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ABSTRACT
RNA-seq is the standard method for profiling gene expression in many biological systems. Due to the wide 
dynamic range and complex nature of the transcriptome, RNA-seq provides an incomplete characterization, 
especially of lowly expressed genes and transcripts. Targeted RNA sequencing (RNA CaptureSeq) focuses 
sequencing on genes of interest, providing exquisite sensitivity for transcript detection and quantification. 
However, uses of CaptureSeq have focused on bulk samples and its performance on very small populations 
of cells is unknown. Here we show CaptureSeq greatly enhances transcriptomic profiling of target genes in 
ultra-low-input samples and provides equivalent performance to that on bulk samples. We validate the 
performance of CaptureSeq using multiple probe sets on samples of iPSC-derived cortical neurons. We 
demonstrate up to 275-fold enrichment for target genes, the detection of 10% additional genes and 
a greater than 5-fold increase in identified gene isoforms. Analysis of spike-in controls demonstrated 
CaptureSeq improved both detection sensitivity and expression quantification. Comparison to the 
CORTECON database of cerebral cortex development revealed CaptureSeq enhanced the identification of 
sample differentiation stage. CaptureSeq provides sensitive, reliable and quantitative expression measure-
ments on hundreds-to-thousands of target genes from ultra-low-input samples and has the potential to 
greatly enhance transcriptomic profiling when samples are limiting.
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Introduction

Conventional bulk RNA-seq has become a staple method of 
interrogating biological systems but full representation of the 
transcriptome in many samples is difficult even with extremely 
deep sequencing [1]. The use of targeted RNA-seq (CaptureSeq) 
can help resolve this issue by focusing sequencing on genes of 
interest and allowing the interrogation of low-expressed genes 
and transcripts that would be missed by conventional methods 
[2–5]. Targeted RNA-seq is a widely applicable method and has 
been successfully utilized to enrich genes and transcripts from 
mammals [2,3], plants [6], fungi [7], bacteria [8] and viruses [9]. 
CaptureSeq performs well on different sample types, including 
formalin-fixed paraffin-embedded (FFPE) samples with highly 
degraded RNA and has been widely applied to identify molecu-
lar alterations in cancer in both research and clinical settings 
[10–15]. An additional benefit of targeted RNA-seq is to allow 
more samples to be sequenced at greater effective depth without 
increasing sequencing costs [16].

However, in many situations, such as in some clinical 
samples, the scarcity of biological material precludes the gen-
eration of sequencing libraries for bulk CaptureSeq. In addi-
tion, many experimental questions are best answered by 
investigating gene expression in small populations of rela-
tively homogenous cells as opposed to heterogenous bulk 
samples. Developing the CaptureSeq methodology to function 
on such ultra-low-input samples would allow its use on many 
more sample types.

Other methods for highly sensitive quantitation of target 
genes from small initial samples include multiplex qPCR and 
the nCounterⓇ system [17] from NanoString Technologies, 
however, these are limited to quantifying short-stretches of 
known sequence. Alternative methodologies for targeted 
cDNA sequencing, including multiplexed primer extension 
[18] and molecular inversion probes (cDNA-smMIP) [19] 
have recently been developed but have not been validated to 
work on ultra-low input samples. cDNA-smMIP is a method 
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to sequence multiplex PCR products and so has the same core 
limitation as multiplex PCR, while multiplexed primer exten-
sion sequences only portions of transcripts. The advantage of 
CaptureSeq over these technologies for bulk expression pro-
filing is that CaptureSeq is a ‘discovery and quantification’ 
method that can provide much more information about gene 
expression than gene (or transcript) level expression counts. 
CaptureSeq sequences entire transcripts and is well suited to 
identifying the expression of known and novel transcripts, as 
well as refining transcript annotations by identifying novel 
exons, novel splice sites and even new genes from intergenic 
spaces (by profiling non-exonic genome regions) [2–5,20].

One application in which low-input targeted RNA-seq 
would be particularly useful is in induced pluripotent stem 
cell (iPSC)-based models of corticogenesis. Many protocols to 
generate cortical neurons are time-consuming and labour- 
intensive, often compounded by the requirement to study 
experimental conditions in biological and technical replicates 
[21]. Drug screening is one common application of iPSC- 
based systems; generating sufficient cell numbers to permit 
conventional RNA-seq analysis to screen even a modest 
library of compounds is challenging and moreover, the 
amount of sequencing required to process these large num-
bers of RNA-seq libraries is prohibitive [22]. A protocol that 
allowed targeted RNA-seq of hundreds or thousands of genes 
from low-input samples would be highly beneficial to these 
applications.

We aimed to develop and validate CaptureSeq for ultra- 
low-input RNA samples generated from several thousand 
cells, which we term ‘mini-bulks’. We utilized forebrain cor-
tical neurons differentiated in vitro from iPSCs [23]. We 
compared CaptureSeq performance on mini-bulk samples 
to standard Illumina sequencing on the same low-input 
samples and to gene expression results generated from 
CaptureSeq and standard sequencing on matched conven-
tional bulk samples (Fig. 1A). Our results demonstrate that 
CaptureSeq provides excellent performance on mini-bulk 
samples, greatly enriching for targeted genes and improving 
the sensitivity of gene expression profiling, while maintaining 
expression level quantification. Comparison to CaptureSeq 
on bulk samples suggests similar capture performance 
for both sample types. Capture on ultra-low-input RNA 
may have greater utility in helping overcome some of the 
issues with poor quality and/or lower complexity common to 
libraries from small numbers of cells, making ultra-low-input 
RNA CaptureSeq a valuable addition to methods for gene 
expression profiling.

Materials and methods

Summary

We evaluated CaptureSeq for low-input samples using experi-
mental materials and data initially generated for a recently 
published study [23], where full details may be found. The 
following is a summary of experimental methods relevant to 
this study.

Generation of cortical neurons from iPSC

Dermal fibroblasts from a healthy control individual (line SB- 
AD3-1) and an individual with Alzheimer’s disease caused by 
a PSEN1 intron four mutation (line SB808-03-04) were used 
to generate iPSCs as detailed in Volpato et al. [23]. As 
described previously, confluent monolayer iPSCs were 
induced by dual-SMAD inhibition for 12 days after which 
progenitors were expanded and differentiated for 3 weeks 
[21]. Thereafter, independent inductions were seeded into 12- 
well culture dishes at a final plating density of 8.5 × 104 cells/ 
cm2. Cells were then cultured for 25 or 55 days (D25 and 
D55) post-final plating before being harvested for bulk, and 
55 days (D55) for low-input, RNA-seq. Three replicate differ-
entiations of each iPSC line (Control and PS1) were carried 
out in five independent laboratories, with the exception that 
one laboratory only produced two successful differentiations 
of the PS1 line [23]. Bulk libraries generated from each differ-
entiation were included in this study. Low-input libraries 
generated in parallel in two independent laboratories (dupli-
cate samples from two controls and one PS1 differentiation) 
were included in this study. Final plating was undertaken in 
separate culture plates for bulk and low-input samples from 
the same pooled progenitors.

RNA processing

For conventional bulk RNA samples, three wells of a 12-well 
plate were pooled and RNA was isolated using RNeasy Mini 
Kits (QIAGEN). For ultra-low-input bulks (hereafter referred 
to as mini-bulks), total RNA was extracted from 4000 cells 
using RNeasy Micro Kits (QIAGEN) and 1 ng of the extracted 
RNA solution utilized for the library prep. Mini-bulk RNA- 
seq was undertaken using the SMART-seq2 protocol [24].

Design of oligonucleotide capture pools

Two sets of oligonucleotide capture probes were designed for 
synthesis as Roche NimbleGen SeqCap Libraries. The first tar-
geted human neurological disease risk loci and candidate genes 
(NeuroGWAS) Tables S1 and 2, while the second targeted 
human transcription factor genes Tables S3 and 4 (hereafter 
referred to as the NG and TF captures, respectively).

NeuroGWAS (NG) Capture

SeqCap EZ Choice XL Library oligonucleotide probes were 
designed to target all regions of the genome that were associated 
with neurological diseases and traits, but which did not contain 
any protein-coding genes. This was determined by identifying 
linkage-disequilibrium (LD) blocks containing genome-wide 
significant GWAS SNPs, which had no overlapping protein- 
coding genes. Also targeted were a set of candidate protein- 
coding genes suspected by biology, GWAS or both of being 
involved in schizophrenia or Parkinson’s disease.

To identify all intergenic genomic regions identified as 
playing a role in neurological diseases and traits by GWAS, 
disease-linked SNPs from the NHGRI GWAS catalogue were 
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downloaded from the UCSC genome browser hg19 build 
(accessed 2015.02.11, version last updated 2015.02.10 [25]); 
and filtered to retain only those with p values <5x10–8 [26]. 
This consisted of 8145 entries (6757 unique SNP – phenotype 
associations). These were supplemented with 207 additional 
unique SNP – phenotype associations from more recent stu-
dies not present in the catalogue at the time, with the majority 
from [27,28]. LD blocks were calculated by plink [29] based 
on D′ with 1000 Genomes SNPs [30]. Blocks were determined 
for European panel with LD block settings as follows: lowci 
0.7005; hici 0.98; recombci 0.9; informfrac 0.85. GWAS SNPs 
overlapped 3390 LD blocks. Three hundred and twenty-two 
SNPs had no associated LD block, the majority of these were 
rescued by allowing different parameters for LD block estima-
tion, in order of preference 1. Lowci 0.6005; hici 0.83; 
recombci 0.7. 2. Lowci 0.7005; hici 0.98; recombci 0.9; inform-
frac 0.95. 3. Overlap with LD blocks from [27]. LD blocks 
were then filtered firstly for those with GWAS SNPs asso-
ciated with neurological diseases and traits and secondly to 
remove those with any protein-coding transcripts using 
GencodeV19comprehensive [31] and Refseq [32] (down-
loaded from UCSC genome browser 2015.03.23). This left 
142 unique LD blocks covering 6.2Mb, which were tiled 
with probes.

Some of the 142 LD blocks partially overlapped long non-
coding RNA (lncRNA) transcripts or had lncRNA transcripts 
nearby. To allow these transcripts to be characterized, all 
exons from lncRNA genes that overlapped an LD block or 
had an exon within 50kb of an LD block were targeted for 
capture. LncRNA were those characterized by previous cap-
ture experiments [2,4], as well as spliced transcripts targeted 
for capture which had no overlap with coding transcripts [2]. 
This targeted the exons of 1240 lncRNA transcripts. To ensure 
no synthesized probes could inadvertently pulldown coding 
transcripts, any target regions within 50nt of a coding tran-
script (GencodeV19 comprehensive) were trimmed.

Probes to candidate genes for schizophrenia and 
Parkinson’s disease were also included for capture, including 
33 coding genes and 3 lncRNA loci for schizophrenia and 58 
coding genes as well as nearby and antisense lncRNAs for 
Parkinson’s. A 500 nt intronic region for each schizophrenia 
gene and for ten Parkinson’s genes were targeted as an expres-
sion and transcript assembly control; these were chosen to be 
repeat-free with high uniqueness and no evidence for tran-
scription (GencodeV19).

Additional control sequences were targeted, including a set 
of 28 coding genes, chosen to help identify cell types being 
captured including GAD2 and CALB1 for neurons relevant to 
Parkinson’s; a set of genes for following iPSC differentiation 
into cortical neurons; controls for various types of neurons; 
and controls for non-neuronal cell types. Target regions were 
trimmed to remove overlap with other genes and for the most 
highly expressed control genes 3ʹUTR regions were also 
trimmed. Other control regions included a gene desert region; 
a region of the E.coli K12 genome as a contamination control 
and a partial set of the ERCC control spike-in set, comprising 
56 of the 92 ERCC controls, with the most highly abundant 
controls omitted and others not targeted to create a within- 
experiment control for capture enrichment (see [16]).

All targeted human sequences were merged and filtered to 
remove any regions within 50nt of highly expressed rRNA 
repeats (rRNA, tRNA, 7SK and srpRNA/7SL). The final design 
targeted 8.0Mb of human sequence and 378 annotated genes 
(GencodeV19 comprehensive). The design of probes from target 
regions and probe synthesis was performed by Roche 
NimbleGen. Probes were allowed up to five matches to the 
human genome unless no probe could be designed for 
a specific target region, in which case up to ten matches were 
allowed. Synthesized probes covered 83.8% of target regions 
directly, with 92.3% of target regions estimated to be within 
range of the synthesized probes. Capture design coordinates 
(hg19) are provided in Table S1 and a list of the ERCC controls 
targeted is provided in Table S2. This study focused on 101 
mainly coding genes targeted in full by the synthesized probes.

Transcription Factor (TF) capture

SeqCap RNA Choice oligonucleotide probes were designed to 
target all high-confidence human DNA-binding transcription 
factor (DbTF) genes from http://www.tfcheckpoint.org [33] 
(downloaded 2017.02.14). All genes placed on the hg38 
human reference assembly with HGNC annotations were 
selected (1014 DbTFs). To minimize the impact of highly 
expressed genes on overall capture enrichment, the expression 
levels of all 1014 DbTFs were examined in scRNA-seq neuro-
nal cells and ENCODE cell lines [34,35]. Forty-two DbTF that 
were predicted to account for 0.5% or more of captured reads 
in neuronal cells or over 5% of targeted reads in an ENCODE 
sample were identified and only probed in part (see below). 
For the remaining 972 DbTFs, oligonucleotide probes were 
designed against all GencodeV26 transcripts except those 
from retained introns & TEC problem transcripts.

For the 42 DbTFs probed in part, only GencodeV26 basic 
protein-coding transcripts were selected. For mono-exonic 
transcripts, probes were designed against the last 200nt of 
the CDS, while for multi-exonic transcripts the last 100 nt of 
the penultimate exon (or the entire exon if it was shorter than 
100 nt) and the first 150 nt of the final exon (or the entire 
final exon if shorter than 150nt) were targeted.

The TF capture also targeted control genes which are brain 
cell-type markers; housekeeping genes; cell and developmental 
stage identity genes for brain; iPSC differentiation markers; 
and marker genes of various human cell and tissue types. Two 
hundred and twenty-one control genes were identified and 
probes designed as per the 42 highly expressed DbTFs.

To prevent capture of non-targeted genes or highly expressed 
RNA repeats, all probes were filtered to trim any that were 
within 150nt of non-targeted loci from the GencodeV26 annota-
tion file. Non-targeted loci included coding genes; most RFAM 
type ncRNAs; transcribed and untranscribed pseudogenes; IG; 
and TcR genes. Also filtered were any probes within 120nt of 
Repeat Masker RNA (repClass) repeats.

A 200nt repeat-free intronic control probe was designed 
against all possible target genes containing an intron. All intronic 
regions to targeted genes were identified and trimmed to remove 
any regions within 500nt of GencodeV26 annotations, within 
100 nt of any Repeat Masker repeats or within 50nt of any 
human ESTs (downloaded from UCSC genome browser 
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2017.06.07). All remaining intron pieces were filtered to retain 
those over 200nt and the longest intron piece remaining per gene 
was selected. The targeted region was the middle 200nt of the 
selected intronic pieces. Intronic probes were designed against 
890 (of 1141) intron-containing target genes. An additional 
human gene desert region (no GencodeV26 annotations, pseu-
dogenes, or RNA repeats) was also included. The design targeted 
5.10 Mb of human hg38 sequence.

Additional non-human controls included a region of the E. 
coli K12 genome as a contamination control; a cut-down set of 
ERCC spike-in (56 of 92 transcripts); Spike-In RNA Variants 
(SIRVs) (Lexogen) and Sequins [36]. SIRV and Sequin tran-
scripts were made compatible with the Roche probe design 
procedure by removing all target regions under 30nt and pad-
ding all target regions between 30 and 49nt to 50/51nt.

The design of probes from target regions and probe synthesis 
was performed by Roche NimbleGen. Probes were allowed up to 
five matches to the human genome (hg38) unless no probe could 
be designed for a specific target region, in which case up to ten 
matches were allowed. Synthesized probes covered 92.7% of target 
regions directly, with 97.9% of target regions estimated to be 
within range of the synthesized probes. Probes to E. coli and 
RNA spike-ins were allowed zero close matches to hg38. Capture 
design coordinates (hg38) are provided in Table S3 and a list of 
spike-in controls targeted is provided in Table S4. This study 
focused on 967 coding genes targeted in full by the synthesized 
probes.

Sequence capture of bulk and low-input mini-bulk 
samples

Bulk and Mini-bulk (low-input) sample capture hybridizations 
were performed in parallel. Premade sequencing libraries were 
quantitated by Qubit (ThermoFisher); any samples not in nucle-
ase-free water (NFW) (i.e. in EB buffer) were cleaned up using 
1.8x AMPure XP beads (Beckman Coulter), with an 80% etha-
nol wash, and eluted in 100 ul of NFW.

Capture was performed similarly to previously described 
[16], with slight modifications: Briefly, low-input mini-bulk 
and bulk-sample library pools were captured separately with 
both the NeuroGWAS (NG) and Transcription Factor (TF) 
probe sets. Bulk libraries were combined into one pooled 
sample and both captures were performed on cDNA from 
this pool. NG and TF captures were performed on pools of 
separate mini-bulk libraries. Standard capture hybridizations 
utilized 800–850 ng of pooled library, while a low-cDNA 
hybridization capture was performed with 150 ng of library 
using the TF probes. Capture included Cot1 and blocking 
oligos (xGen® Universal Blockers – TS Mix or NXT Mix, 
IDT) appropriate to the library type at manufacturer’s recom-
mended amount. Capture hybridization was performed for 
3 days. Capture hybridization, bead binding and washing 
were performed as previously described. Post-capture 
LMPCR was performed as per SeqCap RNA Enrichment 
System User’s Guide V1.0 (Roche) with KAPA Taq and 
Roche post-cap LMPCR primers, except that PCR input was 
17ul of resuspended capture beads. Standard hybridization: 12 
PCR cycles, low-cDNA hybridization: 14 cycles (though sub-
sequent QC confirmed the standard 12 cycles would have 

been sufficient). PCR products were cleaned up using 1.8x 
AMPure XP beads and 80% ethanol washes and eluted in 50ul 
of NFW.

Captured libraries were QC’d by Qubit and Tapestation 
(Agilent) to confirm the concentration and overall library 
yield and size distribution, respectively. Successful capture 
enrichment was confirmed by qPCR (QuantStudio 6, 
ThermoFisher). Libraries were sequenced at the Wellcome 
Centre for Human Genetics (WHG) (Oxford, UK).

Library sequencing pre-capture

The bulk pre-capture samples were sequenced as a single pool 
of 58 samples on 8 lanes of HS4000, resulting in an average of 
23 million raw reads per sample. The mini-bulk samples were 
sequenced on a HS4000 as part of 2 bigger experiments each 
containing 376 single-cell and 8 mini-bulk libraries [23]. The 
16 pre-capture libraries had an average of 0.9 million raw 
reads (Figure S1A, B, Table S5).

Library sequencing post-capture

The bulk post-capture samples were sequenced as 2 pools of 
58 samples on 2 independent lanes of HS4000, resulting in an 
average of 6 million reads per sample. The 24 mini-bulk post- 
capture libraries were sequenced along with the single-cell 
libraries on 3 independent lanes of HS4000, resulting in an 
average of 1.2 million raw reads per sample (Figure S1A, B, 
Table S5).

Bioinformatic methods

We used custom R and Shell scripts to perform multiple 
analyses including evaluation of the enrichment at library 
level and the gene-level, isoform quantification, data analysis, 
integration and visualization, plotting. Statistical analyses 
were performed in R and PRISM (GraphPad software).

Read mapping and gene and transcript identification and 
quantification

All the samples were processed together. FASTQ files were 
trimmed using skewer [37] supplying adapter sequences. The 
data were mapped using Hisat2 [38] supplying a custom hg38 
GTF annotation, with default parameters and specifying the 
option – –dta. We evaluated the mapping quality metrics, 
performed quantification and removal of duplicated reads, 
and gene body coverage analysis with the Picard toolkit 
(Broad Institute, accessed 15 March 2019, http://broadinsti 
tute.github.io/picard/), Samtools (1.4.1) [39] and Bedtools 
(2.27.0) [40]. Although we have previously recommended 
against removal of apparently duplicated sequences following 
capture [2], the high level of duplication in lower-complexity 
mini-bulk samples made it appropriate in this case (Figure 
S2). These pass-qc, de-duplicated, uniquely mapped reads 
(hereafter referred to as reads) were used for subsequent 
analyses.

We summarized gene-level read counts using 
featureCounts [41], removing multimapping reads and 
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duplicated reads. We performed transcriptomic assembly 
using StringTie [42] and evaluated the novel assembly and 
splicing isoform detection using GffCompare (The Centre for 
Computational Biology at Johns Hopkins University, accessed 
15 March 2019, https://ccb.jhu.edu/software/stringtie/gffcom 
pare.shtml) and the same GTF used for mapping. Labels given 
to transcript class codes were as follows: known (=), partial 
(c), possible pre-mRNA (e), intronic (i), novel isoform (j), 
other (o,p,x,k,y). Except for Fig. 3A where: known (=,c).

Two TF mini-bulk samples (255,208 and 256,208) were 
found to be of poor quality pre-capture, leading to low com-
plexity pre- and post-capture and few post-capture reads 
(Figure S1A, S2, S7B). While they showed equivalent capture 
enrichment performance, the poor quality of these libraries 
meant they were removed for ERCC quantifications.

ERCCs were quantified as CPKMs. Expression was com-
pared pre- and post-capture on the subset of ERCCs spike-ins 
targeted by the capture probes. Relationship between detected 
expression and known original ERCC concentration was 
examined using Spearman correlations. To compare linear 
slopes between pre- and post-capture samples, data were 
log10 transformed and the slope calculated for all datapoints 
using non-linear regression with a straight line fit.

Sample and gene-level enrichment analyses

The proportion of reads mapping to the captured probes was 
estimated by counting the number of pass-qc, deduplicated, 
uniquely mapped reads assigned to the probed coordinates, 
over the total amount of pass-qc deduplicated, uniquely 
mapped reads.

Sample-wise capture enrichment was calculated as the pro-
portion of reads mapping to probes in the pre-capture library 
divided by the proportion of reads mapping to probes in the 
post-capture library. The median enrichment for each capture 
was then calculated.

Gene-wise enrichment was calculated using CPM normal-
ized data. For each gene, for each capture, we calculated the 
ratio between the average CPMs in the pre-capture libraries 
and the average CPMs in the post-capture libraries. We 
plotted the enrichment factor (EF) in log2 scale by adding 
a pseudocount of 1, so that not-enriched genes have 0< EF<1. 
Enrichment success rates were the percentage of genes 
detected pre-capture that were enriched post-capture.

The relationship between gene enrichment and pre-capture 
gene expression was examined using non-linear regression. 
Akaike’s Information Criterion (AICc) [43] identified seg-
mental linear regression (SLR) as the best fit in all cases. 
AICc was further used to identify the threshold/best expres-
sion breakpoint position.

In most cases the original pre-capture libraries had 
a higher count of QC pass mapped reads than the equivalent 
libraries post-capture (Table S6). For all the calculations 
aimed at evaluating the performance of the post-capture 
data (gene-level enrichment scores, on target read counts, 
isoform quantification) we ensured that for each pre-capture 
library the number of usable reads (that is pass-qc, de- 
duplicated, uniquely mapped reads) was higher or equal to 
the number of usable reads falling in the probed genes 

coordinates for the equivalent library post-capture (Table 
S6, Figure S2). While this strategy could potentially have 
penalized the performance of the captured libraries, we rea-
soned that any downsampling of the pre-capture libraries 
would have introduced a bias in the selection of the reads.

Differential expression (DE) analysis

We analysed the changes in gene expression of a subset of the 
pre- and post-capture libraries (12 libraries), using the same 
rationale as the original study [23], which aimed to describe 
key genes involved in the neuronal differentiation from an iPS 
cell line.

After evaluating the capture efficiency, 956 transcription 
factors (TFs) were classified as enriched in the conventional 
bulk TFcapture experiment. To remove genes with counts too 
low to allow a reliable determination of differential expres-
sion, we applied a mildly stringent CPM threshold to the pre- 
capture data, retaining genes with a CPM higher than five in 
at least three libraries. Of the 12,761 genes passing the filter, 
596 of 956 were on the TF panel and enriched post-capture. 
In the post-capture data, we limited our list of genes to be 
tested to the 956 enriched TFs.

We performed the DE analysis using edgeR [44] between 
D25 and D55 of differentiation post-final plating in 2 scenar-
ios: 1. Post-capture: DE between D25 and D55 calculating the 
dispersion only on 956 TF in the panel; 2. Pre-capture: DE 
between D25 and D55 calculating the dispersion from all the 
genes whose expression was detectable. Different strategies to 
obtain DE genes in the pre-capture data included limiting the 
list of genes to the same 956 TF as in the post-capture test or 
estimating the dispersion on all genes and only performing 
multiple test correction (FDR) on the subset of 596 TF detect-
able in the data, which both led to similar results upon 
comparison to the post-capture data (data not shown).

Cortecon dataset comparison

We downloaded the CORTECON dataset [45] and averaged 
the reported gene expression profiles across replicates for each 
of the 9 timepoints profiled in the study. We used the aver-
aged profiles to test the correlation with the mini-bulk pre- 
and post-capture expression data. We relied on 
CORTECON’s five different categories: Pluripotency (PP); 
Neural Differentiation (ND); Cortical Specification (CS); 
Deep Layer neuron generation (DL); and Upper Layer neuron 
generation (UL) to classify our TFs as relevant to one or more 
developmental stages.

Results

Comparable performance between standard and 
ultra-low-input (mini-bulk) CaptureSeq

We applied CaptureSeq to ultra-low-input mini-bulk RNA- 
seq libraries made from 1 ng of total RNA extracted from 
4000 cells. Capture probes targeted either a panel of protein- 
coding genes involved in neural development and brain dis-
eases (NG Capture) or known transcription factors (TF 
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Capture). To allow comparison of mini-bulk CaptureSeq with 
standard CaptureSeq, we also captured multiplexed bulk RNA 
libraries derived from the same pool of neural progenitors. 
(Fig. 1A, Tables S1–5). In addition, we also tested a modified 
low-cDNA hybridization version of CaptureSeq using the TF 
panel (TF 150). This utilized only 150 ng of library in the 
capture hybridization to evaluate capture performance when 
library (as well as sample) input is limiting.

CaptureSeq using either conventional bulk RNA-seq or 
ultra-low-input SMART-seq2 libraries (mini-bulks) yielded 
a high proportion (0.68–0.95) of reads assigned to targeted 
genes (on-target reads) after capture and high levels of enrich-
ment (28–275 fold) (Fig. 1B-C, S2A, Table S7). All mini-bulk 
captures demonstrated excellent performance characteristics. 
Differences between sample types and capture panels in 
enrichment results and on-target reads post-capture largely 

reflected the proportion of the original library targeted for 
capture, with a clear relationship (Spearman r = 0.975, Figure 
S3) between targeting smaller proportions and higher enrich-
ments. This suggests that rather than inter-experiment varia-
tion, the higher nominal enrichments observed with the NG 
capture panel and the mini-bulk captures were because in 
each case they targeted less of the transcriptome than the TF 
panel and bulk captures (Table S7). Together these results 
demonstrate similar capture performance, at a global level, 
between mini-bulk and conventional bulk libraries.

We next investigated capture enrichment at the gene level. 
Virtually all genes were successfully enriched (100% and 
>99.5% for the NG and TF panels, respectively) with almost 
identical proportions for bulk and mini-bulk captures. The 
level of enrichment seen across multiple genes was highly 
consistent within a capture (Fig. 1D, S4-5). An effect of 

Figure 1. Mini-bulk CaptureSeq targets sequencing to genes of interest. (A) Schematic overview of project. Human-induced pluripotent stem cells (hiPSCs) were 
differentiated into cortical neurons as described in Volpato et al. [23]. Neural progenitor cells were separated into bulk and mini-bulk plates at the final plating stage. 
Sequencing libraries were utilized for standard (pre-capture) sequencing and sequence capture. Sequence capture with the NG and TF probe sets was performed on 
both bulk and mini-bulk samples, with an additional low cDNA (150 ng) hybridization capture performed on a mini-bulk pool with the TF probe set. Post-capture 
samples were sequenced to evaluate capture performance between bulk and mini-bulk samples. (B) Proportion of on-target reads pre- and post-capture. On-target 
reads are those overlapped by capture probes. Proportions shown as box plots, error bars span minimum to maximum values. (C) Enrichment of each library by 
capture. Enrichment factor (EF) is ratio of reads overlapping probe positions pre- and post-capture. Median EF reported. Box plot overlaid with violin plot displaying 
the EF ratio for each sample. Error bars span minimum to maximum values. (D) Genewise enrichment of coding genes targeted by NG capture in mini-bulk sample 
pool. Eighty-two genes detected pre-capture, all were enriched post-capture. Dashed red line represents no enrichment. (E) Between gene enrichment variability in 
bulk and mini-bulk captures. Enrichment CV shown for genes above and below the SLR expression cut-off. CV, coefficient of variation; SLR, segmental linear 
regression.
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expression level was observed, with extremely lowly expressed 
genes showing higher levels of enrichment and between-gene 
variability in both mini-bulk and bulk captures, likely due to 
inconsistent or inaccurate pre-capture detection (Fig. 1E, S6, 
Table S8). Above this threshold (identified by segmental 
linear regression (SLR) as 1 CPM in mini-bulk samples and 
0.1 CPM in bulks), between-gene enrichment variability was 
equivalent in mini-bulk and bulk captures (Fig. 1E). Taken 
together the gene-level enrichment results again demonstrate 
very similar performance for capture on both ultra-low-input 
and bulk samples.

Read coverage across the whole gene body of targeted 
genes was maintained after CaptureSeq (Figure S6F). Read 
coverage was similar pre- and post-capture for conventional 
bulks, in mini-bulks samples capture gave more consistent 
coverage and better coverage of the 5ʹ and 3ʹ end of targeted 
genes.

Expression quantitation and improved gene detection 
with CaptureSeq on mini-bulk samples

Previous studies have shown CaptureSeq improves sequen-
cing sensitivity, increasing the number of expressed genes of 
interest detected in a sample, while maintaining expression 
level quantitation over a large dynamic range [2].

Compared with bulk sequencing samples, in which 99% 
(TF) and 100% (NG) of those genes subsequently targeted for 
capture were detected with at least one read in one replicate 
pre-capture, mini-bulks had lower detection rates. CaptureSeq 
improved detection sensitivity for mini-bulks, recovering 
reads from ~10% of targeted genes where no reads were 
detected before enrichment (Fig. 2A), to detect a total of 
92% (NG capture) and 80% (TF capture) of targeted genes, 
respectively. Expression of targeted genes was also measured 
more reproducibly after CaptureSeq with decreased expres-
sion variability between replicates (p < 0.0001, Wilcoxon 
matched-pairs signed rank two-tailed test, Fig. 2B, S8D).

These results suggest that mini-bulk samples have 
decreased library complexity compared to bulk samples, 
some of which is technical and can be overcome through 
the use of CaptureSeq. This is further supported by the 
lower proportion of the transcriptome coming from targeted 
genes in the mini-bulk pre-capture samples (Fig. 1C, Table 
S7), in comparison to matched bulk samples, suggesting lower 
mRNA complexity and less representation of lowly expressed 
genes. Taken together these results show CaptureSeq on ultra- 
low-input samples improves the sensitivity and reproducibil-
ity of target gene detection, as in bulk samples.

To investigate if ultra-low-input CaptureSeq maintained 
gene quantification we focused on the detection of ERCC 
spike-ins, where the abundance of each spike-in pre-capture 

Figure 2. Improved gene detection and expression quantification with mini-bulk CaptureSeq. (A) Percentage of targeted genes enriched after capture. Black: genes 
detected pre-capture and enriched post-capture. Green: genes only detected post-capture and hence enriched above detection threshold by capture. Blue: genes 
detected pre-capture but not enriched by post-capture. Grey: gene not detected pre- or post-capture. TF mini-bulk capture is TF850. (B) Expression variability of 
targeted genes between replicate pre- and post-capture NG mini-bulk samples. CV, coefficient of variation. (C and D) Quantification of ERCCs targeted for capture in 
pre- and post-capture mini-bulk libraries. TF capture 850 (C), NG capture (D). Pre-capture quantification of ERCC shown in red, post-capture in teal. Compares known 
ERCC abundance (original concentration in attomoles/ul) to measured expression in CPKM. Mean and standard deviation plotted, n = 8 NG capture, n = 6 TF capture. 
Trend line, non-linear regression with a straight line fit.
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is known (Table S9). CaptureSeq improved the ERCC detec-
tion threshold dramatically by 64-fold for both TF and NG 
captures. This was associated with the detection of a much 
larger number of the targeted spike-ins, increasing from 16 to 
29 for the TF captures and from 15 to 30 for the NG capture. 
Conversely, ERCCs not targeted for capture were significantly 
depleted from the CaptureSeq libraries by >20-fold (TF cap-
tures) and >7-fold (NG capture), respectively.

The level of ERCC spike-in gene expression post-capture was 
directly correlated with the known abundance in the sequencing 
library (Fig. 2C,D). ERCCs detected by CaptureSeq showed higher 
correlations (Spearman correlation: 0.914 NG capture and 0.894 
TF captures, all p < 0.0001, two-tailed) with ERCC abundance 
than those obtained from pre-capture sequencing (Spearman 
correlation: 0.777 NG capture and 0.735 TF captures, all 
p < 0.002, two-tailed). To further investigate gene expression 
quantitation in mini-bulk samples we utilized non-linear regres-
sion to ask if CaptureSeq maintained quantitation compared to 
pre-capture samples. Regression slopes were higher in CaptureSeq 
samples (NG capture – pre-capture: 0.411, post-capture: 0.720; TF 

capture – pre-capture 0.350, post-capture: 0.573) likely reflecting 
the increased number of ERCCs detected and suggesting greater 
accuracy in quantifying expression levels with CaptureSeq.

In summary, these results demonstrate that CaptureSeq on 
mini-bulk samples preserves the quantitative measurement of 
the targeted transcriptome while expanding the dynamic 
range to allow the detection of previously undetectable low- 
level transcripts.

CaptureSeq provides a more comprehensive profile of the 
mini-bulk transcriptome

The targeted sequencing of genes of interest with CaptureSeq led 
to the identification of more known and novel splicing isoforms 
than were identified in pre-capture libraries (Fig. 3A, S7A). This 
result was consistent for bulk and mini-bulk libraries and 
matches previous results in bulk samples [2]. Focusing on com-
plete and partial known isoforms, which should be less suscep-
tible to false positives than novel isoforms, mini-bulk 
CaptureSeq produced a much greater fold increase in isoforms 

Figure 3. Mini-bulk CaptureSeq allows comprehensive profiling of expressed gene isoforms. (A) Number of known and novel isoforms detected pre- and post- 
capture. (B) Percentage of detected isoforms in different classifications classes pre- and post-capture. Isoform classes described in methods.
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detected (5-fold NG, 9-fold TF), over standard RNA-seq than in 
bulk samples (<2-fold) (Table S10). Mini-bulk capture also 
decreased the proportion of partial or incomplete isoforms 
(Fig. 3B, S7B) from ~55% to ~14% (NG capture) and ~37% to 
22% (TF capture). Together these results demonstrate that, just 
as for low-expressed genes, capture improves the sensitivity of 
transcript identification in mini-bulk libraries and may also have 
a greater effect on detection sensitivity in lower complexity, low- 
input samples than in bulks.

Equivalent CaptureSeq performance from low-cDNA 
hybridizations

Regardless of the amount of original cellular input, standard 
capture hybridization protocols call for the addition of ~1 µg 
of prepared cDNA library. Generating this amount of pre- 
capture library from very small amounts of original material 
may not be feasible or may require a level of PCR amplifica-
tion that could reduce library complexity and bias the repre-
sentation of transcripts. We investigated capture performance 
using a reduced hybridization input of 150 ng cDNA library 
with the TF panel. Results showed almost identical perfor-
mance compared to the use of standard hybridization inputs 
(Figs. 1B-C, 3A, S6-8), demonstrating that cDNA input into 
the capture can be reduced at least 5-fold without compro-
mising capture enrichment and quantification.

CaptureSeq enables cell-state determination and 
identifies transcription factors enriched during neural 
differentiation

The pre-capture libraries used in this work were part of 
a previous study which characterized neuronal differentiation 
from iPSCs, identifying a clear separation between samples of 
different timepoints (Day 25 and Day 55) and genotypes 
(control (CON) and patient (PS1)) by principal component 
analysis [23]. We replicated this pre-capture result in bulk 
samples using all genes, as well as just those transcription 
factors (TFs) on the capture panel (Fig. 4A). Furthermore, 
the same analysis on the 956 TFs enriched post-capture 
achieved a comparable degree of separation in the first 2 
components and explained a higher proportion of variance 
(68%) than in the pre-capture data (61%) (Fig. 4A, S9A). This 
demonstrated the information content of TF expression is 
relevant to assessing neuronal differentiation and is further 
increased by targeted sequencing of the TF panel.

To further examine the extra resolution on TF expression 
obtained by sequence capture we performed a differential 
expression (DE) analysis contrasting the two differentiation 
timepoints, while accounting for differences in the genotype, 
in the pre- and post-capture bulk samples. Fifty per cent of 
genes detected pre-capture and 61% detected post-capture 
were significantly DE, suggesting a more stable estimation of 
the expression of these genes and a lower dispersion post- 
capture (Figure S9B-C). The >100 additional TFs identified as 
DE during neuronal differentiation with CaptureSeq demon-
strates its ability to identify additional genes involved in 
biological processes and to resolve gene expression changes 
pivotal to cell stage classification during differentiation.

To support a biological role of these genes in neuronal 
differentiation, we classified them using the CORTECON [45] 
dataset, which characterized the progressive changes in gene 
expression during the in vitro differentiation of cerebral cor-
tex from human embryonic stem cells. TFs associated with 
early developmental stages in the CORTECON data (i.e. plur-
ipotency (PP), neural differentiation (ND)) were enriched at 
the earlier (D25) timepoint post-capture, while those asso-
ciated with later developmental (i.e. upper layer generation 
(UL)) were enriched for upregulation at D55 (Fig. 4B).

Mini-bulk samples were collected at the second of the two 
timepoints (D55). We asked whether mini-bulk post-capture 
samples also detected the neuronal differentiation signal 
observed in bulks and whether capture improved this detection 
compared to pre-capture samples. We correlated the expression 
profiles of TF genes associated with developmental stages in the 
CORTECON data with expression of the same TFs in D55 mini- 
bulk pre- and post-capture samples. Post-capture D55 samples 
showed the highest correlations with the later CORTECON 
stages (Pearson correlation ≥0.736), compared to pre-capture 
samples (Pearson correlation ≤0.66), which had lower correla-
tions overall and showed little discrimination between early and 
later CORTECON stages (Fig. 4C, S9D). These results confirm 
mini-bulk captures are detecting biologically relevant gene 
expression important for cell stage classification and improving 
classification compared to pre-capture samples.

Discussion

We have demonstrated CaptureSeq is able to provide sensi-
tive, reliable and quantitative expression measurements on 
hundreds to thousands of target genes on samples derived 
from small numbers of cells. Splicing information within 
these target genes is maintained and the detection of both 
known and novel isoforms is enhanced over untargeted 
sequencing. Comparison of capture on mini-bulk samples 
with matched standard bulk samples demonstrated very simi-
lar performance across multiple capture panels and that both 
can identify biological relevant information regarding cell 
state, indicating CaptureSeq is well suited to being performed 
on ultra-low-input samples. The very similar performance of 
CaptureSeq on bulk and mini-bulk samples suggests that 
ultra-low input CaptureSeq will also be widely applicable to 
samples from many sources and species, including those con-
taining degraded RNA. Our demonstration that 1 ng of RNA 
input derived from 4000 cells is sufficient for CaptureSeq 
widens the range of sample types that can be confidently 
profiled with targeted RNA sequencing. Any sample contain-
ing a greater number of cells or more input RNA would be 
expected to demonstrate good performance, while our input is 
unlikely to be a lower bound.

The key benefit of CaptureSeq is the large increase in 
sensitivity and therefore sequencing coverage of target genes 
of interest [16]. Mini-bulk CaptureSeq produced a 62-fold (TF 
captures) and 275-fold (NG capture) overall enrichment for 
target sequences, leading to a 64-fold increase in sensitivity to 
detect gene expression. CaptureSeq thereby enabled the detec-
tion of an extra 10% of targeted genes, which had no reads in 
any replicate pre-capture. The combination of detecting more 
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genes and more reads per gene led to a ~ 9-fold (NG capture) 
and ~11-fold (TF captures) increase in the number of known 
isoforms identified in the mini-bulk samples, demonstrating 
that CaptureSeq greatly increased the proportion of the tran-
scriptome identifiable in mini-bulk samples.

CaptureSeq in bulk samples has previously been shown to 
improve the identification of differential expression [2] and 
we show here it identifies additional DE genes during neuro-
nal differentiation with the potential to improve cell-state 
identification. Comparison of mini-bulk D55 CaptureSeq to 
the CORTECON dataset demonstrated it correlated best with 
later stages of neuronal differentiation, as would be expected if 
mini-bulk capture retained the cell state and differentiation 
signal. Furthermore, mini-bulk post-capture samples outper-
formed pre-capture samples for cell-state identification, sug-
gesting the additional gene expression information obtained 

through sequence capture can improve our ability to inter-
rogate the underlying biology of ultra-low-input samples.

The enrichment for reads within target genes also has the 
advantage of greatly reducing the required sequencing depth to 
obtain similar target gene coverage compared to standard RNA- 
seq. This can save on sequencing costs and/or allow more 
samples to be sequenced for the same cost. For example, we 
conservatively estimate our NG panel (~100 genes, 0.25% of the 
pre-capture transcriptome) could sequence ten times as many, 
and TF panel (~1000 genes, 1.4% of the pre-capture transcrip-
tome) could sequence five times as many, mini-bulk samples, 
respectively, while still providing 10-fold greater read depth 
than the same number of reads from standard RNA-seq.

Another important feature of the CaptureSeq method is the 
large number of genes that can be interrogated with no extra 
experimental effort. Similar to bulk CaptureSeq the number of 

Figure 4. CaptureSeq enhances identification of sample differentiation stage. (A) Principal component analysis of bulk samples from different timepoints (D25, D55) 
and genotype status (CON and PS1). Panels show PC1 and PC2 of all genes expressed pre-capture (left, replicating [23]); pre-capture expression of genes targeted by 
TF capture (middle); and post-capture expression of TF capture targeted genes (right). (B) Overlap between genes associated with different developmental stages in 
CORTECON dataset and DE genes with higher expression at D25 or D55 in bulk TF post-capture samples. From earlier: Pluripotency (PP), Neural Differentiation (ND), 
Cortical Specification (CS); to later: Deep Layer Generation (DL), Upper Layer Generation (UL) stages. Left: All 597 TF DE genes, including genes which associate with 
multiple CORTECON stages. Right: TF DE genes (212) exclusive to one CORTECON stage. (C) Pearson correlations (all significant at p ≤ 0.001), between mini-bulk pre- 
(top) and post- (bottom) TF850 capture gene expression profiles and matched gene expression levels from each CORTECON timepoint. Colours represent CORTECON 
stages genes are associated with.
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genes that can be targeted appears limited only by the percen-
tage of the mRNA transcriptome they encompass (as this deter-
mines the possible enrichment factor) and that mini-bulk 
captures of >1000 protein-coding genes are feasible.

A key practical benefit of CaptureSeq is that it can be 
applied to existing sequencing libraries without the need to 
generate new material. This means that previous experiments 
can be re-interrogated at higher resolution using CaptureSeq 
or re-analysed in a more targeted fashion if the required 
sequencing depth to detect genes of interest is found to be 
impractical via standard methods. We demonstrate in this 
study that this benefit of CaptureSeq can be practically applied 
to libraries from very low numbers of cells.

The similar performance of CaptureSeq on bulk libraries 
and mini-bulk libraries made using 1 ng of the RNA extracted 
from 4000 cells suggests capture could be applicable to even 
lower numbers of cells. However, while the overall perfor-
mance of CaptureSeq was similar, mini-bulk samples showed 
some consistent differences to matched bulk samples, having 
slightly lower on-target proportions, higher enrichments and 
lower numbers of detected genes and isoforms (while also 
producing a greater relative increase in the number of genes 
and isoforms detected). Although differences in capture per-
formance or sequencing depth could play a role, a likely 
important factor was the composition and complexity of the 
mini-bulk and bulk pre-capture libraries. This was supported 
by the observation that the proportion of on-target reads in 
mini-bulk pre-capture libraries was less than half that in bulk 
pre-capture libraries. In libraries from single cells, many genes 
cannot be detected because they are not incorporated into the 
library and our results suggest a similar phenomenon may 
occur in mini-bulk libraries made with similar methods. The 
recently described RAGE-seq method [46] demonstrated the 
applicability of capture on single cells for antigen receptor 
profiling in lymphocytes; however, the ~13-fold enrichment 
observed and the small number of highly expressed genes 
targeted means the overall performance of CaptureSeq on 
single cells remains to be determined. Together these results 
show capture on mini-bulks samples can produce a larger 
relative improvement in gene and isoform identification 
than on bulk samples, but also that enrichment techniques 
cannot negate limitations imposed by the composition of the 
libraries themselves.

While several targeted cDNA sequencing methods are now 
available, CaptureSeq is the first to be validated for ultra-low- 
input mini-bulk samples. Multiplexed primer extension 
enables sensitive detection of splice junctions and splicing 
intermediates but to-date has only been demonstrated in 
yeast with RNA inputs of 10 ug or more [18]. In contrast, 
cDNA-smMIP has been performed using mammalian samples 
but was reported to be less sensitive than CaptureSeq for 
transcript detection and has not been shown to work with 
very low sample inputs [19]. Mini-bulk CaptureSeq showed 
excellent sensitivity for gene and isoform detection, identify-
ing the vast majority of targeted expressed genes and greatly 
increasing the number of identified mRNA isoforms (which 
depends on the detection of splice junctions). Even if these 
alternative methods are validated in ultra-low-input samples, 
the ‘discovery and quantification’ nature of CaptureSeq; its 

applicability to many sample types; and its ability to profile 
previously unannotated mRNAs such as intergenic transcripts 
[4] or novel oncogenic genes fusions [14], will provide it with 
many advantages.

In addition to investigating low-input samples, we also 
investigated the feasibility of performing capture hybridiza-
tion with less than one-fifth of the recommended input. 
Lowering hybridization inputs could save money by using 
less reagents and allow a reduction in the large number of 
PCR cycles required to amplify libraries from small samples. 
We found almost identical performance between our standard 
and low-cDNA hybridizations, though further testing is 
required to identify the practical lower input limit and ensure 
consistent performance across different probe pools.

In conclusion, we have validated the effective use of 
CaptureSeq on ultra-low-input ‘mini-bulk’ samples. In addi-
tion, we find capture hybridization can be performed on 
greatly decreased amounts of cDNA, further facilitating the 
use of CaptureSeq on low input-samples. Our results suggest 
that gene expression profiling of mini-bulk samples can 
greatly benefit from the application of targeted RNA- 
sequencing.

Acknowledgments

Dr Ricardo de Paoli Iseppi for assistance in the preparation of figures 
and Dr Heejung Shim for advice on statistical analyses.

Author contributions
M.B.C and A.H conceived the study. M.B.C, A.H, F.C, Z.C and R.B 
designed experiments and interpreted the data. M.B.C created the cap-
ture designs with A.H and G.G. M.B.C performed sequence capture. M. 
A. prepared the libraries for capture and performed the post-capture 
sequencing. F.C performed the bioinformatics analysis with additional 
analysis by M.B.C and A.H. M.B.C and A.H wrote the manuscript with 
the assistance of all authors.

Disclosure statement
MBC received research support from Roche/Nimblegen for this project 
with the neurological GWAS capture pools supplied free of charge.

Funding

This work was supported by an Australian National Health and Medical 
Research Council Early Career Fellowship [APP1072662 to M.B.C]; 
a National Institute for Health Research Clinical Lectureship [to A.H.]; 
the Wellcome Trust via core funding to the Wellcome Centre for Human 
Genetics [090532/Z/09/Z, 203141/Z/16/Z]; the National Institute for 
Health Research (NIHR) Oxford Biomedical Research Centre (BRC); 
the Oxford Biomedical Research Computing (BMRC) facility (a joint 
development between the Wellcome Centre for Human Genetics and 
the BigData Institute supported by Health Data Research UK and the 
NIHR Oxford Biomedical Research Centre); and the Innovative 
Medicines Initiative Joint Undertaking under grant agreement [n° 
115439] (StemBANCC), resources of which are composed of financial 
contribution from the European Union’s Seventh Framework 
Programme [FP7/2007-2013]. The views expressed are those of the 
author(s) and not necessarily those of the NHS, the NIHR or the 
Department of Health.

RNA BIOLOGY 1751



ORCID
Fabiola Curion http://orcid.org/0000-0003-2502-8803
Adam E Handel http://orcid.org/0000-0001-8385-6346
Moustafa Attar http://orcid.org/0000-0003-4116-1276
Giuseppe Gallone http://orcid.org/0000-0001-6806-7226
Rory Bowden http://orcid.org/0000-0001-8596-0366
M. Zameel Cader http://orcid.org/0000-0002-6952-406X
Michael B Clark http://orcid.org/0000-0002-2903-9537

Data availability
RNA-seq datasets utilised in this study are available from GEO, accession 
number: GSE140442.

References

[1] Sims D, Sudbery I, Ilott NE, et al. Sequencing depth and coverage: 
key considerations in genomic analyses. Nat Rev Genet. 
2014;15:121–132.

[2] Clark MB, Mercer TR, Bussotti G, et al. Quantitative gene profil-
ing of long noncoding RNAs with targeted RNA sequencing. Nat 
Methods. 2015;12:339–342.

[3] Bussotti G, Leonardi T, Clark MB, et al. Improved definition of 
the mouse transcriptome via targeted RNA sequencing. Genome 
Res. 2016;26:705–716.

[4] Bartonicek N, Clark MB, Quek XC, et al. Intergenic 
disease-associated regions are abundant in novel transcripts. 
Genome Biol. 2017;18:241.

[5] Halvardson J, Zaghlool A, Feuk L. Exome RNA sequencing reveals 
rare and novel alternative transcripts. Nucleic Acids Res. 2013;41:e6.

[6] Ding P, Ngou BPM, Furzer OJ, et al. High-resolution expression 
profiling of selected gene sets during plant immune activation. 
Plant Biotechnol J. 2020. DOI:10.1111/pbi.13327

[7] Amorim-Vaz S, Tran VDT, Pradervand S, et al. RNA enrichment 
method for quantitative transcriptional analysis of pathogens 
in vivo applied to the fungus candida albicans. MBio. 2015;6: 
e00942–15.

[8] Peterson EJR, Bailo R, Rothchild AC, et al. Path-seq identifies an 
essential mycolate remodeling program for mycobacterial host 
adaptation. Mol Syst Biol. 2019;15:e8584.

[9] Briese T, Kapoor A, Mishra N, et al. Virome capture sequencing 
enables sensitive viral diagnosis and comprehensive virome 
analysis. MBio. 2015;6:e01491–15.

[10] Cabanski CR, Magrini V, Griffith M, et al. cDNA hybrid capture 
improves transcriptome analysis on low-input and archived 
samples. J Mol Diagnostics. 2014;16:440–451.

[11] Cieslik M, Chugh R, Wu YM, et al. The use of exome capture 
RNA-seq for highly degraded RNA with application to clinical 
cancer sequencing. Genome Res. 2015;25:1372–1381.

[12] He J, Abdel-Wahab O, Nahas MK, et al. Integrated genomic 
DNA/RNA profiling of hematologic malignancies in the clinical 
setting. Blood. 2016;127:3004–3014.

[13] Davy G, Rousselin A, Goardon N, et al. Detecting splicing pat-
terns in genes involved in hereditary breast and ovarian cancer. 
Eur J Hum Genet. 2017;25:1147–1154.

[14] Reeser JW, Martin D, Miya J, et al. Validation of a targeted RNA 
sequencing assay for kinase fusion detection in solid tumors. 
J Mol Diagnostics. 2017;19:682–696.

[15] Schuierer S, Carbone W, Knehr J, et al. A comprehensive assess-
ment of RNA-seq protocols for degraded and low-quantity 
samples. BMC Genomics. 2017;18:442.

[16] Mercer TR, Clark MB, Crawford J, et al. Targeted sequencing for 
gene discovery and quantification using RNA CaptureSeq. Nat 
Protoc. 2014;9:989–1009.

[17] Geiss GK, Bumgarner RE, Birditt B, et al. Direct multiplexed 
measurement of gene expression with color-coded probe pairs. 
Nat Biotechnol. 2008;26:317–325.

[18] Xu H, Fair BJ, Dwyer ZW, et al. Detection of splice isoforms and 
rare intermediates using multiplexed primer extension 
sequencing. Nat Methods. 2019;16:55–58.

[19] Arts P, Van Der Raadt J, Van Gestel SHC, et al. Quantification of 
differential gene expression by multiplexed targeted resequencing 
of cDNA. Nat Commun. 2017;8:15190.

[20] Lagarde J, Uszczynska-Ratajczak B, Carbonell S, et al. High- 
throughput annotation of full-length long noncoding RNAs 
with capture long-read sequencing. Nat Genet. 
2017;49:1731–1740.

[21] Shi Y, Kirwan P, Livesey FJ. Directed differentiation of human 
pluripotent stem cells to cerebral cortex neurons and neural 
networks. Nat Protoc. 2012;7:1836–1846.

[22] Ebert AD, Svendsen CN. Human stem cells and drug screening: 
opportunities and challenges. Nat Rev Drug Discov. 
2010;9:367–372.

[23] Volpato V, Smith J, Sandor C, et al. Reproducibility of molecular 
phenotypes after long-term differentiation to human iPSC-derived 
neurons: a multi-site omics study. Stem Cell Reports. 
2018;11:897–911.

[24] Picelli S, Bjorklund AK, Faridani OR, et al. Smart-seq2 for sensi-
tive full-length transcriptome profiling in single cells. Nat 
Methods. 2013;10:1096–1098.

[25] Fujita PA, Rhead B, Zweig AS, et al. The UCSC genome browser 
database: update 2011. Nucleic Acids Res. 2011;39:D876–882.

[26] Buniello A, MacArthur JAL, Cerezo M, et al. The NHGRI-EBI 
GWAS catalog of published genome-wide association studies, 
targeted arrays and summary statistics 2019. Nucleic Acids Res. 
2019;47:D1005–D1012.

[27] Schizophrenia Working Group of the Psychiatric Genomics 
Consortium. Biological insights from 108 schizophrenia-associated 
genetic loci. Nature. 2014;511:421–427.

[28] Nalls MA, Pankratz N, Lill CM, et al. Large-scale meta-analysis of 
genome-wide association data identifies six new risk loci for 
Parkinson’s disease. Nat Genet. 2014;46:989–993.

[29] Purcell S, Neale B, Todd-Brown K, et al. PLINK: a tool set for 
whole-genome association and population-based linkage analyses. 
Am J Hum Genet. 2007;81:559–575.

[30] 1000 Genomes ProjectConsortium. A global reference for human 
genetic variation. Nature. 2015;526:68–74.

[31] Frankish A, Diekhans M, Ferreira A-M, et al. GENCODE refer-
ence annotation for the human and mouse genomes. Nucleic 
Acids Res. 2019;47:D766–D773.

[32] O’Leary NA, Wright MW, Brister JR, et al. Reference sequence 
(RefSeq) database at NCBI: current status, taxonomic expansion, 
and functional annotation. Nucleic Acids Res. 2016;44:D733– 
D745.

[33] Chawla K, Tripathi S, Thommesen L, et al. TFcheckpoint: 
a curated compendium of specific DNA-binding RNA poly-
merase II transcription factors. Bioinformatics. 
2013;29:2519–2520.

[34] Handel AE, Chintawar S, Lalic T, et al. Assessing similarity to 
primary tissue and cortical layer identity in induced pluripotent 
stem cell-derived cortical neurons through single-cell 
transcriptomics. Hum Mol Genet. 2016;25:989–1000.

[35] Djebali S, Davis CA, Merkel A, et al. Landscape of transcription in 
human cells. Nature. 2012;489:101–108.

[36] Hardwick SA, Chen WY, Wong T, et al. Spliced synthetic genes as 
internal controls in RNA sequencing experiments. Nat Methods. 
2016;13:792–798.

[37] Jiang H, Lei R, Ding S-W, et al. Skewer: a fast and accurate 
adapter trimmer for next-generation sequencing paired-end 
reads. BMC Bioinformatics. 2014;15:182.

[38] Kim D, Paggi JM, Park C, et al. Graph-based genome alignment 
and genotyping with HISAT2 and HISAT-genotype. Nat 
Biotechnol. 2019;37:907–915.

[39] Li H, Handsaker B, Wysoker A, et al. The sequence alignment/ 
map format and SAMtools. Bioinformatics. 2009;25:2078–2079.

[40] Quinlan AR, Hall IM. BEDTools: a flexible suite of utilities for 
comparing genomic features. Bioinformatics. 2010;26:841–842.

1752 F. CURION ET AL.

https://doi.org/10.1111/pbi.13327


[41] Liao Y, Smyth GK, Shi W. featureCounts: an efficient general 
purpose program for assigning sequence reads to genomic 
features. Bioinformatics. 2014;30:923–930.

[42] Pertea M, Pertea GM, Antonescu CM, et al. StringTie enables 
improved reconstruction of a transcriptome from RNA-seq 
reads. Nat Biotechnol. 2015;33:290.

[43] Akaike H. New look at statistical-model identification. IEEE Trans 
Automat Contr. 1974;Ac19:716–723.

[44] Robinson MD, McCarthy DJ, Smyth GK. edgeR: a bioconductor 
package for differential expression analysis of digital gene expres-
sion data. Bioinformatics. 2010;26:139–140.

[45] van de Leemput J, Boles NC, Kiehl TR, et al. CORTECON: a temporal 
transcriptome analysis of in vitro human cerebral cortex development 
from human embryonic stem cells. Neuron. 2014;83:51–68.

[46] Singh M, Al-Eryani G, Carswell S, et al. High-throughput targeted 
long-read single cell sequencing reveals the clonal and transcrip-
tional landscape of lymphocytes. Nat Commun. 2019;10:3120.

RNA BIOLOGY 1753


	Abstract
	Introduction
	Materials and methods
	Summary
	Generation of cortical neurons from iPSC
	RNA processing
	Design of oligonucleotide capture pools
	NeuroGWAS (NG) Capture
	Transcription Factor (TF) capture
	Sequence capture of bulk and low-input mini-bulk samples
	Library sequencing pre-capture
	Library sequencing post-capture
	Bioinformatic methods
	Read mapping and gene and transcript identification and quantification
	Sample and gene-level enrichment analyses
	Differential expression (DE) analysis
	Cortecon dataset comparison

	Results
	Comparable performance between standard and ultra-low-input (mini-bulk) CaptureSeq
	Expression quantitation and improved gene detection with CaptureSeq on mini-bulk samples
	CaptureSeq provides amore comprehensive profile of the mini-bulk transcriptome
	Equivalent CaptureSeq performance from low-cDNA hybridizations
	CaptureSeq enables cell-state determination and identifies transcription factors enriched during neural differentiation

	Discussion
	Acknowledgments
	Author contributions
	Disclosure statement
	Funding
	Data availability
	References



