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|. To identify optimal therapies for specific cancers and subtypes of cancer which may not have previously been clinically explored S belmcsification Aldorithme Expression and mutation based methods for finding subgroups in pa-
Count SHEPHERD’s patient database has been 9 tient data and identifying potential new targets in understudied cancers Concurrent Therapy , ‘ , ‘ , Indication
. . . . . re . . . . . collected from 1,215 public sources. These SViAieeiE e Ranked Drug R dati Ch ized b Therapy Experiment Output Processing Performance Ranking,
ll. To identify optimal therapies for specific patients based on their -omic information Cancer Samples 77615 . g . | Prediction of enhanced drug efficacy in combination with standard-of-care Runs on Mass aniec Drug Recommendations oo LSS | Data Analysis (Statistical Analysis) Approved Indication
data consist of RNAseq and microarray data on Deep Learning Synergy Networks N " . | | | Comparison
. or other oncology assets, both across indications and for specific cell lines Single Patient / Aggregation & & IC50 Data , ‘ | ’
Represented Cancers 161 healthy and tumor tissue. Data were cleaned, Analysis Validation I f ‘ +
lll. To match new and existing therapies with the specific patient populations that are most likely to benefit from drug treatment ealthy Tissue Samples 2954 processed, and analyzed for quality. Deep Leaming IC50 Network ﬁt?ﬂ'cttyutrz pgreft'fjgﬁﬁ §f§2§i§3§§ 1,300 cell lines based on molecular Potient -omic s Vodel Accuracy Grashe DeW!Mode' L o
’ ) ata assification e
Gene Clusterization Delve-Specific Models Quanititative
. . , . . - | L ing Model Including GCVA | t
Prop.rletary drgg requnsg—resstance algorithm precﬁcts efficacy across Spezr?aclycs?gcer | Uliﬁiﬁiﬂi f ev%fg;?tors € nciuding AnarIT;/Fs)irgv\?arﬂggtion
GCVA cell lines, ex vivo and in vivo models, aggregate patient datasets, and on ! _ ) ! ) 4
BACKGROUND i e e — | 1 '
TABLE 1B: MODEL REPOSITORY Mutational Profile v
GCVA - Toxicity GCVA deployed on healthy tissue samples to predict toxicity on organs Cancer - Gene
I Expr'ession' — Clustgr I\/quel Data Visualization —> Repoft
Model Count Omic Data Count Cancers Represented Internally developed sequencing pipeline including quality control, align- Leve@p{ggfﬁtgfj'em Menipultaton Rendering
. . . po . . . . . . . RNA sequencing Pipeline ment, fusion detection, somatic variant calling, and multiple differential
While significant progress has been made in developing new standard of care. For point-of-care use, DELVE incorporates transcriptomic In Vitro 1,898 1,408 165 Lome expression. pathuay. and qene.set analvsis techniues or patient sbeciic analysis. DELVE s executed smultancously on 396 therapies which include
thera pies for cancer patients, many patients lack treatments data a.nd can match patlent.-level data with 396 er.JgS .agnC.)St'C of the patient’s Ex Vivo / PDX 2,029 1,950 149 Modde! Renosiior O dlatE o i i, @ vive, el in vive modlels desnedl anel dassi- oncology-specific targeted therapies, chemotherapies, chemotherapy-related agents, current and Fifty-six separate processes are executed for a therapeutic focused workflow, resulting in a list of
] . ] ] mutational status. DELVE differs from transcrlptomlc direction reversal In Vi 940 579 158 P y fied according to SHEPHERD cancer classifications discontinued therapies in development, and repurposed drugs with known activity in cancer. The cancers on which the therapy is predicted to be effective and associated statistics. The average time
that result in good outcomes. Existing patient-therapy matching 1 vive average time for report generation is 8 minutes leveraging Amazon AWS infrastructure. for report generation is 22 minutes.

techniques in that, while it can incorporate direction reversal, it also can
identify the potential for a drug to leverage dysregulations, such as gene
overexpression, to boost efficacy.

Prediction of the ability of an asset to cross the blood-brain barrier,

BBB Deep Learning Network built on hand-curated chemical interactions

algorithms frequently rely on mutations and well-studied targets
for which only a limited number of FDA-approved therapies

exist. In contrast, SHEPHERD’s approach, called DELVE, uses
computational and mathematical tools informed by transcriptomic
data to match therapies with the models, cancers, and specific
patients that will be most impacted by drug treatment, regardless
of mutational status.

Cancer models, including in vitro, ex vivo, PDX, and in vivo, have been curated by hand to share
naming conventions across all data sources. Cancer naming is determined via SHEPHERD’s
research identifying specific forms of cancer.? -Omic data on these models has been aggregated
when available or generated internally by SHEPHERD.

Chemical Analytics Ability to predict lipophilicity and hydrophilicity

Ability to predict homogeneity of cancers based on patient samples, and

Homogeneity Analysi :
omogeneity Analysis to compare cancers with each other

For each therapy under study, DELVE requires canonical SMILES representing
molecular structure and 100 or fewer post treatment IC50 values that measure
the sensitivity of cell lines to the therapy under study and which include
multiple cell lines that a) clearly respond to therapy and b) are resistant to
therapy.

FIGURE 4: EXAMPLE THERAPEUTIC REPOSITIONING ANALYSIS

DELVE analysis of public data on existing cancer therapies as well as failed therapies
reveals variable opportunities for benefiting additional patients and redeployment in They plot the difference between predicted response rates in a DELVE-selected patient
additional cancers. Therapies which appear to have more potential for repositioning population (green arc) versus the response rate that otherwise would be achieved in a
typically show efficacy in a broader range of pre-clinical models than therapies which are  clinical trial.

unlikely to succeed beyond a specific cancer, or which fail in cancer clinical trials overall.

The availability of this information allows DELVE to identify models that best represent specific
cancers, and to identify those models most likely to be highly affected by a specific drug
treatment from in vitro research tools through to in vivo.

Ability to automatically assess the utility of hundreds of drugs on tens of

High Throughput In Silico Pipeline thousands of patient and model data points

These charts are derived from DELVE’s GCVA algorithm and in vitro screening data.

Poster Overview
A major component of DELVE is a broad repository of cancer -omic data, which
has been aggregated over three years from public sources [Table 1]. Table 2

FIGURE 1: GCVA
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The DELVE platform, which is comprised of dozens of separate tools, was
constructed to inform intelligent drug design, development, and clinical use by
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transcriptomic-level drug response-resistance
signatures. DELVE integrates over 75,000 patient
samples representing 161 cancers as well as healthy
tissues, and was deployed to predict drug response and
resistance across thousands of in vivo, ex vivo, and in
vitro cancer models.

Cancer Naming

A significant challenge in pan-cancer analysis is heterogeneity in naming convention as well
as misclassifications of cancer models. DELVE’s tools operate on cancer patient omic data
and cancer model data repositories which have been curated, cleaned, and when necessary

Classification

Subclassifications of cancers and classifications of specific patient samples as noted in
figure 3a are accomplished with several tools. Random forest classification models are used
to classify patient samples based both on mutational and transcriptomic characteristics.
Unsupervised non-negative matrix factorization and pathway analysis models are used to
generate subclassifications of cancers where they do not exist in literature.

GCVA

GCVA is a proprietary algorithm which intakes cell lines transcriptome data and associated
IC50s measuring sensitivity to drug treatment. GCVA utilizes the direct comparison between the
highest and lowest responding samples in this training set. This approach ensures the detection
of transcriptomic variation that is most directly responsible for the differences in drug response
across the panel of sensitivity data at hand. In general, the more sensitivity data are available,
the more reliable the predictions.

For instances where data are inadequate due to data set size, sampling bias, noise, or

due to their versatility and variety of computational methods. DELVE’s Blood Brain Barrier
Deep Learning Network, Deep Learning IC50 Network, Deep Learning Synergy Networks
and Chemical Analytics all utilize a variety of network or classifier based machine learning
algorithms. The most important feature made possible through machine learning is ability to
make predictions just from the known chemical structure alone in the absence of sensitivity
data. ML methods utilized in DELVE include convolutional neural networks (CNN), feedforward
neural networks, random tree classifiers, support vector classifiers, non-negative matrix
factorization, natural language transformers, and chemoinformatic featurizers.
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the goal of GCVA is to significantly improve patient
selection as compared to a random patient selection.

This approach can also be applied to a series of pre-
clinical experiments for the purposes of optimizing model
selection and reducing development costs.

FIGURE 2: PROTEIN LEVEL CONNECTIONS

GCVA mathematically assesses the full

transcriptome for all relevant interactions that

lead to successful treatment with a specific therapy. This
graphic suggests that a single molecule can have many
interactions with interconnected biological mechanismes.

, G are generated which describe anticipated improvement in outcomes compared to baseline as a
] function of percentage of responders in a random sample, denoted by the green curve. These
data are derived from characteristics of the drug as revealed by GCVA analysis of cell line IC50
data. The area between the green curve and the red line quantifies GCVA's ability to improve on
population response rates for populations selected without DELVE at any proportion of “true”
population responder share.

FIGURE 5: ACCURACY

As outlined in results, DELVE accuracy has been characterized on preclinical tools and on

retrospective clinical trial data. /In vitro efficacy accuracy is DELVE’s ability to predict highest and
lowest performing drug-cell line pairs within an appropriate IC50 range for each drug. Clinical
approvals accuracy is DELVE’s ability to predict at least one successful drug approval for each
therapy. Clinical failure accuracy is DELVE’s ability to identify that specific cancers under study would

DATA HIGHLIGHTS

- DELVE can predict therapeutic efficacy across 161 cancers, including estimates of comparative
efficacy to standard of care.

- DELVE can identify high responding pre-clinical models from a repository of 4,867 models
representing 165 cancers.
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which can increase the overall clinical trial response rate.
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