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Abstract
DNA barcodes, which are short DNA strings, are regularly used as tags in pooled sequencing experiments to enable the identification of 
reads originating from the same sample. A crucial task in the subsequent analysis of pooled sequences is barcode calling, where one must 
identify the corresponding barcode for each read. This task is computationally challenging when the probability of synthesis and 
sequencing errors is high, like in photolithographic microarray synthesis. Identifying the most similar barcode for each read is a 
theoretically attractive solution for barcode calling. However, an all-to-all exact similarity calculation is practically infeasible for 
applications with millions of barcodes and billions of reads. Hence, several computational approaches for barcode calling have been 
proposed, but the challenge of developing an efficient and precise computational approach remains. Here, we propose a simple, yet 
highly effective new barcode calling approach that uses a filtering technique based on precomputed k-mer lists. We find that this 
approach has a slightly higher accuracy than the state-of-the-art approach, is more than 500 times faster than that, and allows 
barcode calling for one million barcodes and one billion reads per day on a server GPU. The same throughput can even be realized 
using a CPU-parallel implementation.
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Significance Statement

Barcode calling is the computational process of assigning sequencing reads to barcodes that uniquely identify biomolecules in pooled 
sequencing experiments. Typical single-cell experiments require barcode calling for billions of reads and millions of barcodes with 
error rates exceeding 10% per nucleotide, but current methods can only assign several million reads to one million barcodes per 
day per GPU in such cases. Here, we describe a method that is several hundred times faster, enabling the analysis of one billion reads 
per day on a CPU. This advance makes large-scale applications in single-cell and spatial transcriptomics, lineage tracing, or synthetic 
biology computationally feasible and could facilitate the acceleration of biomedical discoveries and reduce computational costs in a 
wide range of scientific disciplines.
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Introduction
DNA barcodes are used for identifying individual biomolecules in 

large populations. Applications include studying gene expression 

at the single-cell level (1), lineage tracing and screening (2), spatial 

transcriptomics (3, 4), DNA data storage (5), and the exploration of 

developmental trajectories and cancer progression (6, 7).
In a typical experiment, hundreds of millions of reads are se

quenced, each containing one barcode modified by synthesis or 

sequencing errors that include substitutions, insertions, and dele

tions (8). Correctly assigning the reads containing these modified 

barcodes to the barcodes they originate from is referred to as bar

code identification or barcode calling (9). If the expected error rate 

is very low, one can simply look for exact barcode matches, which 

is very fast and often used in practice. Error-correcting codes such 

as those from Hawkins et al. (10) allow also fast barcode calling, 

but impose severe limitations on the number of barcodes. 
Modern synthesis techniques such as photolithographic micro
array synthesis allow the synthesis of millions of barcodes needed 
for spatial transcriptomics studies at a reasonable cost (11), but 
their error rates may exceed 20% per base (11), leading to the com
putational challenge of barcode calling for large barcode sets with 
high error rates. In a recent breakthrough result, Press (8) has 
shown that random barcodes of sufficient length are accurately de
codable even for applications with such high error rates.

The central idea of many barcode calling approaches is to de
termine for each read a most similar barcode with respect to a given 
distance measure. However, the naive approach of identifying the 
most similar barcode for each read by computing the distance of 
each read and each barcode is prohibitively time-consuming, so 
several alternative approaches for barcode calling have been de
veloped in the last decade: Zorita et al. (12) propose the calculation 
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of all pairwise edit distances using prefix trees and several optimi
zations of the classical Needleman-Wunsch algorithm as well as 
clustering (“starcode”). Tambe and Pachter (9) develop the 
barcode-calling approach “sircel” and demonstrate its efficacy 
for small barcode sets and short barcodes. Press (8) proposes a fil
tering approach (triage) based on trimer similarities and thus ac
celerates barcode calling by orders of magnitude, thereby 
allowing barcode calling for one million barcodes and ten million 
reads per day on a server GPU. Yet, Press’ filtering approach is still 
computationally expensive as it requires a linear scan over the en
tire barcode set for each read, with a non-negligible workload per 
iteration.

Here, we propose a k-mer filtering approach that enables bar
code calling for one million barcodes and one billion reads per 
day on a server GPU or on a 64-core CPU.

This speed-up is accomplished by a simple auxiliary data struc
ture that links given barcodes to their sub-sequences. Setting up 
this data structure requires only linear additional space and neg
ligible running time in a preprocessing phase. We find by theoret
ical and experimental studies that the proposed k-mer filtering 
approach allows reducing the computational work by more than 
two orders of magnitude compared to Press (8). An implementa
tion of this barcode calling approach named “Quik” can be ac
cessed freely on GitHub.

The rest of this article is structured as follows: In Methods sec
tion, we provide a high-level description of the k-mer filtering ap
proach and additional material used for the subsequent analyses 
and experiments. In Results section, we present results on the ac
curacy of barcode calling using the k-mer filtering approach, re
sults of a theoretical analysis of its running time as a function of 
k, and results of an empirical study of its running time. Finally, 
we conclude this article in Conclusions section.

Methods
In this section, we present a high-level description of the barcode 
calling approach used in Quik, details of the k-mer pseudo- 
distance used to filter candidate barcodes, several distance meas
ures for quantifying sequence similarities, and combinations of 
different variants of the barcode calling approach, resulting in a 
two-step barcode calling scheme.

Barcode calling
The task of barcode calling is to identify for each read the barcode 
from which it originated. The Quik approach assumes that all 
barcodes have a fixed length ℓ. Meanwhile, in a real experiment, 
reads are generally much longer DNA strings, each containing a 
barcode section of the same length ℓ at a well-defined position. 
To identify the barcode of a read, one can extract the barcode sec
tion of the longer DNA string. For simplicity, we will refer only to 
this extracted barcode section when referring to a specific read. 
On an abstract level, the Quik approach can be divided into three 
phases. 

• Phase 0: Preprocessing: For each possible k-mer m ∈ 

{A, C, G, T}k and each possible starting position j ∈ 
{0, . . . , ℓ − k} within a barcode, compile a list L(m, j) of all 
barcodes in which m occurs as a sub-sequence starting at 
position j.

While phase 0 only needs to be executed once for a fixed barcode 
set, the other phases need to be executed for all reads r. 

• Phase 1: Barcode filtering: Evaluate for each barcode b some 
efficiently computable pseudo-distance q(b, r) (k-mer pseudo- 
distance section). Compile a small candidate set C of at 
most c barcodes with smallest pseudo-distance to r.

• Phase 2: Final assessment: For each candidate barcode b in C, 
evaluate some distance d(b, r) (see Distance measures sec
tion). Return a candidate barcode with minimum distance 
to r if this distance is smaller than a given threshold D.

Our approach has some similarities to that of Press (8). 
However, the main difference is the filtering step in phase 
1. While Press evaluates several criteria that are ultimately com
bined into a final barcode ranking, we construct a candidate set 
with much less computational effort. As we will show in Results 
section, this accelerates the filtering step by a large factor without 
any loss of accuracy. In the remainder of this section, we describe 
some details of the Quik barcode calling approach.

k-mer pseudo-distance
The original barcode will be included within the candidate set 
with a high probability if the pseudo-distance q and the exact dis
tance d have a high correlation, so the challenge of devising a suit
able filtering approach is to find a pseudo-distance (i) that can be 
computed sufficiently fast and (ii) that is sufficiently similar to the 
distance d.

The central idea of our k-mer pseudo-distance q(b, r) is to con
sider each k-mer in the read r and to search for its nearest occur
rence on the barcode b. The absolute difference between the 
starting positions of the k-mer in r and b quantifies how much 
this k-mer has been shifted away from its original position. We de
fine the pseudo-distance as the sum of the absolute positional dif
ferences over all k-mers that occur in the read r. If some k-mer of r 
does not exist in b or is shifted away by more than dmax positions, 
we add ℓ as a penalty to the pseudo-distance instead.

The above description should be sufficient to explain the main 
idea and give some intuitions but is not enough to evaluate the 
pseudo-distances efficiently. To achieve this goal, we had to 
make some adjustments. 

1. Instead of searching for the closest occurrence of a given k-mer 
in the barcode, we assume that each k-mer occurs only once 
within the threshold difference dmax, and speed up the calcu
lation by accounting for all occurrences of the k-mer within 
the threshold distance.

2. We make use of the precomputed lists L(m, j) of barcodes in 
which a k-mer m occurs at position j. This allows us to evalu
ate the pseudo-distances between a fixed read r and all barc
odes in one run without having to search for k-mers on the 
barcodes.

3. We avoid explicitly adding the penalty term ℓ for k-mers that 
do not occur in the barcode or that are shifted by more than 
dmax positions. To do this, we subtract from each pseudo- 
distance q(b, r) a fixed value of ℓ for each k-mer in the read r, 
and thus ℓ · (ℓ − k + 1) in total. This makes the penalty terms 
zero and they no longer need to be treated explicitly. As a con
sequence, the pseudo distance is always nonpositive, with 
zero being the largest possible (and therefore worst) distance.

Algorithm 1 implements these ideas and gives some additional 
details.

The algorithm constructs a candidate set C of barcodes that 
share at least one close k-mer with the read r. In the end, the array 
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D contains the pseudo-distance of each barcode. The candidate 
set C can then be reduced to the c barcodes with the smallest 
pseudo-distance.

Distance measures
After compiling the candidate set, we compute a precise distance 
measure d(b, r) for each candidate barcode. Several distance meas
ures have been proposed to quantify the distance between two giv
en sequences, including the Hamming distance (13, 14), the 
Levenshtein distance (8, 15, 16), or the Sequence-Levenshtein dis
tance (17). While the Hamming distance is not suited to account 
for insertions or deletions (“indels”) in the read, the Levenshtein dis
tance and the Sequence-Levenshtein distance do so. However, the 
Levenshtein distance requires the user to know the lengths of 
both sequences. As deletions and insertion can alter the length of 
the relevant segment in the read, the actual length of the substring 
corresponding to its barcode is unknown. To account for this, 
Buschmann and Bystrykh have proposed the Sequence- 
Levenshtein distance to allow truncation of both sequences at their 
ends at no cost (17). Hawkins et al. (10) have noted that the 
Sequence-Levenshtein distance is not a distance as it can violate 
the triangle inequality. Still, they have used it for generating error- 
correcting barcodes, and we use it in this work as well.

Several ways to compute the (Sequence-)Levenshtein distance 
have been discussed. For barcodes of length ℓ, the classical dy
namic programming algorithm computes the 
(Sequence-)Levenshtein distance in O(ℓ2). Under the Strong 
Exponential Time Hypothesis (SETH) this is optimal up to subpoly
nomial factors (18). However, for a given threshold D, one can 
check in time O(Dℓ) whether two strings of length ℓ have a 
(Sequence-)Levensthein distance of at most D (19, 20). As we 
are only interested in the (Sequence-)Levenshtein distance up 
to D < ℓ, we might also adapt the algorithm proposed by Zorita 
et al. (12) to accelerate the computation.

However, the sequence length ℓ is typically a small constant in 
practical situations (in our case ℓ = 34). In such situations, an op
timized variant of the classical dynamic program is usually faster 
than the other, more advanced methods. Thus, we use the classic
al O(ℓ2) algorithm in our implementation.

Two-step barcode calling
We find from the results of Results section that increasing the 
length k of the subsequences trades better performance for a 

loss in precision and recall. Furthermore, one can raise the preci
sion at the cost of diminished recall by decreasing the maximum 
accepted Sequence-Levenshtein distance D. Hence, we can tune 
Quik to attain high throughput and high precision but low recall 
by choosing a large k and a small D.

We can exploit this observation to quickly identify the “easy” 
reads with few mutations and leave the rest of the missed reads 
for a slower but more accurate variant. We call the resulting 
scheme two-step calling. This calling scheme has two parameters 
for the threshold distances D1 and D2 and two parameters for 
the lengths of the subsequences k1 and k2 (with k1 > k2). In a first 
step, we run the barcode calling approach with the parameters 
k1 and D1 to quickly identify barcodes that are close to the associ
ated read. For the reads that are not yet assigned, we run a second 
step with the parameters k2 and D2.

Parallelization strategies
To gain a high throughput of reads, it is essential to run a large 
number of calculations in parallel. Since phases 1 and 2 are exe
cuted independently for each read, there are two obvious parallel
ization strategies for the Quik calling scheme. 

1. Press (8) describes how to parallelize the search for the most 
similar barcode for a fixed read. Following this idea, one 
would sequentially process one read after the other and do 
the calculations of phases 1 and 2 in parallel.

2. We propose an orthogonal parallelization strategy in which 
we process the reads in parallel and, for each read, sequen
tially search for the most similar barcode. We thus launch a 
large number of long-running parallel threads, each respon
sible for one read, and each running phases 1 and 2 
sequentially.

While the first strategy is highly efficient when the number of 
reads is small, the resulting parallelization overhead makes it un
attractive when the number of reads grows into the millions. In 
such situations, the second approach seems to be more promis
ing. For this reason, we implemented the second strategy.

Error simulation
To assess the accuracy of barcode calling approaches, one needs 
labeled data sets where the original barcode is known for each 
read. Such data sets cannot be obtained experimentally, but 
they can be obtained by simulation (8), and we follow this ap
proach here. As we employ a different error simulation strategy 
than Press (8), we give a brief overview of how we generate a 
read r from a barcode b.

We view the synthesis of a read as sending the barcode se
quence through a noisy channel. Thus, we incrementally build 
up the read from the barcode with a certain probability of muta
tion p in each iteration. A mutation can be either a substitution 
(false interpretation of the signal), a deletion (missing a signal), 
or an insertion (false detection of a signal). To simplify the simu
lation, we assume that all three types of mutation are equally like
ly, each with a probability of p/3, and that the errors are 
independent across iterations. We also assume identical substitu
tion probabilities for the 12 substitutions, identical insertion prob
abilities for the four insertions, and identical deletion probabilities 
for the four deletions. We note in passing that these assumptions 
are consistent with choosing the Levenshtein distance or the 
Sequence-Levenshtein distance for asserting the similarity 

Algorithm 1 k-mer pseudo-distance

Require: Read r; barcode count n; list of barcodes L(m, j) for each m ∈ 
{A, C, G, T}k and each j ∈ {0, . . . , ℓ − k}

1: D← int[n]                           ⊳ pseudo-distances, initialized with zero
2: C← empty set                                         ⊳ candidate set of barcodes
3:
4: for each starting position i from 0 up to ℓ − k do
5: m← k-mer starting at position i in r
6:  for j = max (0, i − dmax) up to min (ℓ − k, i + dmax) do
7:   B← L(m, j) ⊳ barcodes containing m at position j
8:    for each barcode b ∈ B do
9:     if D[b] = 0 then
10:      add b to C
11:     end if
12:     D[b]← D[b] + |i − j| − ℓ
13:   end for
14:  end for
15: end for
16:
17: return C and D
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between the read and the barcode. See Supplementary material S1
for further detail on the simulation of reads.

While the assumptions typically do not hold in practice, the de
tails can vary greatly between different experimental settings. 
Thus, we avoid making overly detailed assumptions about error 
distributions in order to maintain generalizability. One could 
also easily extend the procedure to more accurately capture the 
mutation probabilities of the experimental setting.

Results and discussion
In this section, we present the results of several theoretical and 
empirical studies on our barcode calling approach. In particular, 
we discuss the accuracy of the k-mer pseudo-distance q and the 
k-mer filtering approach as well as a theoretical and empirical 
analysis of its running time.

Data set
In all of the following experiments and analyses, we used a fixed 
set of n = 1,000,000 barcodes of length ℓ = 34, drawn uniformly 
at random from the set of all barcodes of this length. To each of 
these barcodes, we applied the error model described in Error 
simulation section with an error probability of p = 0.2 per base. 
In doing so, we generated a fixed set of 1,000,000 reads. 
Supplementary material S2 contains the results for the same ex
periments with error probabilities of 0.1 and 0.3, experiments 
with different error probabilities for insertions, deletions, and 
substitutions, namely using error rates for experiments with barc
odes constructed by photolithography (11), and experiments with 
designed barcodes that satisfy constraints on CG content, homo
polymer avoidance, and pairwise mutual Sequence-Levenshtein 
distance.

Parameters
Both the accuracy and the running time of the Quik barcode call
ing approach depend on the parameter choice, in particular, on 
the k-mer length k and the threshold distance D. In the following 
experiments, we tested several combinations of k ∈ {4, 5, 6} and 
D ∈ [0, 15]. For a clean and concise presentation, we fixed the pa
rameters of the two-step variants to k1 = 7 and D1 = 10 and let the 
parameters k2 and D2 vary in the ranges mentioned above. In all 
experiments, we used a maximum shift size of dmax = 5 for the 
evaluation of the pseudo-distance (see k-mer pseudo-distance 
section). Finally, we used a candidate set of size c = 100 for all ex
periments unless explicitly stated otherwise.

Accuracy of the k-mer pseudo-distance q
In a first experiment, we studied the accuracy of the k-mer 
pseudo-distance q in comparison to the triage suggested by 
Press (8) in phase 1. For this purpose, we applied each approach 
on our benchmark data set and determined a posteriori how often 
the original barcode occurred within the candidate set of size 
c ∈ [1, 104]. We call the relative frequency of this number the hit 
rate for size c. Thus, the larger the hit rate, the more often was 
the original barcode within the candidate set of size c. 
Consequently, a large hit rate is necessary for an accurate barcode 
calling. Figure 1 shows the results of this experiment. We want to 
highlight some essential observations. 

• For all approaches, the hit rate grows monotonically and ap

proximately linearly with log c for c ∈ [1, 103].

• A candidate set of size c = 100 contains the correct barcode 
candidates in about 80% of the cases for k = 4.

• Increasing the value of k by one reduces the hit rate by a con
stant for a fixed size c.

• The hit rate for k = 5 is similar to that of the approach by Press 
(8).

We found qualitatively similar results by analogous studies with 
error probabilities of P = 0.1 and P = 0.3 (see Supplementary 
material S2). We conclude that the pseudo-distance is well-suited 
for effectively prefiltering the relevant barcodes. In particular, the 
hit rate is with k = 5 similarly high as with the triage rules sug
gested by Press.

Accuracy of the k-mer filtering approach
To study the accuracy of the complete barcode calling process, we 
apply the different approaches to the benchmark data set and cal
culate the precision defined as the ratio of correctly called reads 
and all accepted reads (8) and the recall defined as the ratio of ac
cepted reads and all 1,000,000 reads (8). Precision and recall highly 
depend on the choice of the exact distance measure and on the 
maximum acceptable distance parameter D. In this experiment, 
we calculated precision and recall for various values of D ∈ 
[0, 15] and for both the Levenshtein and Sequence-Levenshtein 
distance. Figures 2 and 3 show the results. The following observa
tions are essential: 

• At lower recall, all approaches yield a precision of ∼100%.
• The Sequence-Levenshtein distance gives higher precision 

and recall than the Levenshtein distance.
• Using the Sequence-Levenshtein distance, the k-mer distance 

approaches for k ∈ [4, 6] yield higher precision and recall than 
Press’ approach.

• We find that the precision and recall of the two-step variants 
is almost identical to the associated one-step approach.

Fig. 1. Relative frequency of the original barcode occurring in the 
candidate set of size c ≤ 104. Note that the x-axis is scaled logarithmically.
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Based on the results of this experiment, we used a maximum 
acceptable distance of D = 8 and the Sequence-Levenshtein dis
tance in the following experiments. In doing so, we gain a barcode 
calling approach with similar or higher accuracy than Press. In 
Supplementary material S2, these results are confirmed when un
equal error probabilities or designed barcodes are employed.

Theoretical analysis of running time
In this subsection, we present a theoretical analysis of the ex
pected running time required to calculate the pseudo-distances 
between a single read and all barcodes as described in Algorithm 
1. For this purpose, we concentrate on the expected number of ex
ecutions of line 12 in Algorithm 1, which we call the number of in
ner iterations.

This analysis is based on the two simplifying assumptions that 
all k-mers of a sequence be independent and all k-mers be equally 
likely. In general, assuming independence will lead to an overesti
mation of the number of operations performed. The main result of 
this analysis is the following.

THEOREM 1 Phase 1 is expected to take at most

n
(ℓ − k + 1) · (2dmax + 1)

4k 

inner iterations for computing the pseudo-distances for n barco
des of length ℓ.

Proof. The probability that a random k-mer resembles a queried 
sub-sequence is about 1

4k, since there are 4k different k-mers. 
Therefore, the list of barcodes containing a given k-mer at a fixed 
position has an average length of at most n

4k . Hence, due to the as
sumed independence of the sub-sequences and since we consider 

at most 2dmax + 1 positions for each of the ℓ + k − 1 sub-sequences 
in the read, the number of inner iterations is at most

n
(ℓ − k + 1)(2dmax + 1)

4k
.

Theorem 1 implies that, under the assumption that dmax is a 
constant and that k ≥ 1

2 log2 ℓ (a viable choice according to previous 
results), we obtain a time complexity of

O n
ℓ

4log2 ℓ/2

􏼒 􏼓

=O n
ℓ

ℓ

􏼒 􏼓

=O(n).

Theorem 1 also implies that increasing the parameter k by one re
duces the expected number of iterations per read by a factor of 
four. Theorem 1 further implies that, for a parameter set of 
ℓ = 34, k = 4, and dmax = 5, we obtain on average at most 1.33n iter
ations per read. Using similar arguments, one can show that the 
approach by Press (8) takes 262n iterations per read (see 
Supplementary material S3).

We conclude that the k-mer filtering step can in theory be exe
cuted about 262/1.33 ≈ 197 times faster than the triage rule filter
ing proposed by Press.

Empirical analysis of running time
To test whether the theoretical results from the previous section 
hold in practice, we next performed an empirical analysis of the 
number of inner iterations of Algorithm 1. To this end, we applied 
the approaches for several values of k to our benchmark data set 
and simply counted how often line 12 is executed.

Fig. 3. Precision-recall curves for different values of the maximum 
acceptable distance D to the read. Each integer value of D ∈ [0, 15] yields 
one point, forming a curve of 16 connected points for each approach. The 
k-mer distance approaches used the Sequence-Levenshtein distance 
while the approach by Press used the Levenshtein distance. The curves 
for the 4-mer and 7 + 4-mer distance are almost identical. The same is 
true for the 5-mer and 7 + 5-mer curves. Note that Press’ program does 
not support the Sequence-Levenshtein distance, so the black curve is the 
same as in Fig. 2.

Fig. 2. Precision-recall curves for different values of the maximum 
acceptable distance D to the read. Each integer value of D ∈ [0, 15] yields 
one point, forming a curve of 16 connected points for each approach. All 
approaches use the Levenshtein distance as an exact distance measure. 
The curves for the 4-mer and 7 + 4-mer distance are almost identical. The 
same is true for the 5-mer and 7 + 5-mer curves.
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The following observations from Figs. 4 and 5 are essential: 

• The number of inner iterations decreases by a factor of 4 
when increasing k by one. That is consistent with the theoret
ical analysis of Theoretical analysis of running time section.

• The computation of the 4-mer pseudo-distance requires 
about 1.23n inner iterations and thus about 262/1.23 ≈ 213 
times fewer iterations than that of the approach by Press.

• When increasing k by one, the number of barcodes that share 
at least one k-mer with the read r reduces by a factor of about 
2
3.

• For a given read, the approach by Press has to sort all barcodes 
by pseudo-distance to obtain the final candidate set. More ac
curately, the approach sorts five different candidate sets, 
each containing 100% of the barcodes, to combine them into 
the final pseudo-distance and sort all barcodes again. In con
trast, the Quik approach only once probes a much smaller 
fraction of all barcodes, namely those for which a k-mer of 
the read appears in the precomputed lists.

In summary, our experiment confirms the previous theoretical 
analysis.

Empirical analysis of running time on GPUs
Next, we examined the empirical running time of the complete bar
code calling approach as a function of k in comparison to Press’ 
approach. For this purpose, we implemented the k-mer filtering 
approach as a GPU program in CUDA and compared it to the 
GPU program developed by Press. We applied each program to 
our benchmark data set and measured the running time of the 
calling process (phases 0 to 2, but excluding the time for loading 
barcodes and reads from disk.) All computations have been exe
cuted on a Linux system with an AMD EPYC 7662 64-Core proces
sor, 1 TB of main memory and an NVIDIA A100-SXM4 GPU having 
6912 CUDA cores and 40 GB GPU memory. Figure 6 shows the re
sults of this experiment. 

• We observe that all k-mer approaches are much faster than 
Press’ program. In particular, the 6-mer calling approach 
(which has higher accuracy than Press’ program) is faster by 
a factor of 31.82/0.06 ≈ 530. This implies a theoretical 

throughput of about 24 · 60 · 60 · 1000/0.06 = 1.44 · 109 reads 
per day.

• This large speed-up is induced by our efficient filtering step 
(phase 1) and the different parallelization strategy. Our strat
egy utilizes 100% of the computing resources. Instead, Press’s 
program utilizes at best 33% of our GPU.

• We further observe that the two-stage filtering approaches 
(the two rightmost columns) can slightly reduce the running 
times. The combined 7 + 4-mer distance improves on the 
4-mer distance, and the 7 + 5-mer distance improves on the 
5-mer distance. We also find that the speed-up due to two- 
stage filtering depends on the error probability P. The advan
tage decreases as P increases (Supplementary material S2). 
This observation is due to the fact that the 7-mer distance ap
proach becomes less effective as p increases.

We conclude that the k-mer distance approach is not only more 
accurate but also much faster than that of Press’ program on a ser
ver GPU.

Empirical analysis of running time on CPUs
Finally, we investigate which running times of the k-mer distance 
approach could be accomplished by a classical CPU-parallel im
plementation using OpenMP. We find from Fig. 7 that the running 
times of the CPU implementation are even slightly lower than 
those of the GPU implementation. This finding is surprising and 
indicates that GPUs do not give an advantage to CPUs for the bar
code calling process using the k-mer distance approach. This is 
good news for many applications where GPUs are still rare. The 
relatively poor performance of the GPU seems to be due to the 
fact that calculating pseudo-distances and running through indi
vidual candidate lists are tasks that involve an unstructured and 
therefore GPU-unfriendly memory access pattern. This means 

Fig. 4. Normalized operation count. The ordinate shows the log-scaled 
mean numbers of inner iterations per read and barcode.

Fig. 5. Fraction of barcodes that need to be scanned to find the best 
candidates. Note the log-scaled y-axis.
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that the memory transfer rate of the GPU limits the throughput 
during barcode calling. In contrast, the CPU variant does not 
have these limitations. Due to the various cache levels in modern 
multicore processors, memory accesses are much faster. In add
ition, the CPU cores can work independently of each other due 
to the MIMD principle, whereas thread divergence (i.e. the GPU 
threads wait to execute until their neighboring threads are fin
ished) is likely to occur to a high degree when executing the GPU 
variant.

Conclusions
The capability of performing barcode calling for billions of reads 
and millions of barcodes is essential in the modern life sciences 
in diverse areas including single-cell and spatial transcriptomics, 
lineage tracing, or synthetic biology. This computational problem 
is particularly challenging when the error rate exceeds 10% or 
even 20% per nucleotide as in modern synthesis techniques 
such as photolithographic microarray synthesis. A recent break
through by Press (8) enables barcode calling in such cases for sev
eral million reads and one million barcodes per day per GPU. Here, 
we have developed a method called Quik based on k-mer filtering, 
which allows the user to tune the parameter k for choosing the 
trade-off between a desired level of accuracy and a low running 
time. This method is based on a precomputed auxiliary data struc
ture that allows an efficient filtering of relevant barcodes. In a the
oretical analysis, we have found that Quik’s filtering step requires 
about 197 times fewer inner loop iterations than that of Press on 
average. In a first experimental analysis based on one million 
barcodes and simulated sets of reads with an error rate of 20% 
per nucleotide, we have found that the Quik approach yields an 
accuracy slightly higher than that of Press and that it reduces 
the running time on a GPU by more than two orders of magnitude, 
enabling the analysis of one billion reads per day per GPU. In a se
cond experimental analysis, we have found that the running time 
of a parallel CPU implementation of the Quik approach using 

OpenMP is even slightly faster than that of the corresponding 
GPU implementation. While large-scale analyses of single cell or 
spatial transcriptomics data with millions of barcodes would cur
rently require a high-performance cluster for barcode calling on 
billions of reads with error rates above 10%, the increased 
throughput of the Quik approach now enables these analyses on 
much cheaper hardware widely available in research labs 
worldwide.
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Data Availability
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data files, and auxiliary scripts to reproduce our experiments are 
available on Github https://github.com/uni-halle/quik (21).
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