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Recent technological advances in high throughput low-cost DNA sequencing have brought a whole
new realm of exciting applications within reach, one of which is genomic analysis at single-cell
resolution. Single-cell genome sequencing holds great promise for environmental biology. The vast
majority of environmental bacteria, e.g. from human microbiome, cannot be cultivated in isolation as
they require their symbiotic natural habitat to grow. Also, single-cell genome sequencing holds great
promise for various other areas of biology, e.g. cancer research. It is well known that a cancerous tumor
is heterogeneous as the constituent cells quickly accumulate random mutations and aberrations in the
absence of gatekeeper (watchdog) genes. An important problem in cancer genomics is discovery of the
first few initial variations that started the tumor. A solution to that problem consists in reconstruction of
the tumor phylogeny from the genomes of single cells sampled from different parts of the tumor.
Therefore, our ability to acquire and analyze genomic sequences at single-cell resolution is expected to
have significant impact on energy, environmental, and health research.

How does genome sequencing and assembly work? Whole genome shotgun sequencing starts with
multiple copies of the genomic DNA. Each DNA molecule is broken into short fragments (100-10,000
bps), at random, which are then fed into a DNA sequencing machine to read their nucleotide sequence.
The output reads are short randomly sampled subsequences of the genomic sequence. Since multiple
copies of the genomic DNA are sequenced, every genomic locus is covered by multiple reads, whose
number is called coverage. If the coverage is sufficient, then reads can be concatenated along their
suffix-prefix overlaps to form longer contiguous genomic subsequences (contigs) in a de novo
assembly algorithm [1]. The number of reads in a human genome sequencing experiment with lllumina
HiSeq platform, for instance, can easily reach 1.5 billion. Hence, de novo assembly is essentially like
solving a gigantic jigsaw puzzle which is stained by sequencing errors and obscured by repetitive
elements, e.g. genomic Alu repeats and segmental duplications.

A single cell contains only one DNA molecule whereas whole genome shotgun sequencing requires
multiple copies. Fortunately, this gap can now be filled by DNA amplification techniques that replicate
an input DNA template up to several billion folds. A popular choice for whole genome amplification is
currently multiple displacement amplification (MDA) [2, 9]. However, DNA amplification comes with
inconvenient side effects including chimeric junctions in the amplicons and largely biased
amplification gains (Figure 1). In this case, differentiating a low-coverage correct contig from an
erroneous or chimeric piece of sequence becomes a challenge. We developed a special de novo
assembly algorithm to deal with such problems caused by DNA amplification [3]. More advanced
algorithms, e.g. SPAdes [7] and IDBA-UD [8], were introduced later to rescue more low-coverage
correct contigs.
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Figure 1. Genome coverage in single-cell E. coli (lane 1 in [3]) vs. normal multicell E. coli. Both have an
average coverage of ~600x. Blackout (no-coverage) regions are shown in green.

Although we demonstrated that single-cell sequencing methods have passed important milestones, e.g.
capturing > 90% of genes in a prokaryotic cell [3], their quality and reliability linger unsurprisingly
behind those of normal multicell sequencing methods. Beside sporadic gaps because of lack of
coverage and chimeric contigs, the main practical problem with single-cell sequencing is wide
variability of the outcome. On one side of the spectrum, the genome can be almost completely acquired.
On the other side, however, the outcome may very well be the loss of the sample and any information
therein. In this sense, a single-cell sequencing experiment is currently a gamble that can potentially
lead to the loss of the sample and sequencing expenses. Therefore, a few single cells (e.g. 10-20 cells)
are isolated and sequenced in practice to hedge against that risk.

A mechanism to detect and enrich target cells is required in that approach. Isolation of a number of
cells from the same species would be costly and even impossible when there is no prior knowledge
about the organism. A solution that we proposed replaces a single-cell deep sequencing experiment
with numerous single-cell shallow sequencing experiments using less stringent isolation or enrichment,
leaving the total cost of sequencing intact [4]. That approach hedges against the risk of total loss of
information based on the observation that DNA amplification bias is not sequence-specific, meaning
that the same genomic loci may be amplified poorly in one amplification reaction and adequately in
another. We used this characteristic to decrease the coverage bias and increase assembly quality
through mixing reads from few individual single cells. To avoid mixing reads from non-identical
genomes, which would create a chimeric assembly, our de novo co-assembly algorithm HyDA assigns
a unique color to each input single-cell read data set and keeps track of the color of each read and



contig in the assembly process. In the end, contigs of every color are separately presented in the output.
Our algorithm identifies those contigs that are exclusive to a color and those that are shared between
two or more colors. That information is used to construct a belief state about the relationships between
colors, which in turn is used to cluster those colors that are believed to be from the same species [4].

That method requires a less stringent but nevertheless a mechanism for enrichment of target cells. What
if there is absolutely no prior knowledge about the target organism(s)? In that case, sequencing,
assembly, and identification of every distinct genome (species) in the sample would be desired. That is
challenging as there are typically millions, sometimes billions, of cells in a microbial sample [5].
Exhaustive single-cell sequencing is simply intractable. However, there is hope for breaking that
barrier as the number of different species is usually much smaller than the number of cells. We call this
feature species sparsity in a sample. We gave a novel divide-and-conquer algorithm to sequence and de
novo assemble all distinct genomes in a microbial sample with reduced sequencing cost and
computational effort [6]. Our method is implemented in a tool called Squeezambler, which is packaged
with HyDA as an open-source toolbox available at http://sourceforge.net/projects/hyda/.
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Figure 2. The divide-and-conquer algorithm for an example with 10 cells and 3 distinct genomes shown in
different colors [6]. Each row corresponds to one sequencing round. The number of barcodes in each round is the
number of blue boxes in the corresponding row.

In the divide-and-conquer method, the DNA of every cell is individually amplified and sequenced at
adaptive depths to reduce redundant sequencing of one species in numerous cells. In this process
(Figure 2), a search tree (explained below) is constructed, and the technique to make and traverse the
tree has an important role in determining the amount of resources to be allocated at each step of the
algorithm and the overall sequencing cost. Let n be the number of cells in the sample, and denote the
cells by S;, i = 1,...,n. In the first iteration, the algorithm divides the n cells into two sets 1;1=
{S1,-.Sparts 11.2= {Spnizg+1,---,Sn}- Our algorithm samples equal amount of amplicons from each cell in
I11and I1,. The amplicons in each set are pooled and sequenced to reach a desired number of base pairs



that is computed by the algorithm depending on the number of cells in the pool and an estimate of the
total assembly size when possible. In practice, the two pools are multiplexed by two distinct tag
barcodes and sequenced in one run of a high throughput sequencing machine. The barcoded amplicons
are sequenced, and the two read datasets are co-assembled by HyDA using two colors. The result is
two sets of contigs, one for each color, A; 1 and A; ,. Based on the exclusivity of A;; and Ay, we decide
if one set subsumes the other, i.e. A1 < Ai0r Ao < Ag1. For instance, if Ay is subsumed by A 5, then
all of the distinct genomes in 1y, are present in Iy ,; therefore, the cells in 1, are redundant and do not
need further sampling. If neither set subsumes the other, both 1, ; and I, , remain for the next step. Each
remaining set I~ is divided into two subsets for analysis in the second iteration. The same splitting
process occurs in the subsequent iterations until each remaining set contains only one cell. Figure 2
depicts an example of 10 cells with 3 distinct genomes shown in different colors [6].

In spite of significant progress, the field of single-cell genome sequencing and assembly is still open
and expanding. Particularly, whole sample approaches, the first of which was our adaptive divide-and-
conquer algorithm [6], are expected to be rich enough to breed a subfield of single-cell sequencing.
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