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Introduction Biomarker discovery with CTD/CTD2 Cancer Genomics Cloud Tools
CTD is a method that interprets sets of genes from cancer “omics” experiments in Preclinical trial In a previous study [3], we leveraged CTD to identify small multigene biomark- The Cancer Genomics Cloud is an NCI-funded cloud platform that enables the
the context of biological networks. By identifying subsets of genes that are signifi- . C“‘?"f: TTRE YT ers of response to both taxane- (docetaxel or paclitaxel) and platinum-based analysis of large cancer datasets in a user-friendly portal. With CTD2 as an app on the
cantly connected in a specific disease context, CTD allows for the identification of a \ TNBC PDX modeling g RSl (carboplatin or cisplatin) chemotherapy in Triple Negative Breast Cancer CGC, any user with an account can upload or generate an adjacency matrix and
biological informative gene sets.We have previously applied CTD to identify pertuba- Ye e 5 ~”:'e"-"1". ko (TNBC). analyze it with CTD2 and its “guilt by association” feature with just a few mouse clicks.
tions in breast cancer [1], diagnose rare metabolic disorders [2], and identify multi- o hematherany trestmen # L, '
gene biomarkers that are predictive of response in Triple Negative Breast Cancer — /_{,y/ﬂ* Baseline gene expression and response to both docetaxel and carboplatin
(TNBC) [3]. N o " treatement was obtained from a large set of TNBC Patient Derived Xenograft
pC S T (PDX) models. We then built network models of both carboplatin and docetaxel | | | = CTD Python run
Despite its utility in identifying biological signal, the computational cost of running | response. A CTD/WGCNA approach was used to identify highly connected sets <o CTO B edon s
CTD on large datasets has been a barrier to its adoption. To address this gap, we preciinical validation bonively within these networks that served as biomarkers of response. 9 genes were @ foos” ;,.@
developed CTD2 which is both faster than CTD, and has the new capability to per- e e identified as biomarkers of carboplatin response and 6 genes were identified as . ﬁw
form guilt-by-association analysis and deployed it as a tool on the Cancer Genomics B N Informative biomarkers of docetaxel response. o ,%-::3:@:&:-&
Cloud (CGC)[4]. A gene implicated via guilt-by-association is illustrated by the light . ! S — o : - %j‘:,‘;b ?’E
blue node in the graph below. e o I The biomarkers identified by the CTD/WCGNA approach outperformed biomark- e _ @ . k] .
- Cirical validation . o ® e o ® ersidentified with WGCNA as well as other commonly used feature selections nitps. //WWW_Car::;nomics‘clou d.org
Gene set of Weighted ;E:'::;’:f Highly connected o/ M\ Mo o creine @ CrowochA e methods. The small biomarker sets identified by the CTD/WGCNA approach ——
interest graph sot genes and new gene s e o genes ) '_ | ¢ were informative across platforms (RNA-seq and array) and across species
candidates formetive genes comesonnemoks (PDX and patients). Additionally, these biomarkers were informative
& ® O across drugs qf the same Cl_ass.The platinum b@omarkers were ?nformat!ve for
& i ® & both carboplatin and msplatln and the taxane biomarkers were informative for Above is an example draft task of the CTD2 app on the Cancer Genomics Cloud,
& & both docetaxel and paclitaxel. showing the interface researchers can use to input data and select runtime parameters.
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CTDZ2 is significantly faster than CTD CTD2 "quilt by association” analysis prospectively predicts breast cancer genes Conclusions and Citations
While the original CTD package was deployed in R, CTD2 is a python package To test the functionality of CTD2, we investigated if it could rediscover known « CTD/CTDZ2 are network based approaches that allow users to identify biological
with additional functionality that was not available in CTD. By deploying CTD2 in Breast cancer gene discovery breast cancer genes. Using The Cancer Genome Atlas (TCGA) [7], we built signal in complex datasets.
python, we have increased its computational speed by ~20X for large datasets. breast cancer/control expression graphs over the 5,000 most variable cancer « CTD2 is significantly faster than CTD which allows users to find significantly con-
This increase in speed allows for the analysis of much larger datasets including 15 genes for each breast cancer subtype. nected sets within large gene lists
thousands of genes. - » CTDZ2 rediscovered known breast cancer genes
0 We subsequently utilized DisGeNET [8] to identify genes associated with breast * The deployment of CTD2 on the CGC will allow users without a computational back-
Because of CTDZ2’s increased speed, it can be utilized to identify connections in S . . cancer, categorizing them into a training set discovered before 2015 (n=680) ground to be able to use this tool.
_ _ o A2 Training Set Size . . .
both large experimental derived graphs and knowledge graphs such as WikiPath- S 10 100 genes and a test set discovered after 2015 (n = 257). Training sets consisting of 100,
ways [9] and STRING [6]. % — 400 genes 400, and all 680 pre-2015 genes were then utilized to investigate the impact of Funding: NIH grants OT2 OD030547, U54 DA049098, U01 AG072439 to AM.
b — 680 genes the amount of information in the training set on the ability of CTD to recapitulate Citat;
CTD2 aISO a”OWS USGFS tO rank hOW COﬂ neCted Other geneS |n a graph are tO a :qf pOSt'201 5 geneS [1]'I!his?ethlvgt?I_SR., Petrosyan V, Li X, Miller MJ., Elsea SH, Milosavljevic A. CTD:Ar? informatiqn-theoreticlalgorithm to interprgt sets of metabolomic and transcriptomic perturbations in
users gene Set Of |ntereSt tO Identlfy nOvel gene CandldateS 8 : ;chI\e/I|§n§22t1%f1%§p£5§|3033272%05:8362(.)mput Biol. 2021 Jan 29;17(1):e1008550. doi: 10.1371/journal.pcbi.1008550. Erratum in: PLoS Comput Biol. 2021 Oct 25;17(10):e1009551.
) _ .
'g FOF eaCh tralnlng Set, CTD ranked a” Other geneS IN the graph The reSUItS are [2] Thistlethwaite LR, Li X, Burrage LC, Riehle K, Hacia JG, Braverman N, Wangler MF, Miller MJ, Elsea SH, Milosavljevic A. Clinical diagnosis of metabolic disorders using untargeted
5 . . . metabolomic profiling and disease-specific networks learned from profiling data. Sci Rep. 2022 Apr 21;12(1):6556. doi: 10.1038/s41598-022-10415-5. PMID: 35449147; PMCID:
= depicted in the plot, where the number of post-2015 genes discovered by CTD PMC9023513.
CTD2 Speed Improvements (y-axis) is plotted against the number of top genes ranked by CTD. We ob- 3]l . Dobclci L. Tl Lows A, Salo . rssan 1 LaL U, KooV, Ol M, Osbarme ¢ Rimaw M Pk A, tafsee M, Dowet
O Served that |ncreaS|ng the numberof genes IN the tralnlng Set Ied to an Increase i¥|282b2|01r82r7k§s;3s{ﬂ?gfeézgt;aglgir;ergﬂgelgpgl\;leg,gg?;%gTNBC patient-derived xenografts with a CTD/WGCNA approach. iScience. 2022 Dec 12;26(1):105799. doi: 10.1016/j.is-
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