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dealing with brain complexity
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in almost every tissue, cells continually grow and

icrofilament
Microtubule
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divide but most neurons stop growing in early - zdp ‘” .
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there is large interest in both long-term processes (Alzheimer’s, Parkinson’s, etc) and
short-term processes (reward, addiction, PTSD)

maybe more than any other organ, post-transcriptional regulation is extremely important

as is the scope for alternative splicing...



parallel, multi-level observations of gene expression

cytosol
ribosome

totalRNA raRNA footprints MS proteomics

RNA-seq of all RNA-seq of RNA-seq of single-injection &

cellular RNA  ribosome-affiliated ribosome-bound fractionated mass-
RNA captured by RNA fragments spectrometry
RPL10a-eGFP IP
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parallel, multi-level observations of gene expression
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...although it is possible to assay
translation and steady-state protein
levels, the yield of these
experiments is much lower than
RNA-seq



easier to measure transcription than translation

totalRNA
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junction observability

PE RNA-seq
SE RNA-seq —
footprint —
peptide —

RNA-seq will eventually
produce single-molecule,
whole transcript reads.

Not the case for footprints
and not clear if MS will ever
be able to profile intact protein

-> how can we integrate RNA,
footprint, and MS data for
mutual gain?
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EM algorithm

- for each gene:

- maximise the likelihood of 1..N
observed reads or peptides, R,
given isoform abundances, ¥, of
1..K isoforms:

P(Runle) = [[ D P(BalIt) P(Ik|)

n=1 k=1

- for the naive prior: ¢k = K

- probability that the j* isoform
will contribute a footprint or
peptide is based on its CDS
length, Z, and abundance, ¥

T
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o=l

r( example: resolving the isoforms of POLDIP3 prior: naive RNA-seq
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aside: higher quality data improves our chances

for successful integration




ribosome-affiliated RNA (raRNA) > totalRNA

totalRNA raRNA
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raRNA suffers less intronic contamination than totalRNA

intron intron intron

exonic fraction: 36 reads/ (36+12 reads) =0.75
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ribosome footprinting | wet-lab methods
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>98% of IP footprints map to mRNA CDS’

IP cushion2
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IP footprints are more consistently in correct frame

a) sucrose cushion b) ribosome IP
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IP footprints better able to predict correct frame

fraction of transcripts called in correct frame —
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EM algorithm

- for each gene:

- maximise the likelihood of 1..N
observed reads or peptides, R,
given isoform abundances, ¥, of
1..K isoforms:
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implementation:

a) ribosome footprint EM

align reads

transcriptome assign to transcripts using footprint transcript
alignments (.bam) miBAT quantifications (.exprs)

. . footprint
naive prior reads (.fq) (STAR)

Gencode
annotation

align reads quantify
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b) mass-spec proteomics EM
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naive prior

# genes
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" Footprints (58.2% ambiguous multi-isoform genes)
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# 'best' isoforms per gene

ribosome
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alone cannot
distinguish
isoforms for the
majority of genes



naive prior
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informative prior

ribosome footprints
benefit from
totalRNA or raRNA-seq prior

MS/MS peptides
also benefit from
raRNA-seq or footprint prior
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global clustering
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cluster profiles
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6 specific examples of genes/isoforms resolved

by RNA-seq:

validation
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applications

1 - proteomic profiling of human brain (psychENCODE)
2 - cell-type specific footprinting and proteomics (CEBRA)
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1 - proteomic profiling of human brain (psychENCODE)

a) .
x5 adult per-sample quantification
human brains — (all regions, all brains)
. . poly-A RNA-seq
x7 brain regions
DFC  dorsolateral prefrontal cortex per-region survey
V1C  primary visual cortex (all regions, pooled brains)
HIP  hippocampus high-pH reversed-phase chromatography
STR  striatum fractionated LC-MS/MS
MD thalamus (mediodorsal nucleus) per-sample quantification
AMY amygdala ' (all regions, all brains)
CBC cerebellum protein single-run LC-MS/MS
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2 - cell-type specific footprinting and proteomics (CEBRA)

Htré






2 - cell-type specific footprinting and proteomics (CEBRA)

magnetic
bead

/*\X *: COC

raRNA footprints MS proteomics
RNA-seq of RNA-seq of single-injection &
ribosome-affiliated ribosome-bound fractionated mass-
RNA captured by RNA fragments spectrometry

RPL10a-eGFP IP
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summary

- immunoprecipitation of ribosomes provides very clean [ra]RNA-seq and ribosome
footprint data

- developed flexible framework (miBAT) to not only assign footprints/peptides to
isoforms, but also to allow these data to update isoform abundances estimated by
RNA-seq

- application to psychENCODE project (integrating RNA-seq and MS/MS proteomics) to
provide isoform-resolution map of the human brain

- application to specific cell-types to monitor translation (using RNA-seq, footprints, &
MS/MS proteomics) in response to acute cocaine administration
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cell-type specific profiling of the mouse CNS

L)



what defines a neural cell-type?

o S
‘eus% % ,?A
location shape genes
& &
connectivity neurotransmitters

use combinations of these properties to select specific cell-types
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the case for cell-types

mixed cells single cell-type
dissection bacTRAP / FACS
v/ easy to obtain v/ easy to obtain...
v/ plenty of material X ...only in model organism
X ++ white matter v/ plenty of material
X not sensitive v promoter-specific
v/ sensitive

single cell

LCM / FACS

X difficult to obtain
X little material
X |ose processes

v/ sensitive
X ChIP & MS/MS hard

T EE—
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limitations of human transcriptomics

major problems associated with profiling RNA abundance in the human brain

sample quality cell-types
& &
biopsy precision transgenics

£56)



single-cell RNA-seq | [human] experiment

CANCER GENOMICS

Single-cell RNA-seq highlights
intratumoral heterogeneity Patel et al. Glioblastoma single cells
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single-cell RNA-seq [mouse] experiment

RESOURCE
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limitations of human transcriptomics

major problems associated with profiling RNA abundance in the human brain

sample quality cell-types
& &
biopsy precision transgenics
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limitations of human transcriptomics

major problems associated with profiling RNA abundance in the human
brain

death sample quality cell-types
& & &
PMI biopsy precision transgenics

£ip)



overcoming limitations of human transcriptomics

how can we use high-quality, high-resolution mouse data
to learn more about the development of the human brain? ]

~
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current database of cell-type specific raRNA-seq
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interactive web resource of cell-type enriched genes

Mouse Genes by Expression Levels, Fold Enrichment, and Cell Type
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Expression Levels in this Cell Type

Gene Id Cell Fold Enrichment Log of Expression Levels > 10
ENSMUSG00000028785.10 Drd2 neuron 54

ENSMUSG00000090223.1 medium spiny neuron 3

ENSMUSG00000045573.9 Drd2 neuron 136

ENSMUSG00000061718.10 medium spiny neuron 34

ENSMUSG00000001270.8 Drd2 neuron 3

ENSMUSG00000030122.10 Drd2 neuron 9

ENSMUSG00000032503.15 medium spiny neuron 19

ENSMUSG00000032259.7 Drd2 neuron 55

ENSMUSG00000064288.4 Drd2 neuron 17
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uses of cell-type enriched gene catalogue

- clustering and single-cells

- use known cell-types to inform clustering of single cell based on expression profiles

- deconvolution!

- use to interpret gene expression profiling of human CNS

- cell-type specific PPl + coexpression networks
- use to find cell-type specific hubs/bottlenecks
- use to refine cell-type hierarchy
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