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A matrix factorization method for predicting miRNA-disease association

LIU Xiaoyan', CHEN Xi', GUO Maozu'’, CHE Kai', WANG Chunyu'

(1. School of Computer Science and Technology, Harbin Institute of Technology, Harbin 150001, China; 2. School of Electrical and
Information Engineering, Beijing University of Civil Engineering and Architecture, Beijing 100044, China)

Abstract: There are increasing evidences that microRNAs (miRNAs) play an important role in life processes. In recent
years, predicting the association between miRNAs and diseases has become an active topic. However, most of the exist-
ing methods are based on known miRNA-disease associations and are not ideal for miRNAs and diseases without any
known associations. This paper presents a least squares optimization matrix factorization method for miRNA-disease as-
sociation (LMFMDA) prediction. The LMFMDA, which is based on miRNAs similarity matrix, disease similarity mat-
rix, and miRNAs-disease relationship, uses the iterative least squares method to solve the expression vectors of miRNAs
and disease and approximates the existing associations between miRNAs and diseases by the expression vector of
miRNA and disease. Different from the conventional approach, we introduce auxiliary miRNAs and disease variables to
ensure that these variables converge to the optimal solution during optimization. The experiments show that the AUC
obtained by applying the leave-one-out cross-validation method is 0.820 6, which is obviously better than other current
methods. Especially in the miRNA and disease without any associated information, the LMFMDA algorithm signific-
antly outperforms the latest algorithm.

Keywords: microRNAs; disease; association prediction; matrix factorization; iterative least squares
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Table 2 The AUC results of high association diseases on different algorithm

PRI 24 R KR LMFMDA RWRMDA CMFMDA RLSMDA
Carcinoma, Hepatocellular 209 0.770 559224  0.802276903  0.590 942755  0.567 805
Breast Neoplasms 188 0.830346 921  0.827 897 392 070703151  0.581 754
Stomach Neoplasms 166 0.800211245  0.792262639  0.698 839765  0.600 399
Colorectal Neoplasms 143 0.816 687 98 0.815944 101  0.694280402  0.584 037
Melanoma 133 0.841232579  0.830354 129 0.763908 98 0.635 358

Lung Neoplasms 125 0.905461206  0.896 782455  0.844726231  0.599 347
Heart Failure 118 0.808275684  0.807732613  0.635453525  0.572331
Neoplasms 116 0.928 867412  0.928 671900  0.865 145547  0.673 341
Ovarian Neoplasms 113 0.885412621  0.881 679 824 0.848 68783 0.635192
Prostatic Neoplasms 111 0.859754131  0.832764592  0.796275501  0.633 915
Carcinoma, Renal Cell 100 0.849 356847 0.829 757803  0.775 121532  0.615 241
Glioblastoma 99 0.832863611  0.836865732  0.740363199  0.598 405
Pancreatic Neoplasms 98 0.906 984212  0.899958 171  0.888816382  0.640 774
Carcinoma, Non-Small-Cell Lung 92 0.869874132  0.859251012  0.813473715  0.603 895
Urinary Bladder Neoplasms 89 0.853023601  0.834512166  0.830017501  0.633 516
Colonic Neoplasms 82 0.866 789314 0.865347844  0.808 090 055  0.642 180
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PRIF 4K KIRAEL LMFMDA RWRMDA CMFMDA RLSMDA
Carcinoma, Squamous Cell 78 0.859 687413 0.5 0.833 772 833 0.596 178
Glioma 73 0.878 932 151 0.864 338 837 0.864 829 853 0.648 836
Esophageal Neoplasms 68 0.781 536 412 0.767 331 361 0.725 580 306 0.572 707
Leukemia, Myeloid, Acute 67 0.872 459 673 0.871 399 804 0.792 075 146 0.623 066
Head and Neck Neoplasms 63 0.847 238 105 0.5 0.836 495 898 0.665 183
R3I FEREAREEZTHAUCER
Table 3 The AUC results of new diseases on different algorithm
PRI 44 B KK LMFMDA  RWRMDA  CMFMDA  RLSMDA
Distal Myopathies 1 1 0.5 0.995 505 618  0.993 258
Hypopharyngeal Neoplasms 1 1 0.5 0.811 235 955 1
Hepatitis C, Chronic 1 1 0.5 1 1
Adenoma 1 1 0.5 1 1
Aortic Aneurysm, Abdominal 1 1 0.5 1 1
Carcinoma, Ductal, Breast 1 1 0.5 1 1
Colitis 1 1 0.5 0.970 786 517  0.997 753
Neuroma, Acoustic 1 1 0.5 0.146 067 416 1
Creutzfeldt-Jakob Syndrome 1 1 0.5 0.997 752809  0.997 753
Eczema 1 1 0.5 0912359551  0.997 753
Hepatitis B, Chronic 1 1 0.5 1 1
Hepatitis 1 1 0.5 1 1
Granulosa Cell Tumor 1 1 0.5 0.939 325 843 1
Graft vs Host Disease 1 1 0.5 1 1
Gerstmann-Straussler-Scheinker Disease 1 1 0.5 1 0.997 753
Gastritis, Atrophic 1 1 0.5 0.244 94382  0.997 753
Encephalomyelitis, Autoimmune, Experimental 1 0.997752809 0.5 0.982 022472  0.995 506
Moyamoya Disease 1 0.995505618 0.5 0.970 786 517  0.995 506
Cystic Fibrosis 1 0.995505618 0.5 0.013 483 146  0.997 753
Focal Epithelial Hyperplasia 1 0.995505618 0.5 0.224 719 101 1
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