(originally called TF-Cluster): Identification of collaborative

regulatory genes that govern a biological process or a complex trait

“ TL T2 T3 T4 T5 T T7 T8 T9 Ti0

G1 123 790 2300 1597 655 530 321 229 234 354
G2 400 750 790 996 213 350 1504 340 250 1780

G3 250 250 380 150 470 559 890 1250 99 450

550 225 388 650 470 559 899 250 590 460

150 260 950 750 470 585 865 125 99 450

EXxpression data

TF1 TF2 TF3 TF4 TF5 TF6 TF7 TF8 TFS TF10 TF11 TF12
00 00 00 30 00 00
00 00 32 00 00 OO0
00 00 00 00 39 00
00 00 00 00 00 00
00 00 00 00O 00 OO0
00 00 00 00O 00 00
39 00 00O OO OO0 OO0

SCCM--Shared Coexpression
Connectivity Matrix

NETWORK DECOMPOSITION
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contains TFs that
control a complex trait
or a biological process




A sample Collaborative Subnetwork identified by CollaborativeNET These genes were identified by other researchers

. Smb-3 bm1-1 §ismb-
Cluster 2: A cluster of TFs control root cap development (stem cells of roots) R\ brn2-1
ATIG33280 |BRNI |BRN1, SMB control root cap maturation [66]
AT4G10350 |BRN2 IBRN2, SMB control root cap maturation [66]
ATIGT9580 |SMB FEZ and SMB control root stem cells [67]
AT5G39820 (ANAC094  [Apical meristem protein, function unknown [59]
ATIG26870 i FEZ and SMB control root stem cells in cap 167]
ATIG74500 |TOM7 mbryonic root initiation [68]
AT3G27010 |TCP20 Postembryonic cell diyision in root [70]
AT2G30340 (LBDI13 |Expressed in cells at the adaxial base of lateral roots | [104] BRN1
AT2G40470 (LBDI15 |Expressed in cells at the adaxial base of lateral roots | [104] BRN?2
ATI1G51190 |PLT? (Controlfroot stem cell activity ear cap [09] SMB
AT1G66350 |RGLI IRoot epidermal differentiation [105] FEZ
AT2G37260 |TTG2 |Differentiati0n of trichomes and root hairless cells [106]
ATSGST40 [IAAB3  [IAA s involved infroof development | 1107, 10]
AT2G29060 scarecrow transcription factor family protein
Nie, J., Stewart, R., Zhang, H., Thomson, Ruan, F. Cui, X. and Wei. H et al. TF-Cluster: A pipeline for identifying Bennett T et al. SOMBRERO, BEARSKIN1, and BEARSKIN? regulate root cap
functionally coordinated transcription factors via network decomposition of the shared coexpression maturation in Arabidopsis. Plant Cell, 2010 Mar:22(3):640-54. doi:

connectivity matrix (SCCM). BMC Syst Biol 5, 53 (2011). https://doi.org/10.1186/1752-0509-5-53 10.1105/tpc.109.072272



Implementation of CollaborativeNET

)
Sub-Networks
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Islam, M.K., S. T. Mummadi, S, Liu, and H. Wei *. 2023. Regulation of Regeneration in Arabidopsis thaliana. aBiotech. https://doi.org/10.1007/s42994-023-00121-9.
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Top-down GGM Algorithm: ldentification of SND1-mediated hierarchical network

Epre—
)25 EE—
Eh -

27 e—

Grall——
25
@29
@30
31
32 O

ChIP-PCR

Re-) (SAM POLPG A GRT3'B

Stig_ESCPL4B Stig_D MF_A RmIC TPR PDLP6_B

Stig1_A PSKR2

Indirect target genes

: : Ctrl  target
The inferred two-layer of GRN using the PtrSND1 w _j
overexpression data as an input for top-down GGM algorithm o ——
kR =  —
— - 4
) 5 ]
Ctrl ta rget ) ——)
17— )7 C—
18— © B C——
E1S G R —
. ] ———
@20 911
@21 _ PE11) UAAdtransp 0 Stig B Pectin_lyase PUMYB021 SAGI2  FvB  (Reig) (NPH) (DCT| PUMYBOO2 (o) (en) PLOALPHA2 A StigC 206 \Sec14p
@) . ()
27 Direct target senes APy — -
ek — gete kN —

e o —
S —  —
S —  —

ChIP-PCR

The ChIP-PCR validation (Lin et al. 2013. Plant Cell)



The three layered GRN constructed with Top-down GGM and Bottom-up GGM Algorithms

Plant Physiology 192(2):1046-1062)

This analysis led to the
Identification of UNE12

Bottom-up GGM

26,

ML N\
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Lu, Li, and Wei et al., 2013. Proc Natl Acad Sci U S A.
25;110(26):10848-53. doi: 10.1073/pnas.1308936110.

The width of each edge represents the

frequency of interference or regulatory strength.



TGMI: Identified the TFs that regulate lignin biosynthesis pathway

Rank@ TFR Frequencyl References?
7 MYC3 IAA12 MYB85 12 MYB85R 11@ (Zhou,Aee,Zhong,RHe,2009)A
HAT14 ’ S NST2 20 NST20 9 (Zhong®B®e,2015)2
ARF6 3m SND1E o (Zhong®®e,2015)
8 a7 MYB63E 30 (Zhoutm@l.,2009)2
AT1G69;l70 X 5@ SND3@ 8a (Zhong,Aee,@hou,McCarthy, RHe,2008)z!
BZIP17 : _SND3 60 MYB430 78 (Yoon,&hoi,&@n,2015)2
H 78 MYB58E 70 (Zhout@l.,2009)
AT4G00940 " Fa ARF4E 60 2
A 9a LBD15@ 6B (Shuai,[®Reynaga-Pena,®RBpringer,2002)zl
AT 100 NST1E oa (Mitsudat@l,2007)2
L 110 AT1G682000 50 7
AT\ 120 IAR2E 53 )
\ 130 ICu4l 5@ ]
AT 14z MYB103E 50 (Ohman®t@l., 2013)2
I~ 150 MYB46E 50 (Kim, &im,&o,Kang,BHan,2014)a
3xHEGBox2] 160 MYB61E 53 (Zhong® e, 2009)2
= 170 AT2G447450 a1 a
AT2G41710[ ) ! 182 IAAL3E 4g a
| S ' SRR ! 1LBD15 19 ANRIE El a
HB-12 O i : S ' IR/ / 202 AT5G485600 E 1
218 HSFB3D E 1
HAT22 221 MYB69E 30 (Zhong®tml.,2008)2
e 231 MYB36E 30 (Zhong®tal., 2008)2
GATALZ \ 2418 ORE14E 30 7
2 250 oXs2a@ E a
bzIP6 261 SND2@ 30 (Hussey®t@l., 2011)2
7 P 271 SRS60 30 7
AT5G48560\ ~ 281 VAL2E 30 1
N / 290 XND1m 3@ (Zhao,Bvci,@rant,Haigler,RBeers,2008)E
OXS2— - 300 3xHMG-box20 20 2
- X 311 ARF6R 20 il
HSFB3 , y (AT1G68200 32e AT1G673108 20 -8
A § 330 AT1G691708 20 ]
ANR1 ICU4
& ~ 341 AT2G376500 20 1
ZFP1 & ‘ IAR2 350 AT2G417100 20 a
ORE14 ; g \¥7 N ! T IAT2G44745 3601 AT4G00940C 28 a
SRS6 >~ A —2 378 AT5G012000 20 a
VAL2 Y 4 snp2 AAL3 380 BZIP170 28 B
MYB69 xND1 MYB86 300 bzIP6a 20 (Zhong®®&e,2012)8
403 GATA12E 20 (Nishitani®@emura,2015)a

Coral nodes contain the known regulators regulating lignin
pathway that were re-discovered by TGMI algorithm. Gunasekara, Zhang, Deng, Brown and Wei*. 2018 Nucleic Acids Res. 46(11):e67.



TGMI: Regulatory network regulates pigment biosynthesis pathways

NF-YAS5 NARS1

ZHD1
. . Coral nodes contain the
AT3G24490, .
copelargonidin and / 4 // s known regulators regulating
bHLHL1 yanidin pathway genes KT 99 s lignin pathway that are re-
/ / / , .
i /1 //// g/'d sPL9 discovered by TGMI
GBF2 / / Lt LA
KK r”///ﬁ//" ¥ '/ 7 .
Py AL 748% algorithm.
scL1 | _CATAILS
bZIP48
>4 AT|1G7635
CRF5 7 , {857 7/ way geﬁ‘ G6047
AT2G42300 : / G e | > I B
VD CRF6
EDA29 ARF4
SRS6
AT5G164 TGA6
WRKY44 ZFP4
XND1 ZHD?2
WIND1 MYB32
WLIM2b
YBO6
AT2G21530
1AA13 , F-YAS8
& Flavonoid pathway g

AT4G01280

SAW1

N AT1G43770

odb, NACO019
ZHD6 NFD2

SGR1 SCL21 RaG1NF.YC132C3765

Gunasekara et al. 2018 Nucleic Acids Res. 46(11):e67.




TGMI

24
261

'_':i,' Gene 1D -;-.::a rm§§

2ZmACSN3
ZmBM S
ZmA2
ZmFLS2
236
ZmAd

[ zmoo0o1eb3osssol
ZmHTY
ZmPR1
ZmFTFH

ZmCHLS'
ZmCHLS
ZmCHLS!
ZmCHLS 1
Zmehis1
ZmAt
Zm00001ebI87930)

[ Zm00001eb413110|
315,

ol
[ Zm00001eb339170|

| Zm00001eb123110|
[ Zm00001eb314130]

Zm00001eb117370|
el

| Zm00001eb017620|

Zm00001eb179780|
Zm00001eb211960]

BHLH ZmO00001eb024330 bHLH149
Zm00001eb0S0730  BHLH3
Zm00001eb059460 bHLH47
ZmO00001eb061300 bHLH17
ZmO00001eb114530 bHLH59
2Zm00001eb155400 bHLH57
Zm00001eb315910 bHLH106

| zmoms
.

Zm00001eb3 17460 bHLH136
Zm00001eb323880 bHLHS0
Zm00001eb332400 bHLHES

bZIP ZmO0001eb0E0SED  OHP1
2Zm00001eb0E9140  BZIP2T7
Zm00001eb0920%0  bZIP23
Zm00001eb133640  bZP3
Zm00001eb150010 bZIP102
Zm00001eb209070  bZIPS4
Zm00001eb231360 bZIP160
ZmO00001eb235510 bZIPE1
Zm00001eb253370 bZIP13
Zm00001eb296340 bZIP18
Zm00001eb316720  bZIPT
Zm00001eb330680 bZIP58
Zm00001eb373300 bZIP100

=
Smms

MYB Zm00001eb041450 MYB78
ZmO00001eb060S80 M YB8O
ZmO00001eb066260 MYB133

Zm00001eb103730 MYB31
Zm00001eb136720 MYB6
Zm00001eb148320 MYB15

Zm00001eb150140 MYB138
ZmO00001eb187810 MYB19
ZmO00001eb216040 MYB37
ZmO00001eb247570 MYB41
ZmO00001eb2485%0 MYB8S
2ZmO00001eb255300 MYB48
2Zm00001eb288730 MYBR3
Zm00001eb307400 MYB153
Zm00001eb321920 MYB14
Zm00001eb335060 MYB22
ZmO00001eb417620 MYB149
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40 TFs were identified by TGMI to potentially regulate anthocyanin biosynthesis pathway (62
genes). Wang et al BMC Plant Biology (https://doi.org/10.1186/s12870-025-06053-4 )
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Joint construction of multiple gene regulatory networks with data from multiple conditions or tissues (JRMGRN)

Arabidopsis data |
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Deng, Zhang, Liu, Zhao, Xu, and Wei. 2018, Bioinformatics 5;34(20):3470-3478



How does BWERF (Backward Elimination Random Forest) work?

---An algorithm for building hierarchical gene regulatory networks governing a biological processes or pathways

Input data
Pathway genes

TFs
TF1TF2

Output

A multiayer GRN
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Build
another
layer?

Deng, Zhang, Busov, and Wei*, 2017. PLoS ONE 12(2): e0171532.

Build a layer of network

Use extracted edges and
corresponding TFs

R K
AR R

EM algorithm for extracting
interesting TFs

A highly efficient
method that has been
used to identify many
pathway regulators



A sample multilayered gene regulatory network (ML-hGRN) built with BWERF algorithm
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Tree Physiol, Volume 39, Issue 7, July 2019, Pages 1159-1172, https://doi.org/10.1093 /treephys/tpz025

The content of this slide may be subject to copyright: please see the slide notes for details.

bottom-up approach
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Multilayered hierarchical gene regulatory network (ML-hGRN) built with BWERF algorithm

f
( ) This study used BWERF
to identify WRKY18

Layer3 3 . & . SR N
Group A Group B Group C Group D Group E
Plant-pathogen interaction Phenylalanine metabolic Plant hormone signal Glutathione metabolism Starch and sucrose
and biosynthesis transduction metabolism

The transcriptional landscape of Populus pattern/effector-triggered immunity and how PagWRKY18 involved in it
Plant Cell & Environment, First published: 26 February 2024, DOI: (10.1111/pce.14860)

https://onlinelibrary.wiley.com/doi/10.1111/pce.14860



TGPred package: four methods for predicting transcription factor target genes and
two methods for predicting pathway regulators
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Cao, X., L. Zhang, M. K. Islam, M. Zhao, C. He, K. Zhang, S. Liu, Q. Sha, H. Wei, TGPred: efficient methods for predicting target genes of a transcription 4 OXFORD

factor by integrating statistics, machine learning and optimization, NAR Genomics and Bioinformatics, Volume 5, Issue 3, September 2023, |qad083,
https://doi.org/10.1093 /nargab/Iqad083



DyGAF: a deep learning—based dynamic attention model for identifying disease-associated biomarkers in infectious diseases

Inputs E
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The efficiency and output of DyGAF

Table |. Classification report comparing dynamic gene attention focus (DyGAF), random forest (RF), differential expression
analysis (DEA-RF), support vector machines (DyGAF-SVM), and K-nearest neighbors (DyGAF-KNN) models based on the gene
expression profiles from human nasopharyngeal swabs.

Accuracy
Models Training Testing Fl-score Specificity Sensitivity
DyGAF 100 94.23 96 919 100
DyGAF (Model A) 100 88.46 92 100 66.67
DyGAF (Model B) 100 90.38 93 100 72.23
RF 100 88.46 80 85 100
DyGAF-SVM 100 86.53 90 86.5 86.7
DyGAF-KNN 90.82 76.29 84 97 80
DEA-RF 100 92 94 77.78 100
PR ]
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Figure 7. Key protein-protein interactions (PPl) and hub proteins with COVID-19. (A) PPI retrieve from STRING database using
the top 100 significant genes. (B) Hub-proteins found out using different algorithms available in cytoHubba.



IntegraGRN: A machine learning and deep learning combined approach for identifying pathway regulators
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The package
identified the

high hierarchical
regulators, MYB26
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lignin pathway.
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