= 23-48-10-14 The Journal of Korean Institute of Communications and Information Sciences ’23-10 Vol.48 No.10
https://doi.org/10.7840/kics.2023.48.10.1289

Distance metric 7]¥F detailed Negative set= A}-2-3}
9% RNASH 49 A%y %

3 O o *
L

of»
o

LA A QY o] A

CircRNA-Disease Association Prediction Using Detailed Negative
Set on Distance Metric-Based(DiNeg-CDA)
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ABSTRACT

ScircRNAs have been implicated in Alzheimer’s and cardiovascular diseases, which are fatal diseases in
humans. A lot of time and money are spent trying to identify circRNAs associated with dangerous diseases
through biological experiments. One of the efficient approaches to save time or resources is to utilize deep
learning. This study proposes a more sophisticated negative set construction method than the random negative
set by deleting data similar to the positive with two criteria for the negative set existing in the vector space
using distance metric. Through comparison experiments, the sophisticated Negative set performed better than
the Random set. The model performance of DiNeg-CDA of the proposed model was measured with an
AUC-ROC curve of 0.89.
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"hsa_circ_102584/hsa_cire 0003146 [chrl9:48+ EHD2  hetp://www.circbase./Systemic lupus erythematosus
hsa_circ_101471/hsa_circ_0034398 chr15:36+  ClSorf41 hitp//www.circbase.|Systemic lupus erythematosus
hsa_circ_104807/hsa_circ_0001866 |chr9:862-  UBQLN1 httpy//www.circbase. Systemic lupus erythematosus
hsa_circ_102571/hsa_circ_0008615 jchr19:45-  PPPIR13http: ircbase [Systemic lupus

hsa_circ_100226/hsa_circ_0005567 ldu'l:SlS- EPS15  http//www.circbase./Systemic lupus erythematosus

hsa_circ_100775/hsa_circ_0021549 Iclu'll:!ﬁ- MPPED?2 http://www.circbase./Systemic lupus erythematosus

Ihsa_circ_101889/hsa_circ 0040705 ‘chr16:84+ USP10  http://www.circbase. Systemic lupus erythematosus

! hsa_circ_0001649 chr6:146-  SHPRH http://www.circbase.Glioma
| hsa_cire 0007534 _ _ _ _ . chr17:61+ DDX42 http:/www.circbase.|Glioma

72| 6. CircR2Disease Hlo]E] Al
Fig. 6. CircR2Disease datase
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GCTTCTCGTCAGTGCCTCGCAGGATGGTAhsa_circ_001873 |
ATCTCACATTCTTGAAGGTGGCATTGAAd hsa_circ_001557 : hsa_circ_0000008
GTGCGGCAGCTTCCTCTTCCCCT GAGCGq hsa_circ_000031 | hsa_circ_0000009
GTGGCCAAGAAGCTGGACACACCTAATT hsa_circ_000032 : hsa_circ_0000010
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1

1

1
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GAATACTCCCCCAGTTGCAAGAGGCGCAlhsa_circ_001076 hsa_circ_0000011
AGTAAGAGGGACCATCTCCTCATGAACG! hsa_circ_000641 hsa_circ_0000012
GGCTCCAGGGAGCTTGGCTTCTGTAGAA( hsa_circ_000035 hsa_circ_0000013
GCTATTCAGGCAGCTATCAGCCAGGCCTThsa_circ_001693 hsa_circ_0000014

2! 7. CircBase Hlo]g] Al
Fig. 7. CircBase dataset
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:chicken 1chr1:194735582-194744050 gal-ENSGALG00000017320_0001 Avian leukosis virus subgrou
| chicken 1chr5:58225735-58230830 chr5:58929908|58935003 Avian leukosis virus subgrou
I chicken Ichrg:1033880-1047222 gal-VAV3_0001 Avian leukosis virus subgrou
!human :ARHGAPS/(ircARHGAPS hsa-ARHGAPS5_0003 Colon cancer

y human 1ARHGAPS/circARHGAPS hsa-ARHGAPS5_0003 Epithelial Ovarian carcinoma
1human ICDR1as/ciRS-7/hsa_circ_0001946 hsa-CDR1_0001 Gastric cancer

I human ‘ICDR1as/clRS-7/hsa,c\rc,000'l946 hsa-CDR1_0001 Glioblastoma

12| 8. CircAtlas dlo|e] Al
Fig. 8. CircAtlas dataaset

E 1. 7132 Open Datasets¥} <1713} eisl do]g]
Table 1. Open Datasets related to human

MNDR |CircR2D|Circ2Dis Cgf::i? CirAtlas
3.0[12] |isease[9]| ease[13] [11]
[14]
. 2379 | 251 611 330
CireRNA| 742 | —22 | 203 | 219 | %
. 164 60 100 48
Disease 24 53 .58 33 84
Positive | 3166 | 273 739 354 587
Vel 2389 | —238 | —307 | —234 | —581

4.1.2 E&= CircRNA-disease HI0[E{H|0]A
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Table 2. Integrated data set in this study
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Fig. 9. Decision boundary in vector space
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Fig. 10. Protein embedding workflow diagram
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Fig. 13. CircRNA base sequence embedding result
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Fig. 14. Adjacency matrix of disease
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model
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Fold-1 Fold-2 Fold-3 Fold-4 Fold-5 test
Euc 0.85 0.86 0.86 0.86 0.86 0.89
Cos 0.84 0.85 0.84 0.84 0.84 0.85
Mah 0.89 0.88 0.88 0.88 0.88 0.86
Random 0.85 0.85 0.85 0.84 0.85 0.86
a3 27. & 7K A" 71EE AF8E Negatie set 9]
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Fig. 27. 5-fold result of negative set using one distance
metric
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Fig. 28. Random Negative set AUC-ROC curve result.
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Fig. 29. Euclidean Negative set AUC-ROC curve result
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test Fold-1 Fold-2 Fold-3 Fold-4 Fold-5
pre 0.617 0.5612 0.579 0.578 0.580 0.580
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test Fold-1 Fold-2 Fold-3 Fold-4 Fold-5

pre 0.578 0.606 0.603 0.590 0.587 0.585

Random

recall 0.896 0.900 0.907 0.903 0.900 0.897
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Fig. 30. Precision, Recall result of Random Negative set
and EUC Negative set
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Fig. 31. 5-fold result of Random Negtive set and using
two distance metric Negative set
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Fig. 33. 5-fold result of Random Negtive set and using
two distance metric Negative set
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