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Background Data Lakehouse and ETL

Despite the vast amount of life science data at our disposal, integrating and utilizing it
remains challenging due to the diversity in data origins, formats and data types. Here
we describe the collaboration between Rancho Biosciences and Sapient Bioanalytics
to build a data lakehouse that encompasses Sapient’'s proprietary multi-omics and real-
world data (RWD) and enables novel approaches to improving patient treatments and
outcomes.

Our approach to integrate RWD and omics datasets leverages the data lakehouse
architecture, which allows us to ingest clean and harmonized data while also
preserving the original metadata. A critical feature of the data lakehouse is its ability to
Incorporate longitudinal clinical data, facilitating dynamic and up-to-date analyses.

Data harmonization and curation are empowered by automated approaches, utilizing
novel algorithms that have been incorporated into a workstream to efficiently combine
various data types into a comprehensive dataset aligned to a Common Data Model
(CDM). The robust ETL automates the data extraction and transformation and ensures
data consistency and interoperability across datasets from different sources. This
framework accelerates insight delivery by providing quick access to high quality
Integrated data, which are furthermore visualized via a Bl dashboard.

« A data lakehouse represents a hybrid data architecture that integrates the
scalability and flexibility of data lakes — capable of storing large volumes of raw,
unstructured data — with the robust performance and data management capabilities
of traditional data warehouses, which are optimized for complex analytical queries.

» This architectural paradigm is particularly well-suited for the integration and analysis
of multi-omics data, such as proteomics, metabolomics, and genomics
measures, and RWD, which comprises electronic health records (EHR) as well as
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Leveraging the data lakehouse infrastructure, we are able to significantly enhance =
the Integration, visualization, analysis, and utilization of Sapient's multi- @
dimensional biomarker and clinical datasets to inform treatment strategies.
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Integrating RWD with multi-omics data can present significant challenges due to

differences in data structure and contents, and the longitudinal nature of the data. To Framework illustrating how RWD and omics data are integrated into the data lakehouse while
address this, we developed a data model that aligns with the Observational Medical adhering to a data structure that is aligned with OMOP standards.
Outcomes Partnership (OMOP) CDM, enabling integration and analysis of diverse
biomedical datasets. The resulting data model enables large-scale, multimodal Data from different sources is ingested at scale into the data lakehouse and transformed
analyses to support biomarker discovery and drug development. Into a unified structure ready for analysis and visualization to generate new insights:
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Data Harmonization and Curation Use Case: identifying an early diagnostic biomarker
The unprocessed, unstructured clinical  Terminology Management Solution (TMS) Mapping Sapient leveraged the data lakehouse to rapidly analyze metabolomics data paired with
|nf0rmat|0n C0m|ng from mUI“pIe sources 1.Extract unique terms from sources 2.Use TMS to map terms to OMOP RWD in >20,000 human SampleS AdClOSS a diverse pOpu|atI0n tO |dent|fy an eal’|y dlagnOStIC
and several databases Iincluding EHR and = wwmsuame | biomarker which predicts metabolic dysfunction-associated steatohepatitis (MASH).
survey data was harmonized and aligned —mmocom | —onemce — T ] G

TRILIPIX  CAP 135MG FENOFIBRIC ACID {(CHOLINE}

With Seve n C D M Cate g O r i eS . U n i q u e te rm S FENOFIBRIC CAP 135MG DR FENOFIBRIC ACID (CHOLINE)

FENOFIBRIC ACID DR 135 MG CAP FENOFIBRIC ACID (CHOLINE})
FENOFIBRIC 135MG DR CAPSULES FENOFIBRIC ACID (CHOLINE)

for 16 fieIdS in person’ Condition, procedure’ FENOFIBRIC ACID DR 45 MG CAP FENOFIBRIC ACID (CHOLINE)

drugs, observation, and measurement were o EEEiE =  High levels of MASH biomark
extracted, cleaned, and aligned with OMOP,  rmmmmm | wmomenswocoma | = =0 #5820 2.0 1 5.0
Both manual and automated curation [TETEEEECEIEIEIE e m _
approaches were used. Rancho’s TMS tool, — =:= SZZ.2=5 _ 15 — $ \\v
applied to map 1,875 drug generic hames to e—— E—— % Fr E 25 4 -~
OMOP, reduced manual curation time by *&iuts™™| wmsmrn g I g SN
50% with an output of 65% high quality 3.Manual review and QC, finalize [ r @ 004 : ;}é\‘%
matches (by similarity score). TMS mapping ee— U P P — 05 } r | 1:—%;3?
results were manually reviewed confirming N N IIH_,_,—’— e
the accuracy of the mapped ingredients to et | om [ | R . . . . ' -2.5 1 . :
their corresponding generic drug names and clapieon| 1 | SR | oo 408 10 Baseline  Post Bariatric Surgery
: - Time (years)
45.6k unique drug descriptions.
o _ The biomarker identified through The biomarker was found to be stable in
Original real-world diagnosis Curated term A significant redU_CUO_r_] Qf nontargeted metabolomics analysis was healthy individuals over time, but changes
redundancy and variability In found to be elevated in individuals >10 dynamically in MASH patients at 2 weeks
Iwm terminology was achieved years prior to formal diagnosis of MASH. post bariatric surgery.
through semi-automated curation
g: Sieatosis orter efforts, as can be seen in this Through this collaborative effort to make data more accessible and standardized for
R oo n e, or s kst s e, o example for diagnosis. The 32 scientists, Rancho Biosciences and Sapient have demonstrated the data lakehouse’s
;2I:E:2::2::2:ﬁ:itiﬂ:ztlit:iE:ﬁ::E:ZE:”“"“"” — original RWD terms could be transformative impact in accelerating biomarker discovery and drug development.
e harmonized to one standard term
: . "Steatosis of liver* (SNOMED).
?ﬁéﬂéésfémsz"‘“* T Diagnoses were further grouped
Bl el in classes (not shown here) to
53 f":f'-:.:f," m—— make cohort stratification more Download Poster

| I h I f tty
—FATTY (CHANGE DF) LIVER NOT ELSEWHERE CLASSIFIED|Nonalcoholic hepatosteato!
—?|Fatty (change of) i of elsewhere classified

user-friendly.

Rancho 4 saAPIENT

biogciences sapient.bio




