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Model 3(“ThreeNet”)

21 sequence inpuls

Blood diagnostics of cancer present a
golden opportunity to advance the state of
cancer treatment. However, diagnosing
cancer through the blood is an extremely
difficult task that is analogous to finding a
needle in a haystack, but is possible due to
the presence of circulating tumor DNA.
To aid the development of blood cancer
diagnostics, we will build a binary
classifier using a deep learning model that
will accurately ascertain whether a single
non-reference base is human introduced, or
whether it may be an indicator of disease.
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Raw data was obtained from The Alizadeh
Lab in the Stanford School of Medicine,
which has collected full genome
sequences from healthy patients and
patients with cancers. We obtained DNA
sequences from over 300 different patients
and extracted relevant features from the
raw sequence data. A description of these
features can be found below.

Feature Name Feature Description

‘containing specific allele.

BarcodeFamily ¥ of PCR duplicates generated

Base Change A constant (0-11) representing what base
change is observed (g Ato 6)
Duplex Binary feature for whether the fragment

comes from a duplex molecule
Read/Read2 Binary feature representing whether the read
is the Watson or the Crick strand.

Plus / Minus Binary feature representing whether the
strand is a plus or minus strand
Position onRead A number betwaen 0 (start) and 1 (end) for
‘where on the read the base was.

Number Non
Reference Bases

Number of non reference bases on the read,
including the current base

Base Quality The PHRED base quality of the base

Mapping Quality  The mapping quality of the read

Fragment Length  The length of the fragment

Pvalue The polishing p-value for the given base,
generated from a background database of
healthy samples

Polish Normally  Whether this base would get polished out or
o, strictly based on p-value

Type of Cancer  Which cancer type the base is from
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Our final dataset included roughly 30
million training examples. Each
training example represents a single
non-reference base found in a
patient’s DNA sequence. Due to the
nature of the problem, the distribution
of our data is skewed. Approximately
86.3 percent of our training

Model 1(“Deep Net”)

14 overall inputs

Hyperparameters

For all the models we tried out,

we tuned a variety of

e ) hyperp)arameters to improve each
model’s performance. Some of

” the many hyperparameters we

ﬁ%w experimented with include:
sidvectional GRU (mony-to-many)

Model 2(“TwoNet”)
21 sequence inputs

ooo

Bidirectional GRU (many-to-many)

14 overall inputs

Bidirectional GRU (many-fo-one)

sigmoid

.

p FCN Loyer (29 nodes, size/number of layers/nodes
are labelled class O (indicating human Bidkectional GRU (many-fo-one] * Learning rate and # of epochs
processing error), and the remaining . sigmoid FCN Layer (30 nodes, ReLU) *  Mini-batch size

13.7 percent labelled class 1

.

GRU vs RNN vs LSTM

(biological). We discuss how we sigmoid e Layer {7 nodes Rell) « Activation functions
addressed this problem in the methods
section. The data was split into a * 512 batch size FCN Layer (7 nodes, RelU) Loss
90/5/5 train/dev/test split. * Learning rate le-4 for 5 epochs To fix data skew, we oversampled
class 1 labels in the training set.
sigmoid We used cross-entropy loss to

train the models.

For baseline performance, we used

sigmoid
three models:

* 512 batch size
* Learning rate (with decay) 2e-4 for 15 epochs

* 512 batch size

*Model null distribution of human- * Leamning rate le-4 for 10 epochs

introduced error and classify with p
values using a statistical framework

*Basic logistic regression. Results & Error Anal

*Neural network with 1 hidden layer
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This was a challenging project due to the nature
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and quantity of the data as well as the

of the models we tried. Nevertheless,
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search, our results so far give us hope that this
method can eventually be used in the medical
field to improve the prospects of blood cancer
diagnostics.



