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Abstract

Cancer cell lines are foundational tools Iin preclinical
research, yet many fail to form tumors In Xenograft
models, limiting their translational utility. To address this
gap, bulk RNA sequencing data was integrated with
experimentally validated tumorigenicity outcomes to
iIdentify  transcriptomic  features associated with
successful xenograft formation. Differential expression
analysis uncovered key genes distinguishing tumorigenic
from non-tumorigenic lines. Using these features, we
trained a logistic regression classifier that achieved a
median test set accuracy of 0.84 (84% CI: [0.78, 0.90])
across 1,000 bootstrapped samples. From our model,
this approach introduces a new dimension for prioritizing
cell lines based on their likelihood of forming tumors In
vivo. These findings offer a practical framework for
enhancing model selection and Iimproving the
translational relevance of cancer research.

Background

» Cancer cell lines are useful cancer models in drug
development, but they are grown in vitro and thus do
not capture crosstalk between malignant and non-
malignant cells

* Cell line-derived xenograft models can be used to
better represent patient tumors in vivo

 However, many cell lines fail to induce tumorigenesis
In these xenograft models

 We hypothesize that there are biomarkers shared
across these cell lines that explain whether they do
or do not form xenografts

« The dataset used Iincludes 488 barcoded cancer cell
lines that were Injected into mice subcutaneously

« Tumor barcodes were quantified to compare their
abundance pre- and post-injection, assessing
tumorigenic potential (Jin et al., 2020)
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Figure 1: Distribution of Engraftment Scores. (A) Counts of non-
engrafted (412) and engrafted (76) cell lines from the dataset. (B)
The distribution of engraftment potential that did engraft, ranging from
-3 to +2.
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Figure 2. Summary of Methods

Results

Differentially expressed genes (DEGs) were identified In
engrafted cell lines after controlling for location
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Figure 3. Differential
Gene Expression and
Pathway Analysis with
Location Covariate
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Classification models perform better than regression

models
Model Accuracy by DEG Range
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Figure 4. Model Accuracy by DEG Range. A classification target of
engraftment yes/no and a regression target of engraftment potential
were used with a threshold set at -3.86 (mean value of the training

data). Linear Regression and Random Forest Regressor showed
lower accuracy levels than the classification models.

Increasing the number of DEGs lead to random forest
model overfitting
Number of Predicted Engrafted Cell Lines Across DEGs
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Figure 5. Predicted Engraftment of CCLE Cell Lines (n =1,673) by
DEG Range. The dotted line indicates the expected number of
predicted engrafted lines (n = 261) based on the proportion of
engrafted samples in the training set (15.6%, 76 out of 488 cell lines).
Random Forest performance declines with increasing DEGS,
suggesting overfitting to the training set.

Prediction scores for cell lines that successfully
generated CDX models tend to be higher compared to
those that failed
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Figure 6. Boxplots of the validation of prediction scores for
successful and failed CDX models using Novartis internal records for
(A) Logistics Regression (p = 0.007) and (B) Naive Bayes (p = 0.012)
with 100 DEGs.
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Engraftment scores vary by molecular subtype in
breast cancer epithelial cells
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Key Findings

« Engraftment success is associated with distinct gene
patterns and influenced by tissue context

« Classification models showed promise and the
Logistic Regression model with 100 DEGs was
validated with internal records

 Epithelial cells from breast cancer patients have
different engraftment scores across breast cancer
molecular subtypes and patients

 Next steps include publishing engraftment-predicted
cell lines and expand the model to other cancer types
and applications, including patient-derived xenograft
models
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