-F1 0. 598 0.723 0. 639 0.551 0. 642
Macro-F1 0. 446 0.714 0. 452 0. 387 0,422

PPT
Hamming Loss 0,219 0. 195 0. 241 0.276 0. 247
Accuracy 0. 657 0.711 0. 594 0,434 0,709
Precision 0.672 0. 809 0. 749 0.551 0.776
Recall 0. 641 0.678 0. 602 0. 584 0.617
F-Measure 0. 628 0.712 0. 654 0.592 0. 606
Subset Accuracy 0. 235 0. 402 0. 343 0.192 0. 263
Micro-F1 0. 634 0.676 0. 599 0. 581 0. 601
Macro-F1 0.515 0. 525 0. 456 0. 398 0. 457
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MIL-KNN BPMLL

Hamming Loss 0. 192 0. 285
Accuracy 0.631 0. 464

Precision 0.726 0. 459

Recall 0.612 0. 460

F-Measure 0. 663 0. 457

Subset Accuracy 0. 201 0.189
Micro-F1 0. 655 0.216

Macro-F1 0. 505 0459
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Transformation Adaptation

Hamming Loss 0. 201 0.192
Accuracy 0.71 0.531

Precision 0. 809 0. 726

Recall 0. 669 0. 612

F-Measure 0. 695 0, 663

Subset Accuracy 0.358 0. 201
Micro-F1 0.676 0. 655

Macro-F1 0.525 0. 505
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