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Extended Abstract

Statistical methods to identify cancer genes are often either biased due
to the choice of models or insensitive to directional causal gene-to-cancer re-
lationships. To overcome such issues, a recent functional chi-square test (Fun-
Chisq) uses model-free functional dependency to detect directional, nonlinear,
non-monotonic, and functional relationships. The outstanding performance of
FunChisq at HPN-DREAM Breast Cancer Network Inference Challenges [2] sup-
ports its practicality in causal inference.

Meanwhile, the Functional Annotation of Mammalian Genome 5 (FANTOMS5)
project [4] surveyed the expression at over 200,000 transcription start sites
(TSSs) in nearly all human tissue types, primary cells, and cell lines of many
cancer types. The data cover TSSs originated from both coding and noncoding
genes. The unique advantage of FunChisq motivated us to study gene-to-cancer
relationships using the FANTOMS5 data.

We first evaluated the performance of FunChisq and six other methods on
FANTOMS5 data in distinguishing the most transcribed TSSs of 719 curated
cancer genes [1] from the same number of randomly picked non-cancer TSSs.
The six other methods include Pearson’s chi-square test [6], Wilcoxon test [9],
t-test [7], logistic regression [3], DESeq2 [5] and edgeR [8]. DESeq2 and edgeR
were tested on read count data, while the other methods on transcript abun-
dance data. We repeated the same evaluation on 100 different sets of randomly
selected non-cancer T'SSs. The performance of FunChisq is markedly better than
all six other methods, giving the largest areas under the receiver operating char-
acteristic (ROC) (Figure la) and precision-recall (PR) (Figure 1b) curves.

FunChisq reveals non-monotonic patterns, to which typical differential anal-
ysis method such as t-test is not sensitive. We observed strong non-monotonic
directional association from the abundance of many TSSs to the cancer status,
such as the TSS of known cancer gene BRAF (Figure 1c).

We further applied FunChisq on unannotated T'SSs in FANTOMS5, and pre-
dicted 1108 putative cancer driver noncoding RNAs. Their directional associa-
tion to cancer is stronger than 90% of the curated cancer driver genes.
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Fig.1. FunChisq outperformed six other methods and detected non-
monotonic patterns. (a) Areas under ROC curves. (b) Areas under PR curves. (c)
Non-monotonic association is observed from known cancer gene BRAF to cancer.
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Next, we compared samples from two leukemia subtypes (lymphoid and
myeloid leukemia) against other samples in FANTOMS5. FunChisq predicted
332/79 potential biomarkers for lymphoid/myeloid leukemia, stronger than the
TSSs of all 87/100 known lymphoid /myeloid leukemia driver genes. Our findings
of the biomarker locations are consistent with known chromosomal abnormalities
in both leukemia subtypes.

Using the powerful FunChisq method to detect directional association that
can be either monotonic or non-monotonic, our study contributes a catalog of
novel biomarker candidates that may enable a deeper understanding of cancer.
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