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The binding of a TF is triggered by local sequential patterns
within TFBSs, known as “motifs”. Previous methods
predicted TFBSs by constructing motifs using position
weight matrices which best represented the binding sites.
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3. Deep Motif Dashboard
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GAAGCTTGTACGCTATGGA TFB:
TCGATCGAATCGCATGTC NO TFBS
1. [ATGAGATCATGCTTCATCT — TFBS
TCGATCGAATCGCATATG TFBS
TGTCAACTATGLTCTCGAA NO TFBS

[[Positve Test Sequence | T:CTeGHTOCTTT 4G TTACTEACAT: COOGET €T CAM CAG T SAMGTASTETTCTT |
| Saliency Map n |
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2. Temporal Output Scores: what are the model’s
predictions at each timestep of the DNA sequence?

Positive Test Sequence | CTTCTCTC:CATOCTATT CCACCTTACTCACATG:COCCACCTCECTCCAAACCACLCTECARACSTACTCTTTETT
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3. Class Optimization: for a particular TF, what does the
optimal binding site sequence look like?

arg max S (X) + N X2

Where X is the input sequence and the score S, is probability of
sequence X being a positive binding site
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CNN-RNN Forward Temporal Outputs.

CNN-RNN Backward Temporal Outputs.

NFYB
sasearmoiis | Foward: P[4 macwart: LM
—
NN Positive Class Maximization | ... alTTie o
RNN Positive Class Maximization | ¢, ysl , . o lzdlod. R = U %) —

CNN-RNN Positive Class Maximization

Toahi 2eoCCT. 5.

Positive Test Sequence

(CCAACTCACTTTCTT:CTOTCATTAZCC: ToXTOCTOCACCAMACG:0CEC0:CRTCT T TECTCTCATACOCCA < TTCTTEATIECT:

NN Saliency (0.30)

RNN Saliency (0.12)

CNN-RNN Saliency (0.91)

Positive Test Sequence

COCAMCTGACTITCTT CTOTCATTACCC T TOUTCRACAAKCC:5:C QUTETCOCTTECTCTCATAG-QOGA L TTETCATIEE T,
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