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Gene Expression Omnibus 2

e NCBI's' GEO? database is a major repository for high-throughput
transcriptomic datasets?® referencing ~7,000,000 samples*, including
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NCBI: National Center for Biotechnology Information
GEO: The Gene Expression Omnibus is a public genomics data

. . . 4 GEO Publications | FAQ | MIAME | Email GEO _ :
a significant number of tumor biopsy samples™. Mot boged [ Eodia repository.
e Today, this invaluable database is underused because of technical 3. Dataset: Refers to a GEO? Series, (GSExxx), it is “an original
roadblocks!! | l _ submitter-supplied record that summarizes a study”l'Vl.
) ) Scope: [self _v]| Format: [HTML v]| Amount: [Quick v] GEO accession: [GSE12763 e .U - e -
e \We demonstrate that recent Al developments unlock this vast | | - zirr;scljei{/igusga?msglriLﬁgowa(ieshcaﬂnbdel;tjheE(;i?wdIgz;)r?wsp?enigzc\;\;glcg
: . . . . Series GSE12763 Query DataSets for GSE12763 :
pc?tgnUaI to mfer.new biological understanding and shape future Status Public on Jan 12, 2009 assighed a unique and stable GEO accession number
clinical StUdy deSlgnS- Title Gene expression profiling of 30 human breast cancers (GSMXXX)"“V].
ggz:"‘;’:m - ::::::s?::‘e::oﬁ"ng — 5. Technology: Method for the production of the gene expression
Summary We used microarrays to profile 30 human primary breast tumors and proﬂles (e'g" Mlcroarray or RNA-SGC]).
Key resu I ts determine global gene expression patterns and molecular subtypes o. Platform: “A Platform record is composed of a summary
Keywords: Basal gene expression in human tumor samples description of the array or sequencer and, for array-based
. . . Platforms, a data table defining the array template. Each
e QOur hlg h—performa nce and state-of-the-art Al models |dent|fy the Overall design zh:ér;:’r;yiNAP frozen human tumor biopsies was analyzed on Affymetrix Platform record is assigned a unique and stable GEO accession
most relevant GEO datasets in oncology, representing the top 10%, number (GPLxxx)"V],
which we refer to as Epigene Labs data lake. gi:tﬁb‘;tjf(s) ity e N ity of HEK 7. NER and NEN: Named Entity Recognition and Named Entity
. . . . . .. . . . itation(s oeflic , O'Brien C, Boyd Z, Cave et al. In vivo antitumor activity o . : .
e These models are INteg rated into a ﬂlterlng and prioritization plpellne and phosphatidylinositol 3-kinase inhibitors in basal-like breast cancer models. Normalization are natural language proc[”e]SSIr\gomet[m?ds.
. . . . . Cli | . - -64. v . -
(Fig. 2), designed and developed for high scalability, modularity, and Sl U e S 8. LLM: Large Language Model (g, GPT-47 or Mistral " models).
Upd ata b|||ty promotes the epithelial-to-mesenchymal transition in breast cancer. Sci Signal 9. AUC: Area Under the receiver operatmg characteristic Curve. Itis
5 ) ] ) ) ) 2011 Jun 14;4(177):ra4l. PMID: 21673316 a score between O and 1.
e A GEO“ dashboard (Fig. 3) enables a user-friendly interface with the SibiEsion At e TEE3008
Epigene Labs data lake by aggregating the results of the Last update date  Mar 25, 2019
above-mentioned models. Figure 1: Screenshot of the description of a GEO? dataset
Gene Expression Omnibus Epigene Labs data lake Dataset wishlist Virtual cohort
.. e g “Patient samples” - C e , , Downstream
Original GEO query Explicit filters Scientist’s query Data integration
model : analyses ..
“neoplasm.s”[MeSH Ter.ms] Filter out SuperSeries and Filt.er. out datasets. e%pll:;;é; gzcl)&plsasms, Epigene Labs' data @
“homo sapiens”’[Organism] out-of-scope datasets containing only cell line ] ~ed harmonization pipelines
“gse”[Entry type] samples Outcome information
~200k ~50k ~40k ~20k transcriptomic datasets Ready-to-analyze harmonized data

transcriptomic datasets oncology research datasets datasets containing cancer patient samples

Figure 2: End-to-end pipeline, from heterogeneous datasets® to harmonized virtual cohorts

Methods

Classification models Cancer type NER’, NEN” and ML classifier Dataset description various indications 1254 295 F1-score 0.91

(21 possibilities)

Our models (Table 1) classify datasets® based on ground truth data that Dataset description and

were labeled by cancer scientists. They are divided into two categories: RNA-Seq resolution Custom embeddings custom features. Bulk / Single-cell 216 55 AUC® 0.97
and ML classifier Only for RNA-Seq

e Dataset description-based models:

o Utilize only dataset-level descriptions (Fig. 1). Treatment information LLME a?ﬁfiﬁ@iﬁ&?é& True / False NA 30 Fl-score 0.87
o Offer high scalability to encompass the entirety of Epigene Labs
data lake Dataset descrioti Pre-treatment /
: . ption ) )
e Sample description-based models: Treatment timing LLM 2nd PubMed abstract Post trea’;r\?aei:f;tb/lgoth / Not NA 12 Fl1-score 0.75
o Require detailed sample-level descriptions. —
o Demand increased computational power but deliver enhanced Treatment type LLM aggtgiicl\fllee;glbi?g;t List of treatment classes NA 8 Hamming 0.28
precision in results.
Patient samples Custom embeo!qllngs Dataset description and True / False 5657 278 AUC 0.96
(dataset version) and ML classifier custom features
Large Language Models (LLMs®) :
. Patient samples Custom embeddings Dataset & sample True / Fal 506 o5 AUC 0.97
Adaptation for treatment-related models: (sample version) and ML classifier descriptions rue/ralse '
e Traditional training approaches were infeasible due to limited labeled . . i
9 app Outcome information Custom embeo!qllngs Dataset .& gample Available / Not available 199 108 AUC 0.98
data. and ML classifier descriptions
LLMs from OpenAlll and Mistralll, yP and ML classifier descriptions patient / Other '

Table 1: Description, methods, and performance evaluation of the models
Performance metrics

The models are evaluated by the metrics below, depending on the format

of their respective output. All three are scores between O and 1. wy
% (3 Data mapping Q Search...
e Classic binary classification: AUC® (the higher the better). ) . I
e Multiclass and LLM-based binary classification: Fl1-score (the higher the
bette r) . Indication count Country count
e Multilabel classification: Hamming loss (the lower the better).
@ Not available 15.54%
® Colorectal neoplasms 14.94%
@® Breast neoplasms 8.46% S S
¥ Lung neoplasms 7.64% * @
G E 0 d h b d ® Ovarian neoplasms 7.62% 1-257
as oa r @ Brain neoplasms 6.40% 387 -786
Head and neck squamous cell carcinoma 5.95% ® 931-1,236
. . : : ® Acut loid leukemi 5.15% ® 2,656
e Intuitive data mapping: Our Metabase") dashboard visualizes the vast gy i sl e WS yogh < e
landscape of the Epigene Labs data lake, integrating diverse GEO ® Prostate adenocarcinoma 3.88%
explicit attributes and model-predicted attributes. s i
arcoma 3.37%
e Dynamic filtering system: With advanced filtering capabilities, the ® Other 13435
dashboard also permits in-depth interactive exploration of the data.
e Seamless research integration: The dashboa rd, combined with the Al Technology count by date RNA-Seq resolution proportion by date
mode|5, empowers resea rchers to create tailored virtual cohorts for @ Other @ Multiple technologies ® Genome binding/occupancy profiling @ Microarray @ RNA-Seq ® Bulk Single-cell
computational oncology (Fig. 2), sourced from the GEO database. = -~ 100%
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Figure 3: GEO Data Mapping Dashboard visualization example
References
l. Hawkins, N., Maldaver, M., Yannakopoulos, A., Guare, L. & Krishnan, A. Systematic tissue V. National Center for Biotechnology Information (NCBI)[Internet]. Bethesda (MD): e Contact: Akpéli Nordor, PharmD, PhD
annotations of genomics samples by modeling unstructured metadata. Nature National Library of Medicine (US), National Center for Biotechnology Information; (akpeli@epigenelabs.com).
Communications 13, (2022). [1988] - [cited 26 Feb 24]. Available from: https:/www.ncbi.nlm.nih.gov/. e Final publication number: 2P.
Il. OpenAl et al. GPT-4 Technical Report. Preprint at http://arxiv.org/abs/2303.08774 (2023). V. Metabase | Business Intelligence, Dashboards, and Data Visualization. e The authors have no conflict of interest to declare.
I1l. Jiang, A. Q. et al. Mistral 7B. Preprint at http://arxiv.org/abs/2310.06825 (2023). https:/Mww.metabase.com/



http://arxiv.org/abs/2303.08774
http://arxiv.org/abs/2310.06825
mailto:akpeli@epigenelabs.com
https://www.ncbi.nlm.nih.gov/
https://www.metabase.com/

