A Joint model of cell-type-specific RNA and protein expressions in the human brain
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Motivation and Workflow
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Methods and Approaches

Noisy Beta-Poisson Model
Based our model on the BPSC model of Vu et al*, but with a noise term H(Y|x) added

Q) = ) H(YIx).P(x)

M
X
P(x) = pol(x = 0) + (1 — pp) Z - BP( — a<m>,ﬁ(m),/1§m))
m=1 A;
: : X _
H(Y|x) = Binomial(Y|x,py) = (Y) (1 =pp)* V.ps*
i Y = Experimentally Observed RNA counts i iTranscr.iptionaI bursting rate: s = 4 i
' x = Underlying “true” RNA counts . 1 Probability of gene being "on™: p = u |
| p; = Probability of counts dropping out | iGene activation rate: ko, = a |
L e e e — e m e m e — e ! LGene nactivationrate: koss =L __ :

For our current implementation(m), we only consider a single mode

Deconvolution of cell-type proportions in mixtures

We deconvolve the bulk RNA-seq expression using the same snRNA-seq data we used for the
parameter inference
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Inference of cell-type specific protein translation rates

For solving the master equation for RNA and protein numbers, the equilibrium protein numbers
are*:

A / 1 . / T 1
(n)gc — vTransl,gr S gc ! Agc'vTransl,gc: where Agc =S gc: !
1 4-0ff.g¢ 1 4-01L.g¢
! f
kﬂn,gc kﬂﬂuﬂﬂ
For a complex tissue with multiple cell types:
Ncell types N cell types

(n)g = Z We. (n)gc = Z We.Agc. v;‘ransl,gc
c=1 c=1

Assumption: The translation rate is the same across individuals, but different across cell types
and genes

L2 reqularization: Regularization Best regularization

: parameter tuning : _ parameter (smallest RMSE)
Train Validation Test

Results

Transcriptional parameters for marker gene SLC17A7

The probability that the gene is in the “on” state: P,,=

KOTL

K0n+Koff

The variation of transcriptional parameters across different cell types for SLC17A7
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Deconvolution of cell-type proportions
Heatmap of Cell Fraction Using Bisque Deconvolution
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Comparison of log Transcription Rate(s) and log Translation Rate
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Density Distribution of P-values for Two Permutation Types

1 Proteomics label permuted
1 Cell type permuted

; 0.4 0.6 0.8 1.0
P-value

Conclusions and Future Directions

SLC17A7 is an excitatory neuron marker, yet it shows high P,,, and s for inhibitory neurons.
This shows that our inferred transcriptional rates may lack biological accuracy. We may need
to adjust parameter fitting for low-expression profiles or use single-cell ATAC-seq for better
constraint

Bisgue deconvolution confirms expected cell-type proportions

Low slopes and R sguare indicate a minor negative correlation between transcriptional and
translational rates, as expected

The permuted labels in proteomics have a significant effect given the high density of low p-
values. In contrast, the permuted cell type labels doesn’t show as strong an effect given its
broader p-value distribution
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