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SCRNA-seq

scRNA-seq provides information on which genes are expressed at the level of individual cells.

Single Cell Genome Sequencing Workflow
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orig.ident nCount_RNA nFeature_RNA percent.mt rename_sample type
 — P1194.F_AAAGAACCAAGTTTGC-1  P1194F 10076.0 3081  7.423581 P94F  WT
SNP/C NV/ CCTCATGGATAGATTAAT B ——. P1194.F_AAAGAACCACGAGGTA-1  P1194F 1772.0 805 1523702 P194F  WT
CCAGGAGTATACAGAAC S —— P1194.F_AAAGGATAGTTACGTC-1  P1194F 4984.0 2143 4133226 P194F  WT
Cell Types« GTTGCAAGAGAGTATCA ‘ ima ——— —aw . -
G R AGATACAATACAAGGGT CEEEEEE———— P1194.F_AAAGGATGTCATCGCG-1  P1194F 3292.0 1312 9.538275 P194F WT
Ident|f|cat|0n TAAGCCATACCTGAGGG o —— P1194.F_AAAGGGCAGCTCCGAC-1  P1194F 6060.0 2278 3.036304 P1194.F  WT
. . . P969_TTTGTTGGTATGCGTT-1 P969 91720 2609 7064980 P96 WT
Ana|YS|S SequenC|ng SequenC|ng POGO_TTTGTTGGTGCATACT-1 P99 299110 5913 5613320 PoBY  WT
Library P969_TTTGTTGGTTTAAGGA-1 P99 16849.0 4393 8837320 POE9  WT
P969_TTTGTTGTCAAGCTGT-1 P969 10355.0 3377 9570256 P969  WT
P969_TTTGTTGTCCACAGGC-1 P969 4188.0 2064 7139446 P96 WT
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Self-supervised pre-training
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Supervised finetuning

Label prediction loss
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Self-supervised pre-train 1

. Expression Binning

x(l) T k; lf Xi,j > 0 and Xi,j (S [bk'bk+1]
J 0; lf Xi,j =0

2. Cell by Gene Matrix

What does each block mean? What if shuffling columns? What about rows?

gt gene genet gene2
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Embedding K 3. Expression embedding
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Embeging K Gene Expression --> Occurrence of each gene,
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4. Gene embedding

gene2vec Oe\\\ —> O‘a\\ N

Word2vec --> Gene2vec
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s SCBERT

scBERT
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Self-supervised pre-training Reconstruction loss

5. Reconstruction Loss

M N
Lrec = — z z Vi j log(pi,j)

i=1j=1
6. Label Prediction Loss

M

Lpreq = — z Zj log(Qi)

=1

Label prediction loss
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Input Embedding Cq]
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Gene Tokens

Maximum input length

Assign each gene a unique\lD

(9 = [id (69),id (4, . ia (g

Input gene (g) tokens of each cell i

x® = [x®,x0, 2, ., x0]

Expression Values \
Value binning technique: x(‘) {

téi\) = [é‘{,tﬁ‘%,. t(‘)]
Condition Tokens ‘

(perturbations, ...) scalar

h(‘) = emb, (L) + emb (x(‘)) + emb, t(l)

Final Embm \ /

if Xij > 0and X;; € by, by+1] Fully Connected
lf Xi,j =0
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Pre-train

Fine-tune
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Thank you.
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