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Annotation and Analysis for Diverse  Genomes and Transcriptomes



My Favorite Activity – Bioinformatics Tool 
Development and Application
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Nature Biotech, 2011
Nature Protocols, 2013

STAR-Fusion
Genome Biology, 2019

FusionInspector
Cell Reports Methods, 2023
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Extract RNA, 
… some protocol for processing, ... 

Biological Investigations Empowered by Transcriptomics

Analysis Method
(pick your favorite)

Northern

Dot Blot
Microarray

qRT-PCR Sanger Sequencing

Other…



Historical Timeline to Modern Transcriptomics (from 1970)

From Cieslik and Chinnaiyan, 
NRG, 2017 

Smith Waterman (1981)

BLAST (1990)

(2011)

Tophat/Cufflinks (2010)

RSEM

Kallisto (2016)
Salmon (2017)

Note: Just a small 
sampling of what’s 
available.

Reverse Transcription (1970)

Northern Blot
Sanger Sequencing

(1977)

Expressed Sequence Tags (1992)

cDNA microarrays (1995)

RNA-Seq (2006-2008) 

Droplet single cell RNA-Seq (2015) 

PacBio IsoSeq (2014)

Direct RNA Seq Nanopore (2018)

Lots more! Seurat-v2 (2021)

StringTie (2015)

minimap2 (2018)

STAR (2013)

SAMtools (2009)

SlideSeq-v2 (2021)



Extract RNA, convert to cDNA

Modern Transcriptome Studies Empowered by RNA-seq

Next-gen Sequencer
(pick your favorite)

Millions to Billions of Reads



Circa 1995

Personal Reflections...



Hello Next-Gen
Sequencing!

From https://www.genome.gov/about-genomics/fact-sheets/DNA-Sequencing-Costs-Data

https://www.genome.gov/about-genomics/fact-sheets/DNA-Sequencing-Costs-Data


Generating RNA-Seq:  How to Choose?

*Not all shown at scale

iSeq

Stats circa 2018
For current, see: https://tinyurl.com/wbgcs65

https://tinyurl.com/wbgcs65


Generating RNA-Seq:  How to Choose?

*Not all shown at scale

Thx Joshua Levin, for the cartoon. J



Maybe something more portable?



Images from “RNA sequencing: the teenage years”
Rory Stark, Marta Grzelak & James Hadfield 
Nature Reviews Genetics volume 20, pages631–656(2019)

Today’s Most Popular Sequencing Technologies



Images from “RNA sequencing: the teenage years”
Rory Stark, Marta Grzelak & James Hadfield 
Nature Reviews Genetics volume 20, pages631–656(2019)

Today’s Most Popular Sequencing Technologies

Hundreds of millions to billions of 
highly accurate but shorter reads. Limited sequencing depth, but 

highly accurate full-length single 
molecule reads. ($$$)

Limited sequencing depth, and 
moderate-to-highly accurate full-
length single molecule reads.   ($$)

Video at: https://youtu.be/fCd6B5HRaZ8

https://youtu.be/fCd6B5HRaZ8


Images from “RNA sequencing: the teenage years”
Rory Stark, Marta Grzelak & James Hadfield 
Nature Reviews Genetics volume 20, pages631–656(2019)

Today’s Most Popular Sequencing Technologies

Hundreds of millions to billions of 
highly accurate but shorter reads. ($) Limited sequencing depth, but 

highly accurate full-length single 
molecule reads. 

Limited sequencing depth, and 
moderate-to-highly accurate full-
length single molecule reads.   ($$)

Video at: https://www.youtube.com/watch?v=_lD8JyAbwEo

https://www.youtube.com/watch?v=_lD8JyAbwEo


Images from “RNA sequencing: the teenage years”
Rory Stark, Marta Grzelak & James Hadfield 
Nature Reviews Genetics volume 20, pages631–656(2019)

Today’s Most Popular Sequencing Technologies

Hundreds of millions to billions of 
highly accurate but shorter reads. ($) Limited sequencing depth, but 

highly accurate full-length single 
molecule reads. ($$$)

Limited sequencing depth, and 
moderate-to-highly accurate full-
length single molecule reads. 

Can do direct RNA sequencing! 
and find evidence for methylation

Video: 
https://nanoporetech.com/how-it-works#fullVideo&modal=fullVideo

https://nanoporetech.com/how-it-works


A Plethora of Biological Sequence Analyses Enabled by RNA-Seq

From Cieslik and Chinnaiyan,  NRG, 2017 

(ie. mutations)



RNA-Seq is Empowering Discovery at Single Cell Resolution

Wagner, Regev, and Yosef.  NBT 2016 



Spatial Transcriptomics

From “RNA sequencing: the teenage years”
Rory Stark, Marta Grzelak & James Hadfield 
Nature Reviews Genetics volume 20, pages631–656(2019)

Spatial Encoding



A Myriad of Other Specialized 
RNA-seq -based Applications

Adapted from “RNA sequencing: the teenage years”
Rory Stark, Marta Grzelak & James Hadfield 
Nature Reviews Genetics volume 20, pages631–656(2019)

RNA-Sequencing as your lens towards biological discovery



A Myriad of Other Specialized 
RNA-seq -based Applications

RNA-Protein Interactions

Ribosomal profiling

RNA-RNA interactions

RNA Structuromics

Adapted from “RNA sequencing: the teenage years”
Rory Stark, Marta Grzelak & James Hadfield 
Nature Reviews Genetics volume 20, pages631–656(2019)



RNA-seq Publication Trend

Paper Counts from PubMed



Transcriptomics Lecture Overview

1. Overview of RNA-Seq
2. Transcript reconstruction methods
3. Trinity de novo assembly
4. Transcriptome quality assessment
5. Latest advances for RNA-seq
6. Short lab activity – running Trinity



Part 1. Overview of RNA-Seq



RNA-seq library enrichment strategies that influence interpretation and analysis.

http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004393

http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004393


RNA-seq library enrichment strategies that influence interpretation and analysis.
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http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004393
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RNA-seq library enrichment strategies that influence interpretation and analysis.
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RNA-seq library enrichment strategies that influence interpretation and analysis.

http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004393

http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1004393


Part 2. Transcript Reconstruction Methods



RNA-Seq Challenge: Transcript Reconstruction

Adapted from: http://www2.fml.tuebingen.mpg.de/raetsch/members/research/transcriptomics.html

(Avg. ~ 2 kb)

(Avg. ~ 300 b)

(~ 75 to 150 b reads, SE or PE)



Transcript Reconstruction from RNA-Seq Reads



Transcript Reconstruction from RNA-Seq Reads



Transcript Reconstruction from RNA-Seq Reads



Transcript Reconstruction from RNA-Seq Reads

Trinity

GMAPStringTie

STAR



Transcript Reconstruction from RNA-Seq Reads

Trinity

GMAPStringTie

STAR

Non-model organisms:
“I don’t have a 

reference genome!”



Transcript Reconstruction from RNA-Seq Reads

Cufflinks

TopHat



Transcript Reconstruction from RNA-Seq Reads

Cufflinks

TopHat



Transcript Reconstruction from RNA-Seq Reads

Trinity

GMAP

End-to-end Transcriptome-based
RNA-Seq Analysis 
Software Package



Transcript Reconstruction from RNA-Seq Reads

Trinity
Oases
SoapDenovoTrans
AbyssTrans
IDBA-Tran
Shannon
BinPacker
Bridger
…

GMAP
BLAT
AAT
Spidey
Sim4
…

Cufflinks
Stringtie
IsoLasso
Bayesembler
Trip
Traph
CEM
TransComb
Scallop
…

TopHat
STAR
HISAT2
GSNAP
…

Many tools to choose among:



Transcript Reconstruction from RNA-Seq Reads

Trinity
Oases
SoapDenovoTrans
AbyssTrans
IDBA-Tran
Shannon
BinPacker
Bridger
…

GMAP
BLAT
AAT
Spidey
Sim4
…

Cufflinks
Stringtie
IsoLasso
Bayesembler
Trip
Traph
CEM
TransComb
Scallop
…

TopHat
STAR
HISAT2
GSNAP
…

Many tools to choose among:

How does it work?



Graph Data Structures Commonly Used For Assembly

Reads to Graph 

• Sequence
• Order
• Orientation (+, -)
• Overlap

GATC

CGATCA

GTC

CG

AGTCA

AGC

GATTACA

Nodes = sequence (+/-)
Edges = order, overlap



Graph Data Structures Commonly Used For Assembly

GATC

CGATCA

GTC

CG

AGTCA

AGC

GATTACA

GATCGTCCGAGCGATTACA

Reads to Graph 

• Sequence
• Order
• Orientation (+, -)
• Overlap

Nodes = sequence (+/-)
Edges = order, overlap



Genome-Guided Transcript Reconstruction

From Martin & Wang. Nature Reviews in Genetics. 2011

Splice-align reads to the genome



Genome-Guided Transcript Reconstruction

From Martin & Wang. Nature Reviews in Genetics. 2011

Splice-align reads to the genome

Alignment segment piles  =>   exon regions



Genome-Guided Transcript Reconstruction

From Martin & Wang. Nature Reviews in Genetics. 2011

Splice-align reads to the genome

Large alignment gaps   =>   introns  



Genome-Guided Transcript Reconstruction

From Martin & Wang. Nature Reviews in Genetics. 2011

Splice-align reads to the genome

Overlapping but different introns =  evidence of alternative splicing



Genome-Guided Transcript Reconstruction

From Martin & Wang. Nature Reviews in Genetics. 2011

Splice-align reads to the genome



From Martin & Wang. Nature Reviews in Genetics. 2011

Genome-Guided Transcript Reconstruction
Splice-align reads to the genome

Individual reads can yield multiple exon and intron segments (splice patterns)



From Martin & Wang. Nature Reviews in Genetics. 2011

Nodes = unique splice patterns

Genome-Guided Transcript Reconstruction
Splice-align reads to the genome



From Martin & Wang. Nature Reviews in Genetics. 2011

Construct graph from unique splice patterns of aligned reads.

Nodes = unique splice patterns

Genome-Guided Transcript Reconstruction
Splice-align reads to the genome



From Martin & Wang. Nature Reviews in Genetics. 2011

Construct graph from unique splice patterns of aligned reads.

Genome-Guided Transcript Reconstruction
Splice-align reads to the genome

Nodes = unique splice patterns
Edges = compatible patterns



From Martin & Wang. Nature Reviews in Genetics. 2011

Construct graph from unique splice patterns of aligned reads.

Nodes = unique splice patterns
Edges = compatible patterns

Genome-Guided Transcript Reconstruction
Splice-align reads to the genome



From Martin & Wang. Nature Reviews in Genetics. 2011

Genome-Guided Transcript Reconstruction

Traverse paths through the graph to assemble transcript isoforms



From Martin & Wang. Nature Reviews in Genetics. 2011

Genome-Guided Transcript Reconstruction

Traverse paths through the graph to assemble transcript isoforms

Reconstructed isoforms



What if you don’t have a high quality reference genome sequence?

Genome-free de novo transcript reconstruction to the rescue. 



Read Overlap Graph:    Reads as nodes, overlaps as edges



Read Overlap Graph:    Reads as nodes, overlaps as edges

Node = read
Edge = overlap



Read Overlap Graph:    Reads as nodes, overlaps as edges

Transcript A

Transcript B

Generate consensus sequence where reads overlap

Node = read
Edge = overlap



Finding pairwise overlaps between n reads involves ~ n2 comparisons.

Impractical for typical RNA-Seq data (50M reads)



No genome to align to…   De novo assembly required

Want to avoid n2 read alignments to define overlaps

Use a de Bruijn graph

Have you learned about the de Bruijn graph already?



Sequence Assembly via de Bruijn Graphs

From Martin & Wang, Nat. Rev. Genet. 2011

Generate all substrings of length k from the reads

k-mers (k=5)

Reads



Sequence Assembly via De Bruijn Graphs

From Martin & Wang, Nat. Rev. Genet. 2011

Generate all substrings of length k from the reads

k-mers (k=5)

Reads



Sequence Assembly via De Bruijn Graphs

From Martin & Wang, Nat. Rev. Genet. 2011

Generate all substrings of length k from the reads

Construct the de Bruijn graph

k-mers (k=5)

Reads

Nodes = unique k-mers



Sequence Assembly via De Bruijn Graphs

From Martin & Wang, Nat. Rev. Genet. 2011

Generate all substrings of length k from the reads

Construct the de Bruijn graph

k-mers (k=5)

Reads

Nodes = unique k-mers
Edges = overlap by (k-1)



Sequence Assembly via De Bruijn Graphs

From Martin & Wang, Nat. Rev. Genet. 2011

Generate all substrings of length k from the reads

Construct the de Bruijn graph

k-mers (k=5)

Reads

Nodes = unique k-mers
Edges = overlap by (k-1)

(k-1) overlap



Sequence Assembly via De Bruijn Graphs

From Martin & Wang, Nat. Rev. Genet. 2011

Generate all substrings of length k from the reads

Construct the de Bruijn graph

k-mers (k=5)

Reads

Nodes = unique k-mers
Edges = overlap by (k-1)

(k-1) overlap



Sequence Assembly via De Bruijn Graphs

From Martin & Wang, Nat. Rev. Genet. 2011

Generate all substrings of length k from the reads

Construct the de Bruijn graph

k-mers (k=5)

Reads

Nodes = unique k-mers
Edges = overlap by (k-1)



From Martin & Wang, Nat. Rev. Genet. 2011

Construct the de Bruijn graph

Collapse the de Bruijn graph



From Martin & Wang, Nat. Rev. Genet. 2011

Collapse the de Bruijn graph

Traverse the graph

Assemble Transcript Isoforms



Part 3. Trinity De novo Assembly



Contrasting Genome and Transcriptome Assembly

Genome Assembly Transcriptome Assembly

• Uniform coverage
• Single contig per locus
• Double-stranded

• Exponentially distributed coverage levels
• Multiple contigs per locus (alt splicing)
• Strand-specific



Trinity Aggregates Isolated Transcript Graphs

Genome Assembly
Single Massive Graph

Trinity Transcriptome Assembly
Many Thousands of Small Graphs

Ideally, one graph per expressed gene.Entire chromosomes represented.



RNA-Seq
reads

Linear
contigs

de-Bruijn
graphs

Transcripts
+

Isoforms

Trinity – How it works:

Thousands of disjoint graphs



RNA-Seq
reads

Linear
contigs

de-Bruijn
graphs

Transcripts
+

Isoforms

Trinity – How it works:

Thousands of disjoint graphs

Manfred 
Grabherr

Moran
Yassour

Younger 
me



RNA-Seq
reads

Linear
contigs

de-Bruijn
graphs

Transcripts
+

Isoforms

Trinity – How it works:

Thousands of disjoint graphs



Inchworm Algorithm
• Decompose all reads into overlapping Kmers => hashtable(kmer, count)

AATGTGAAAACTGGATTACATGCTGGTATGTC…

AATGTGA
ATGTGAA

TGTGAAA
…

Read: 

Overlapping kmers of length (k)

Kmer Count among 
all reads

AATGTGA 4
ATGTGAA 2
TGTGAAA 1
GATTACA 9

Kmer Catalog (hashtable)



Inchworm Algorithm
• Decompose all reads into overlapping Kmers => hashtable(kmer, count)

• Identify seed kmer as most abundant Kmer, ignoring low-complexity kmers.

GATTACA
9

Kmer Count among 
all reads

AATGTGA 4
ATGTGAA 2
TGTGAAA 1
GATTACA 9

Kmer Catalog (hashtable)

https://en.wikipedia.org/wiki/Gattaca

https://en.wikipedia.org/wiki/Gattaca


Inchworm Algorithm
• Decompose all reads into overlapping Kmers => hashtable(kmer, count)

• Extend kmer at 3’ end, guided by coverage.
G

A

T

C

• Identify seed kmer as most abundant Kmer, ignoring low-complexity kmers.

GATTACA
9



Inchworm Algorithm

G

A

T

C

4

GATTACA
9
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GATTACA

G

A

T

C
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T

C

G
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4

1
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4

9

1

1

1
1

5

1

0
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Inchworm Algorithm



GATTACA
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0
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Inchworm Algorithm



GATTACA

G

A

4

9

5

Inchworm Algorithm



GATTACA

G

A

4

9

5

G

A

T

C

6

1

0

0

Inchworm Algorithm



GATTACA

G

A

4

9

5

A
6

A
7

Inchworm Algorithm

Remove assembled kmers from catalog, then repeat the entire process.

Report contig:      ….AAGATTACAGA…. 



RNA-Seq
reads

Linear
contigs

de-Bruijn
graphs

Transcripts
+

Isoforms

Trinity – How it works:

Thousands of disjoint graphs



Chrysalis

Integrate isoforms
via k-1 overlaps Build de Bruijn Graphs

(ideally, one per gene)



Thousands of Chrysalis Clusters



RNA-Seq
reads

Linear
contigs

de-Bruijn
graphs

Transcripts
+

Isoforms

Trinity – How it works:

Thousands of disjoint graphs



(isoforms and paralogs)



Butterfly Example 1: 
Reconstruction of Alternatively Spliced Transcripts

Butterfly’s Compacted
Sequence Graph

Reconstructed Transcripts

Aligned to Mouse Genome



Reconstruction of Alternatively Spliced Transcripts

Butterfly’s Compacted
Sequence Graph

Reconstructed Transcripts

Aligned to Mouse Genome



Reconstruction of Alternatively Spliced Transcripts

Butterfly’s Compacted
Sequence Graph

Reconstructed Transcripts

Aligned to Mouse Genome



Reconstruction of Alternatively Spliced Transcripts

Butterfly’s Compacted
Sequence Graph

Reconstructed Transcripts

Aligned to Mouse Genome

(Reference structure)



Teasing Apart Transcripts of Paralogous Genes
Ap2a1 Ap2a2

Butterfly Example 2:



Teasing Apart Transcripts of Paralogous Genes
Ap2a1 Ap2a2



Strand-specific RNA-Seq is Preferred
Computationally: fewer confounding graph structures in de novo assembly:

ex.  Forward != reverse complement 
(GGAA != TTCC)

Biologically: separate sense vs. antisense transcription

Illumina TruSeq Stranded mRNA Kit:



dUTP 2nd Strand Method:  Our Favorite

Modified from Parkhomchuk et al. (2009) Nucleic Acids Res. 37:e123

RNA

PCR and paired-end sequencing

Adaptor ligation

U UUU UUU

U UUU UUU

USER™
(Uracil-Specific Excision Reagent)Remove “U”s

Second-strand synthesis with dTTP à dUTP

U UUU UUU

First-strand synthesis with normal dNTPs
cDNA

Slide courtesy of Joshua Levin, Broad Institute.



Overlapping UTRs from Opposite Strands

Schizosacharomyces pombe
(fission yeast)



Antisense-dominated Transcription



Trinity is a Highly Effective and 
Popular RNA-Seq Assembler

Nature Biotechnology, 2011

Thousands of routine users.

>15k literature citations

http://trinityrnaseq.github.io

Freely Available, Well-supported, 
Open Source Software



RNA-Seq
reads

Linear
contigs

de-Bruijn
graphs

Transcripts
+

Isoforms

Trinity – Today, Many More Components
(off-the-shelf and into the Trinity ecosystem) 

Jellyfish 
kmer counter

+

Rob Patro

+

Salmon expression 
quantification

(eliminate assembly 
artifacts)

Rob Patro
(Capture paired-end 

links between 
inchworm contigs)

+

Ben Langmead



Transcriptome Assembly is Just the End of the Beginning…



Trinity Framework for De novo Transcriptome Assembly and Analysis

Bioconductor,
& Trinity

(focus of the transcriptomics lab)



Bioconductor,
& Trinity

Trinity Framework for De novo Transcriptome Assembly and Analysis
(focus of the transcriptomics lab)



Could sub-sample the reads

High

Moderate

Low



Could sub-sample the reads

High

Moderate

Low



In silico normalization of reads

High

Moderate

Low

P(select read) =
target_coverage(read)

observed_coverage(read)

Select reads according to the probability: 

Min( , 1)

Inspired by C. Titus Brown’s Diginorm



Impact of Normalization on De novo Full-length 
Transcript Reconstruction

Haas et al., 2013

Largely retain full-length reconstruction, but use less RAM and assemble much faster.

Can go from >1 billion reads down to < 100 M reads used in assembly.



The product of Trinity:  a Fasta file of assembled transcripts

Bowtie & RSEM

Bioconductor,
& Trinity



Trinity output: A multi-fasta file

Can visualize using Bandage
https://rrwick.github.io/Bandage/

https://rrwick.github.io/Bandage/


Part 4. Transcriptome Quality Assessment



Bioconductor,
& Trinity

Evaluating the quality of your transcriptome assembly



De novo Transcriptome Assembly is Prone to Certain Types of Errors 

Smith-Unna et al. Genome Research, 2016



%  samtools tview alignments.bam target.fasta

Assembled transcript contig is only as good as its read support.



IGV



Can Examine Transcript Read Support Using IGV



Can align Trinity transcripts to genome scaffolds to examine intron/exon structures
(Trinity transcripts aligned to the genome using GMAP)



Evaluating the quality of your transcriptome assembly
Full-length Transcript Detection via BLASTX

M * Known protein (SWISSPROT)

Trinity transcript

Haas et al. Nat. Protoc. 2013* Mouse transcriptome

Have you 
sequenced 

deeply 
enough?



Latest is v5.4.7



#Summarized BUSCO benchmarking for file: Trinity.fasta
#BUSCO was run in mode: trans

Summarized benchmarks in BUSCO notation:
C:88%[D:53%],F:4.5%,M:7.3%,n:3023

Representing:
1045    Complete Single-copy BUSCOs
1617    Complete Duplicated BUSCOs
139     Fragmented BUSCOs
222     Missing BUSCOs
3023    Total BUSCO groups searched

Latest is v5.4.7



Part 5. Expression Quantification



Bioconductor,
& Trinity

Abundance Estimation
(Aka. Computing Expression Values)



Slide courtesy of Cole Trapnell

Ex
pr

es
sio

n 
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lu
e



Slide courtesy of Cole Trapnell
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Normalized Expression Values

• Transcript-mapped read counts are normalized 
for both length of the transcript and total 
depth of sequencing.

• Reported as: Number of RNA-Seq Fragments 
Per Kilobase of transcript

per total Million fragments mapped

FPKM
RPKM (reads per kb per M) used with Single-end RNA-Seq reads
FPKM used with Paired-end RNA-Seq reads.



Transcripts per Million (TPM)

iTPM = iFPKM
FPKM
j∑

*1e6

Preferred metric for measuring expression
• Better reflects transcript concentration in the sample.
• Nicely sums to 1 million

TPM

FPKM

Linear relationship between TPM and 
FPKM values.

Both are valid metrics, but best to be consistent.



Multiply-mapped Reads Confound 
Abundance Estimation

Blue = multiply-mapped reads
Red, Yellow = uniquely-mapped reads

Isoform A

Isoform B

EM  



https://combine-lab.github.io/salmon/

Uses a suffix array
instead of the 
de Bruijn graph

https://combine-lab.github.io/salmon/


Part 6. Differential Expression



Differential Expression Analysis

Thx, Charlotte Soneson! J

After Dinner!!  -- Thanks, Rachel !!



Transcript Reconstruction or Expression Analysis can be
Quite Difficult at Complex Loci

(Ex.)  NDRG2
78 Isoforms (Gencode v19)

Which isoforms are expressed?
Which can be confidently reconstructed from short reads?



Too complex… don’t guess from short reads, use long reads.

(Ex.)  NDRG2
78 Isoforms (Gencode v19)

Which isoforms are expressed?
Is there evidence of differential transcript usage?



PacBio
Revio
2023

8 million
>1%

MAS-seq 40-120 million
cDNA reads

Inflection point for LR 
transcriptomics

https://nanoporetech.com/accuracy

https://www.pacb.com/technology/hifi-sequencing/

Info on error rates for long reads – impressive!!

Long reads for Single Cell Transcriptomes!!

99% …. 99.9% …..
Q30 Q40

https://nanoporetech.com/accuracy
https://www.pacb.com/technology/hifi-sequencing/


Key Points

• RNA-seq enables many aspects of biology to be studied at single base & 
single cell resolution plus spatial context.

• Different isolation/capture methods available

• Reconstruction typically involves graph reconstruction from reads or
alignments and path traversal.

• Do strand-specific sequencing whenever possible (eg. TruSeq)

• For QC – examine read support and full-length reconstruction stats.

• Latest advancements: long read transcriptome sequencing yields isoform 
structure info at single cell resolution (eg. MAS-seq).



Running Trinity
(on small sets of reads)

Trinity --left reads.left.fa \
--right reads.right.fa \
--seqType fa \
--max_memory 1G \
--CPU 1 \
--output trinity_outdir \
--no_normalize_reads



Trinity Treasure Hunt!!!  J

Will provide link to the challenge via slack – stay tuned, will start ~ 8pm

Slack channel:   #transcriptomicslab

Three prizes:

1st

2nd

3rd


