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In brief

Cellular barcoding methods trace the

lineage relationship of individual cells at

population or single-cell resolution. Holze

et al. describe BARtab, a Nextflow

pipeline, and bartools, an R package, that

comprise an integrated software toolkit

for the analysis and visualization of

cellular barcoding datasets from

population-level, single-cell, and spatial

transcriptomics experiments.
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MOTIVATION Cellular barcoding technologies are a cornerstone of the lineage-tracing field. The recent
application of these methods to single-cell and spatial transcriptomics assays has necessitated the devel-
opment of flexible and scalable software toolkits to analyze lineage-tracing datasets. We developed BAR-
tab and bartools to provide a robust end-to-end solution for cellular barcoding analysis that can be readily
adapted to a range of cellular barcoding approaches and experimental designs.
SUMMARY
Cellular barcoding is a lineage-tracing methodology that couples heritable synthetic barcodes to high-
throughput sequencing, enabling the accurate tracing of cell lineages across a range of biological contexts.
Recent studies have extended these methods by incorporating lineage information into single-cell or spatial
transcriptomics readouts. Leveraging the rich biological information within these datasets requires dedi-
cated computational tools for dataset pre-processing and analysis. Here, we present BARtab, a portable
and scalable Nextflow pipeline, and bartools, an open-source R package, designed to provide an integrated
end-to-end cellular barcoding analysis toolkit. BARtab and bartools contain methods to simplify the extrac-
tion, quality control, analysis, and visualization of lineage barcodes from population-level, single-cell, and
spatial transcriptomics experiments. We showcase the utility of our integrated BARtab and bartools work-
flow via the analysis of exemplar bulk, single-cell, and spatial transcriptomics experiments containing cellular
barcoding information.
INTRODUCTION

Modern lineage-tracing methods enable the accurate tracing

of the progeny of individual cells across time and space. A

subset of lineage-tracing techniques, termed cellular barcod-

ing, achieve this feat by labeling individual cells with a unique

genetic barcode that is heritable across cell divisions and can

be subsequently read out using high-throughput sequencing

technologies.1–3 These techniques enable the investigation

of clonal dynamics at unprecedented scale, helping to map

developmental trajectories and lineage relationships across

multiple organisms and experimental systems.2–5 A funda-

mental principle of cellular barcodes is that they are heritable

through cell division such that each daughter cell inherits

the same barcode as its parent, thereby establishing a

clonal lineage. Typically, this is achieved by engineering a

unique barcode into the genome of each cell. Cellular barcod-
Cell Reports Methods 4, 100763,
This is an open access article under the
ing techniques most commonly employ viral vectors or re-

combinant transposases to introduce a complex library of

synthetic barcode sequences into the genomes of a target

cell population, resulting in the unique labeling of hundreds

to thousands of individual cells.6 For population-level cellular

barcoding studies, the resulting barcodes can be isolated

from genomic DNA by polymerase chain reaction (PCR),

sequenced using a high-throughput sequencing platform,

and enumerated to reveal the frequency of each clone in a

population. With the advent of single-cell sequencing technol-

ogies, recent methods have incorporated the readout of syn-

thetic barcodes into single-cell transcriptomic datasets.7–13

Here, synthetic barcodes are cloned into a reporter gene

cassette such that they are present on mature mRNA tran-

scripts and can be read out using poly(A)-capture-based sin-

gle-cell RNA sequencing (scRNA-seq) protocols. This concept

also extends to sequencing-based spatial transcriptomics
May 20, 2024 ª 2024 The Authors. Published by Elsevier Inc. 1
CC BY license (http://creativecommons.org/licenses/by/4.0/).
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technologies that employ a similar poly(A)-based mRNA

capture strategy to link gene expression with spatial context

in situ.14

While cellular barcoding is a powerful methodology for under-

standing clonal dynamics, the analysis of barcoding datasets

can be complex, causing many to turn to bespoke data analysis

tools. Despite the maturity of the cellular barcoding field, there

remains no accepted gold-standard data analysis pipeline or

workflow suitable for population-level datasets, let alone cellular

barcoding analysis from single-cell or spatial datasets.15 Recent

efforts to standardize the analysis of such data have focused pri-

marily on dataset visualization and lack support for the upstream

pre-processing of raw datasets or for the next wave of lineage-

tracing studies that will utilize expressed synthetic barco-

des.16–18 Indeed, recent single-cell expressed barcoding studies

incorporate their own customized analysis pipelines in a manner

that lacks versatility for studies that utilize a conceptually similar

yet slightly different biological workflow.7,8,10,11,19 Thus, there is

a need for an end-to-end integrated solution for cellular barcod-

ing dataset pre-processing, analysis, and visualization that is

flexible to different barcode designs and is portable and scalable

across computational environments.

To support the standardization of barcode dataset pre-pro-

cessing and quality control (QC), here, we introduce BARtab, a

portable and scalable Nextflow pipeline that allows the genera-

tion of barcode counts tables from population-level barcode

sequencing workflows, as well as barcode extraction, enumera-

tion, and cell annotation from single-cell and spatial transcrip-

tomics datasets. Moreover, to facilitate the downstream analysis

and visualization of cellular barcoding workflows at bulk and

single-cell resolution, we developed bartools, a flexible open-

source R package that incorporates workflows for population-

level cellular barcoding data analysis, as well as methods for sin-

gle-cell expressed barcode analysis and visualization. bartools

provides a convenient interface between cutting-edge methods

for the analysis of cellular barcoding datasets and the robust

analytical framework established within the R ecosystem. We

demonstrate the improved performance and versatility of

BARtab compared to other barcode pre-processing software

and showcase the capabilities of our integrated BARtab and bar-

tools workflow through the analysis and visualization of exemplar

population-level, single-cell-level, and spatial-transcriptomics-

based cellular barcoding datasets, which we make publicly

available. Together, BARtab and bartools comprise an end-to-

end integrated toolkit that will help streamline and standardize

cellular barcoding experiments for the lineage-tracing field at

large.

RESULTS

BARtab and bartools comprise an integrated cellular
barcoding analysis workflow
Population- and single-cell-level cellular barcoding workflows

are usually read out using high-throughput sequencing, resulting

in raw sequence data containing barcode information that must

undergo QC, barcode extraction, and quantification. This task is

usually performed by bespoke software specific to the study in

question. Publicly available tools that exist, such as genBaR-
2 Cell Reports Methods 4, 100763, May 20, 2024
code,16 pycashier,20,21 or xcalibr,22 are limited in their flexibility

for different barcode designs and lengths, support for paired-

end datasets, portability and resource allocation, support for

reference-based barcode quantification, or support for single-

cell and spatial transcriptomics expressed cellular barcoding da-

tasets (Table 1). In contrast, BARtab is an open-source Nextflow

pipeline23 written as a versatile, portable, reproducible, and scal-

able solution for high-throughput barcode dataset pre-process-

ing frompopulation-level, single-cell, and spatial transcriptomics

cellular barcoding experiments. BARtab leverages widely used

bioinformatics tools including fastp, FLASh, cutadapt, samtools,

bowtie, starcode, umi-tools, and FastQC.24–29 In its simplest

form, running on population-level cellular barcoding data,

BARtab performs the following steps: (1) import and QC of raw

sequence data, (2) barcodeQCand filtering, (3) adapter trimming

and extraction of barcodes from raw sequencing reads, (4) bar-

code quantification, and (5) reporting (Figure 1).

Alternative subworkflows are also available for situations

where no reference library of barcodes is available, for paired-

end reads that require merging prior to extraction (e.g., for bar-

code constructs where the length of the barcode is greater

than the length of the sequenced read), or for extraction of bar-

code reads from single-cell and spatial transcriptomics datasets

utilizing expressed barcode technology (Figure 1). For popula-

tion-level datasets, the primary output of BARtab is a table of

raw counts per barcode where rows are individual barcodes

and columns are individual samples. For single-cell datasets,

BARtab outputs a single table per sample containing unique mo-

lecular identifier (UMI) and lineage barcode information per cell

ID. This table can be imported as sample metadata into estab-

lished R- or Python-based scRNA-seq analysis packages such

as SingleCellExperiment from the Bioconductor project, Seurat,

or Scanpy.31–33 For bulk-level data, the counts table output from

BARtab is pre-formatted for, and can be easily read into, bar-

tools, thus connecting dataset pre-processing to downstream

analysis and visualization.

bartools is an open-source R package that accepts tables of

raw counts (with individual barcodes/tags as rows and samples

as columns), such as those generated by BARtab, or other soft-

ware as input. By utilizing the edgeR DGEList framework,34 bar-

code count datasets can be read into bartools as individual

counts table files or as defined in an experimental sample sheet,

which organizes raw count data alongside associated sample

metadata (see Table S1 for an example). QC metrics including

the results of filtering and reference mapping stages from an

associated BARtab pre-processing run can be plotted per sam-

ple in bartools using the plotBARtabFilterQC() and plotBARtab-

MapQC() functions. Following initial dataset filtering and QC,

cellular barcoding datasets can be further processed using

built-in functions that perform sample normalization, down-

stream abundance and diversity analysis, and visualization

of synthetic barcode data (Figure 1). The bartools package

also includes analysis methods that accept single-cell

objects containing cellular barcoding information in Seurat or

SingleCellExperiment format, which can be used to aid in QC

and assess clone-level properties in concert with popular

scRNA-seq analysis workflows (Table 2). Overall, the integrated

combination of BARtab and bartools improves upon other



Table 1. Feature comparison of BARtab and other barcode pre-processing tools

BARtab pycashier21 Rewind/TimeMachine/FateMap13,30 genBaRcode16 xcalibr22

Link https://github.com/DaneVass/

BARtab

https://github.com/brocklab/

pycashier

https://github.com/

arjunrajlaboratory/

TimeMachine

https://cran.r-project.org/web/

packages/genBaRcode/

index.html

https://github.com/

NKI-GCF/

xcalibr

Implementation Nextflow (Groovy) Python Python R Perl

Input type Fastq, BAM Fastq Fastq Fastq Fastq

Dataset support population, single cell, spatial population, single cell population, single cell population population

Flexibility for

barcode design

yes yes no (hard-coded adapter) yes yes

Barcode length

flexibility

yes yes (limited)a yes (limited)b yes no

Supports paired-end

datasets

yes yes no no no

Filtering method minimum Phred score in

percentage of read

minimum Phred score in

percentage of read

<5 positions upstream

of barcode

below Phred score

average Phred score N/A

Portability Singularity, Docker, Conda Conda, Docker N/A CRAN N/A

Process-specific

resource

allocation

automated (via Nextflow) manual manual manual manual

Resource allocation automated (via Nextflow) manual manual manual manual

Reference-based

quantification

yes no no no no

Reference-free

clustering

yes yes yes yes yes

Sample parallelization yes (via Nextflow) no no no no

QC report read quality, adapter trimming,

and alignment

read quality N/A N/A N/A

N/A, not applicable.
aBarcode length flexibility is limited to defined barcode length ± allowed Levenshtein distance for barcode clustering.
bBarcode length flexibility is limited by the detection of barcode flanking regions in specific regions of the read.
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Figure 1. The BARtab and bartools workflow for high-throughput cellular barcoding analysis

BARtab is a Nextflow pipeline to process high-throughput sequencing datasets containing cellular barcode information. BARtab contains twomain subworkflows

that permit the analysis of (1) population-level cellular barcoding data (‘‘bulk workflow’’) and (2) single-cell datasets (‘‘single-cell workflow’’). For the bulk workflow,

BARtab takes single or paired-end datasets in fastq format as input and performs readmerging (paired-end only), quality filtering, and adapter trimming. Filtering

and error correction of barcodes can occur using a reference-based (recommended) strategy, which aligns putative barcode sequences to a user-supplied

reference of known lineage barcodes, or by a reference-free workflow, which clusters and merges barcode sequences within a defined Levenshtein distance.

Barcodes are then quantified per sample by read counts. For the single-cell workflow, raw paired-end datasets in fastq format (e.g., from targeted amplification of

cellular barcodes within a single-cell library) or reads in BAM format after alignment to a reference genome (output as part of the pre-processing of scRNA-seq

data) are taken as input. Barcode-containing reads are selected, quality filtered, and finally quantified by UMI counts using either a reference-based or reference-

free approach. Outputs of all workflows include tables of processed counts with individual barcodes as rows and samples as columns, as well as a MultiQC run

report including read filtering and alignment metrics. Tables of counts from BARtab, alongside associated sample metadata, can be imported into bartools for

further downstream analysis and visualization. For single-cell datasets, barcode import interfaces directly with popular R-based single-cell frameworks including

Seurat and SingleCellExperiment, resulting in cell-level annotation with lineage barcode metadata, which can be leveraged for analysis and visualization in

bartools and other single-cell analysis packages.
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available dataset pre-processing and analysis/visualization soft-

ware by providing an end-to-end analysis solution that improves

upon previous offerings and permits analysis of single-cell and

spatially expressed cellular barcoding datasets.

BARtab improves upon previous cellular barcode
dataset pre-processing software
Cellular barcoding datasets are prone to technical artifacts

that skew the representation and perceived abundance of

barcoded clones of interest. Barcode amplification by PCR,

high-throughput sequencing, read filtering, and downstream

analysis stages all present potential sources of technical

error in a cellular barcoding workflow.35,36 In BARtab, we

encourage a reference-based approach for the quantification

of cellular barcoding datasets by mapping putative barcode

containing reads to a known reference set of accepted

barcodes.1,2,9 This reference set of barcodes can be obtained

via deep sequencing of the library plasmid pool, enabling

comprehensive identification of true barcodes present

within a particular library without overt reliance on sequence
4 Cell Reports Methods 4, 100763, May 20, 2024
error correction processes. In contrast, similar approaches

including genBaRcode,16 pycashier,20,21 or xcalibr (https://

github.com/NKI-GCF/xcalibr) take a distance threshold

approach to combine similar barcodes together that can

arise through errors during PCR or sequencing.16,17 Although

these approaches sidestep the requirement of a deeply

sequenced reference, further QC and filtering procedures are

recommended to eliminate spurious results. Alongside the

reference-based workflow, BARtab can also perform refer-

ence-free identification and quantification of barcodes from

single-cell and bulk datasets by employing a Levenshtein-dis-

tance-based clustering approach implemented in Starcode.24

In summary, BARtab allows for reference-based as well as

reference-free extraction of barcodes from both bulk and sin-

gle-cell datasets, is flexible toward barcode design and

sequencing quality, provides a detailed quality report, and is

portable and parallelized to facilitate large-scale data

processing.

To demonstrate the versatility of BARtab, we compared its

performance to pycashier and Rewind/TimeMachine, two

https://github.com/NKI-GCF/xcalibr
https://github.com/NKI-GCF/xcalibr


Table 2. Feature comparison of bartools and other barcode analysis toolkits

bartools genBaRcode16 barcodetrackR17 CellDestiny18

Data structure DGEList (edgeR) custom R object SummarisedExperiment Rshiny

Normalization modes percentage of

abundance, CPM, TMM

N/A percentage of abundance, CPM percentage

of abundance

QC and aggregation of replicates yes no no yes

Clone size analysis yes no yes yes

Support for single-cell experiments yes no no yes

Rshiny app no yes yes yes

TMM, trimmed mean of M values.
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recently published toolkits for cellular barcode extraction.13,21,30

Using each tool, we re-analyzed an exemplar population-level

cellular barcoding dataset consisting of 22 individual samples

from a recent Rewind/TimeMachine study byGoyal et al.30 Since

the pycashier and Rewind/TimeMachine approaches do not

support reference-based barcode quantification (Table 1), we

ran BARtab using the reference-free clustering approach. We

used default parameters for the Rewind/TimeMachine tool

as per the original publication and parameters for pycashier

and BARtab that matched those analysis conditions as closely

as possible to allow comparable barcode quantification

performance.

We observed a total of 144,745 barcodes (97.3%) with at least

0.001% frequency within a sample detected by all three tools

across the 22 samples. The overlap of barcode identification be-

tween BARtab and TimeMachine was slightly improved

compared to pycashier and TimeMachine (1,810 barcodes

[1.2%] were only detected by TimeMachine and BARtab, 92

barcodes [0.1%] were only detected by TimeMachine and py-

cashier [Figure S1A]). 1,807/1,810 (99.8%) of barcodes detected

by BARtab and TimeMachine alone were outside the allowed

barcode length range of pycashier when run using comparable

settings, suggesting that the improved overlap of barcodes de-

tected by BARtab with those detected by TimeMachine is due

to greater flexibility in accepted barcode lengths compared to

pycashier (see STAR Methods). We also examined barcode

quantification concordance of BARtab to the published dataset.

Here, we observed striking concordance in barcode representa-

tion and abundance with Pearson and Spearman correlation

values between the two tools greater than 0.96 for all samples

(Figures S1B and S1C). Finally, we compared the runtimes of

BARtab, pycashier, and Rewind/TimeMachine across the

22 sample dataset on a computing cluster with 32 GB memory

and 20 CPUs allocated to each workflow. All tools consumed

less memory than was allocated: BARtab (6.83 GB),

TimeMachine (3.52 GB), and pycashier (1.81 GB). BARtab and

pycashier performed comparably with respect to runtime, pro-

cessing all datasets in 35 and 36 min, respectively, while

Rewind/TimeMachine took 4 h 59 min. The difference in runtime

can be attributed to the lack of parallelization and resource allo-

cation support in TimeMachine causing all samples to be run

serially. Together, these analyses highlight the versatility of BAR-

tab for different cellular barcoding methodologies and its

improved sensitivity and processing speed compared to

currently available software.
bartools supports the QC of population-level cellular
barcoding datasets
Next, to further demonstrate the capabilities of BARtab and bar-

tools, we generated an exemplar population-level cellular bar-

coding dataset using the single-cell profiling and lineage tracing

(SPLINTR) lineage-tracing system.9,37 Here, acute myeloid leu-

kemia (AML) cells were cultured in the presence of gradually

escalating doses or an upfront high dose of cytarabine (AraC),

a conventional chemotherapy used routinely in the clinic, or

IBET-151 (IBET), a targeted epigenetic therapy against the BET

(bromodomain and extra-terminal domain-containing) family of

transcriptional co-activators that has shown pre-clinical efficacy

against several AML subtypes37 (Figure 2A). This ‘‘dose-escala-

tion’’ dataset comprises population-level barcode-seq data per

dose and time point.

Following the pre-processing of raw reads into barcode

counts and their import into bartools, samples can be filtered ac-

cording to absolute and relative (proportion-based) thresholds.

Total read depth and number of detected barcodes can then

be assessed per sample. To demonstrate this, we applied both

sample-level and barcode-level filters to the dose-escalation da-

taset. First, we filtered samples using a 5th percentile outlier

threshold calculated from the total read counts across samples.

This eliminated six low-quality samples that were unlikely to yield

reliable data (Figure S2A). Next, using the thresholdCounts()

function, we assessed different relative and absolute read count

thresholds on a per-barcode basis and chose to apply a low-

stringency filter, removing barcodes from the dataset with less

than 10 reads across at least four samples. This eliminated 110

low-abundance barcodes from the dataset that are likely the

result of sequencing errors or other technical noise. This filtering

resulted in a dataset of 1,680 high-confidence barcodes across

41 samples. In line with our earlier findings in this model system,

we observed a gradual decrease in total barcode numbers

across the vehicle treatment time course, suggesting that

gradual clonal drift results in the outgrowth of more proliferative

clones over time under steady-state conditions. In contrast, total

barcode numbers declined more rapidly across the IBET-151

and AraC treatment time courses, indicating clonal restriction

due primarily to the selective pressure of therapy (Figure S2B).37

If the experimental design incorporates technical replicates,

which we also encourage, further QC can be performed using

calcReplicateCorr() to assess replicate correlation and removing

samples with correlation scores below a reasonable threshold

(Figure 2B). Poor technical replicate correlation scores can
Cell Reports Methods 4, 100763, May 20, 2024 5



Figure 2. Cellular barcoding QC analysis of the dose response dataset

(A) Schematic of dose-escalation dataset experimental design. Drug-naive MLL-AF9 cells were transduced with a SPLINTR barcode-encoding lentiviral library in

liquid culture, flow sorted for barcode expression, and expanded for 1 week in liquid culture. Following expansion, barcoded clones were split evenly into media

containing either 400 nM IBET-151, 300 nM cytarabine (AraC), or 0.1% (v/v) DMSO (vehicle control) such that each treatment arm received an identical barcode

repertoire. Cells were re-platedweekly in escalating concentrations of IBET-151, AraC, or vehicle. Alongside the dose escalation, the same pool of barcoded cells

were seeded into an IC90 dose of IBET-151 (800 nM) or AraC (700 nM). Barcode sequencing was performed on samples obtained at the time points indicated. The

experiment was performed in biological duplicate. For the AraC high-dose group, only time points 1 and 2 were sequenced due to low cell viability at later time

points.

(B) Replicate and global-level sample correlation analyses. Left: representative scatterplot of barcodes in technical replicates for the TP0 sample. Right: pairwise

Pearson correlation heatmap of all biological replicate samples (treatment group indicated) in the dose-escalation dataset.

(C) Total number of barcodes present at the 95th percentile in each sample following sample QC and merging of technical replicates. TR, technical replicate; TP,

time point; TP0, time point 0/baseline sample.
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indicate sampling bias during sample preparation or sequencing

coverage issues that may complicate dataset interpretation.

Furthermore, when examined on a global level, correlation

scores between samples and replicates can reveal high-level in-

sights into clonal structure. For example, in the dose-escalation

dataset, pairwise correlation analysis performed using plotBar-

codeCorrelation() showed that AraC high-dose (IC90) and

gradual dose-escalation treatment samples clustered indepen-

dently, indicating the selection of distinct groups of clones by

the two treatment strategies (Figure S2C).

Following sample QC and filtering, technical replicates dis-

playing greater than 90% correlation at the sample level were

averaged using collapseReplicates(), and the number of barco-

des comprising the 95th percentile in each remaining sample

was calculated using the calcPercentileBarcodes() and plotDe-

tectedBarcodes() functions (Figure 2C). Finally, dataset normal-

ization was performed using a counts per million transformation

via normaliseCounts(). Trimmed mean of M-values-38 and per-

centage-abundance-basedmetrics are also available as normal-
6 Cell Reports Methods 4, 100763, May 20, 2024
ization options within bartools. When applied correctly, these

QC and normalization approaches result in a clean cellular bar-

coding dataset that is ready for downstream analysis and

visualization.

bartools enables visualization and comparison of global
and individual clone abundance
Following dataset normalization, global visualization of cellular

barcoding data is useful to understand the overall clonal compo-

sition of within and between samples. bartools contains several

visualization options to assess global clonal repertoires. For

example, bubble plots (via plotBarcodeBubble() and plotOrder-

edBubble(); Figure 3A) give an overview of relative sample

composition while informing on the proportional abundance of

clones and the identities of overrepresented clones within sam-

ples. Heatmaps (via plotBarcodeHeatmap()), similar to those im-

plemented in the barcodetrackR package,17 allow similar global

overview and stratification of samples based on multiple meta-

data fields but are simpler to interpret on a subset of the total



Figure 3. Analysis of global clonal reper-

toires, sample correlation, and diversity in

the dose-escalation dataset

(A) Bubble plot of a subset of samples from repli-

cate 1 of the dose-escalation dataset ordered in

descending rank order according to percentage of

abundance in the baseline (TP0) sample. Lefthand

side y axis indicates percentage of abundance of

each clone in the reference sample (TP0). Right-

hand y axis highlights clones present at a per-

centage of abundance above 5% in at least one

sample.

(B) Heatmap of a subset of replicate 1 samples from

the dose-escalation dataset showing counts per

million (CPM) values for the top 10 most abundant

barcodes (rows) in each sample (columns). Starred

cells indicate barcodes that are among the top 10

most abundant within that sample.

(C) Principal-component analysis (PCA) of the dose-

escalation dataset. Vehicle and drug (IBET-151 or

AraC) treatment conditions are clearly separated

across PC1.

(D) Histogram of Shannon diversity for baseline TP0

and vehicle- (DMSO) and drug-treated (IBET-151 or

AraC) samples at each time point within biological

replicate 1 from the dose-escalation dataset. TR,

technical replicate; TP, time point; TP0, time point

0/baseline sample.
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dataset (Figure 3B). Time course studies such as the dose-esca-

lation dataset can additionally benefit from timeseries plots,

which can reveal the temporal nature of clonal fitness (plotBarco-

deTimeseries(); Figure S3A). Further to analyses of clone abun-

dance, it is also of interest to calculate correlation or relatedness

scores between samples in a barcoding dataset. bartools lever-

ages gold-standard linear methods to determine sample similar-

ity including principal-component analysis (PCA), sample-sam-

ple distance, and correlation methods (Figures 3C and S3B).

Moreover, bartools incorporates functions from the R packages

vegan and ineq39,40 to calculate various population diversity

metrics including the Shannon, Simpson, Inverse Simpson,

and Gini indices (Figure 3D).

To gain further insight into the clonal dynamics of drug resis-

tance in the dose-escalation dataset, we performed global ana-

lyses of the quality controlled and normalized dose-escalation

dataset using bartools. These analyses revealed clear outgrowth

of distinct groups of clones in the vehicle- and either drug-

treated conditions (Figures 3A and 3B). By PCA, treatments

were clearly separated along PC1, with the dose-escalation

time course separated along PC2 (Figure 3C). These differences

were also observed in correlation and diversity analyses across

samples, with later time points in the drug and vehicle conditions

both less diverse and less well correlated with the baseline and
Cell Rep
early dose-escalation samples (Figure 3D).

We next considered the reproducibility in

clonal profiles between biological repli-

cates. Using the plotBarcodeHistogram()

function to provide a qualitative overview

of the dataset, we found that replicate

samples displayed similar overall clonal
composition across all treatments and time points (Figure S3C).

We next calculated Pearson correlation values for pairs of treat-

ment samples across both biological replicates for each time

point. This revealed a strong correlation for both DMSO and

IBET-151 treatments (all > 0.95) with a slight reduction for

AraC-treated samples, which could reflect the intensive cyto-

toxic effects of this therapy (Figure S3D). These analyses reveal

that IBET-151 or AraC therapy reproducibly selects for distinct

groups of clones, demonstrating the utility of bartools to extract

biological insight from cellular barcoding datasets.

Following global-level analyses of clonal composition within

samples, it is of interest to interrogate the relative fitness of indi-

vidual barcodes across samples or treatment groups. Such

clone-level visualizations are also supported in bartools and

can be useful to specifically compare clones of interest relative

to others across samples or conditions. Using the plotBarcode-

Boxplot() function, normalized abundance of individual clones

can be displayed across sample metadata conditions. For the

dose-escalation dataset, these analyses revealed striking differ-

ences in clonal fitness across the vehicle and treatment condi-

tions, with two classes of clones emerging: those that display

increased fitness in vehicle conditions (Figure S4A) and

those that display increased fitness in either drug treatment

(Figures S4B and S4C). Overall, the combination of bulk- and
orts Methods 4, 100763, May 20, 2024 7
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clone-level analyses afforded in bartools will enable researchers

to thoroughly interrogate clonal dynamics in diverse systems

and under various perturbation conditions.

BARtab and bartools facilitate single-cell expressed
cellular barcoding analysis
Recently developed expressed cellular barcoding tools, such as

SPLINTR,9 Rewind/FateMap,13,30 Clonmapper,21 TREX,14

Watermelon,10 LARRY,8 and CellTag,7,41 utilize the 30 capture
of polyadenylated messenger RNAs in scRNA-seq libraries to

capture transcripts encoding the cellular lineage barcode of

each cell. Incorporation of these transcripts links cellular barco-

des to a cell ID and UMI, thus labeling single-cell transcriptomes

with their corresponding clonal identity. We developed BARtab

to be compatible with these expressed cellular barcoding work-

flows. The single-cell subworkflow of BARtab accepts two types

of inputs: (1) sequence data in binary alignment map (BAM)

format arising from single-cell data pre-processed using the

widely utilized Cell Ranger pipeline from 103 Genomics42 or

the open-source STARsolo43 or (2) paired-end data in fastq

format following targeted amplification of barcode-containing

reads from single-cell library cDNA (Figure 1).

Running in single-cell mode, BARtab first extracts reads con-

taining lineage barcode information according to user-defined

parameters for barcode identification. For BAM file inputs, the

cell ID and UMI are contained within the read tag information, al-

lowing lineage barcode, cell ID, and UMI information to be ex-

tracted simultaneously. For paired-end fastq inputs arising

from targeted amplicon sequencing of the single-cell library,

cell ID and UMI information are extracted separately to the line-

age barcode information andmerged. Following read extraction,

barcode-containing reads are either mapped to a reference li-

brary of barcodes to annotate the clonal identity of a cell or pro-

cessed using a reference-free approach like that employed in the

population-level workflow (Figure 1). The pipeline outputs a cell

metadata table containing cell ID, barcode, and number of

UMIs supporting the barcode annotation, which can be imported

into widely used R- and Python-based single-cell analysis pack-

ages including Seurat, SingleCellExperiment and Scanpy.

To evaluate the single-cell workflow of BARtab, we re-

analyzed data fromGoyal et al.’s experiment FM0-237 (hereafter,

the FateMap dataset). Here, BRAF-mutant melanoma WM989

cells labeled with Rewind/FateMap expressed lineage barcodes

were treated with vemurafenib, trametinib, a vemurafenib and

trametinib combination, and an appropriate vehicle control.

The published single-cell amplicon sequencing data and the

list of filtered cell barcodes identified from scRNA-seq data

were used as input to BARtab to annotate cells with lineage

barcodes. BARtab parameters were chosen to reflect the re-

ported FateMap dataset analysis parameters as closely as

possible (see STAR Methods). Overall, BARtab could annotate

lineage barcodes in almost the same total number of cells as

originally reported, with an overlap of 99.6% across the four con-

ditions (BARtab only: 12 cells; FateMap only: 145 cells; anno-

tated by both tools: 39,884 cells). Moreover, the Pearson corre-

lation of clone sizes in BARtab vs. FateMap ranged from 0.965 to

0.998, reinforcing the accuracy of BARtab lineage barcode

annotation (Figure S5A).
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BARtab applies two additional denoising steps in the single-

cell workflow not found in Rewind/FateMap to eliminate PCR

chimeras and UMI sequencing errors, both of which can lead

to erroneous lineage barcode annotations in cells (see STAR

Methods). Given that most cells in the FateMap dataset should

contain a single lineage barcode following transduction of line-

age barcodes at lowmultiplicity of infection,30 we next evaluated

the ability of BARtab to remove spurious barcode annotations in

cells by calculating the number of cells annotated with just one

barcode across a range of UMI count thresholds. While Goyal

et al. applied a 15 UMI count threshold to reduce background

lineage barcode annotations and maximize the number of cells

containing a single lineage barcode,30 we find that BARtab can

annotate an equivalent number of cells at a UMI threshold of 5,

demonstrating the impact of PCR chimera and UMI error correc-

tion steps in BARtab on lineage barcode annotation efficiency

(Figure S5B).

To further demonstrate the single-cell annotation and analysis

capabilities of BARtab and bartools, we applied the BARtab sin-

gle-cell workflow to a 103Genomics 30 scRNA-seq dataset con-

sisting of 14,086 SPLINTR-barcoded murine AML cells cultured

in vitro (hereafter, the single-cell dataset).9 Following cell QC

filtering and doublet identification and removal, most cells

(90%) annotated by BARtab contained a single lineage barcode

consistent with our previous results9 (Figure 4A). Of the cells that

contained two or more barcodes, the majority (55.5%, 337 cells)

belonged to clones represented by more than one cell, which is

indicative of two independent viral barcode transduction events

into the same progenitor cell. Examining the raw dataset, we

observed a positive relationship between total UMI counts or to-

tal detected features per cell and lineage barcode detection sta-

tus suggesting that annotation of lineage barcodes could also

assist with QC of single-cell datasets (Figure 4B). We reasoned

that lineage barcode annotations could also be useful to diag-

nose biases related to barcode delivery or recovery in subpopu-

lations of cells within a sample. We examined the percentage

lineage barcode detection relative to the median UMIs detected

per cluster. This analysis revealed no overt bias in the detection

of barcode annotated cells across Louvain clusters by uniform

manifold approximation and projection (UMAP) visualization

(Figure 4C). However, we did note that clusters with higher me-

dian transcript abundance in the single-cell dataset showed an

increased percentage of lineage barcode annotated cells, sup-

porting the positive relationship between total UMI counts and

lineage barcode detection (Figure 4D).

The inclusion of lineage barcode information in a single-cell

dataset can reveal distinct properties of individual clones, which

can be related to phenotypic data. bartools contains several

functions to assess such clone-level properties by leveraging

widely used single-cell data structures within the R ecosystem

(e.g., Seurat or SingleCellExperiment class objects). A simple

yet powerful visualization is the number of cells detected per bar-

code, which we show for the single-cell dataset using the plot-

CellsPerGroup() function. For the single-cell dataset, this anal-

ysis revealed 16 clones represented by at least 100 cells,

some of which were characterized by multiple barcode integra-

tion events (Figure 4E). In addition, using the plotMetrics() func-

tion, we could identify differences between clones for relevant



Figure 4. Expressed cellular barcode pre-processing and analysis with BARtab and bartools

(A) Histogram showing detected barcodes per cell in the single-cell dataset. Inset: pie chart showing the percentage of cells containing two ormore barcodes that

belong to clones represented by either a single cell (n = 1) or more than one cell (n > 1). n = number of cells.

(B) Number of UMIs detected per cell and number of genes detected per cell are shown for cells with a barcode detected (red) or not detected (gray).

(C) UMAP visualizations of the single-cell dataset following QC, filtering, and normalization showing Louvain clusters (left) and expressed barcode detection

status (right).

(D) Left: percentage of cells with a lineage barcode detected per 100 cells for each Louvain cluster. Right: median UMIs per cell for each Louvain cluster.

(E) Dot plot showing the number of cells per lineage barcode. Clones comprising more than one lineage barcode are indicated.

(F) Violin plots of number of UMI counts per clone (nCount_RNA) and number of genes detected per clone (nFeature_RNA) for the 16 clones represented by 100 or

more cells in the single-cell dataset.

(G) Histogram showing the percentage of cells comprising an exemplar clone, BC_1614, within each Louvain cluster.

(H) Hypergeometric test results for enrichment of an exemplar clone, BC_1614, across Louvain clusters. Vertical line indicates �log10 p value = 2.

(I) UMAP visualization of the single-cell dataset with cells from selected clones highlighted.
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metrics such as the number of individual transcripts (UMIs) or

features detected for each cell (Figure 4F). These analyses can

help inform on functional or phenotypic differences between in-

dividual lineages.

The degree of transcriptional homo- or heterogeneity within

clonal lineages is also of interest to many studies. bartools incor-

porates percentage-based (Figure 4G) and hypergeometric

testing approaches at the cluster level via the plotCellsInClus-

ters() and plotClusterEnrichment() functions to determine if

certain lineages are enrichedwithin different regions of transcrip-
tional space. This analysis revealed distinct transcriptional pat-

terns between the top 10 most represented clones, with some

clones, such as BC_1614, localizing primarily to a single Louvain

cluster (Figures 4H and 4I), suggesting transcriptional conserva-

tion in these clones despite an extended period of expansion in

culture. Importantly, the plotClusterEnrichment() function is

agnostic to the metadata variable and can be applied to any

grouping of cells desired by the user. To demonstrate this, we

analyzed the enrichment of cells in different phases of the cell cy-

cle per cluster. Cell cycle phase was annotated for the single-cell
Cell Reports Methods 4, 100763, May 20, 2024 9



Figure 5. BARtab enables clonally resolved spatial transcriptomics

(A) Spatial section map showing Leiden clustering of the spatial dataset at resolution = 0.7.

(B) Expression pattern of marker genes corresponding to known spleen morphological regions including red pulp (Hba-a1), white pulp (Cd74), marginal zone

(Marco), and a myeloid marker (Elane).

(C) Dot plot showing average expression of marker genes per Leiden cluster.

(D) Spatial section map showing spatial coordinates annotated to the top 10 most abundant lineage barcodes annotated by BARtab.

(E) Spatial section map highlighting spatial coordinates occupied by four of the top 10 most abundant lineage barcodes.

(F) Stacked bar plot showing the proportion of cloneswithin the spatial dataset andmatched population- and single-cell-level datasets. Most abundant clones are

labeled.
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dataset using Seurat v.4, and the enrichment of cells in G1, G2M,

and S phase was analyzed using plotClusterEnrichment() in bar-

tools. This analysis revealed that the Louvain clusters overrepre-

sented for actively growing/dividing cells (G2M/S phase) were

also overrepresented for the most abundant clones (Figure S6).

Overall, these QC and analysis capabilities afforded by bartools

can provide valuable insight into the nature of functional differ-

ences between different clonal lineages in a scRNA-seq dataset

as directed by genetic and/or non-genetic factors particular to

biological system in question.

Extending the cellular barcoding toolbox to spatial
transcriptomics datasets
Recent advances in spatial genomics technologies have enabled

the identification and sequencing of the endogenous spatial

arrangement of individual cells in situ. 103 Genomics Visium

V1 and BGI Stereo-seq44 are two recently developed spatial

transcriptomics technologies that utilize an oligo-dT-based tran-

script capture strategy like most major scRNA-seq workflows45

and so are also compatible with 30 expressed cellular barcoding

methods to enable clonally resolved spatial transcriptomics.

Briefly, both BGI Stereo-seq and 103 Genomics Visium V1 use

a grid of coordinate-barcode-labeled oligonucleotides printed

onto a slide in place of individual cell barcodes linked to gel emul-

sion beads. Like the capture of lineage-barcoded transcripts,
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this assay setup allows barcode-containing reads to be captured

by spatial-coordinate-labeled oligonucleotides and sequenced

using high-throughput methods, thus linking spatial information

with clonal identity.

As a proof of concept of this approach, we applied the BGI

Stereo-seq strategy to a mouse spleen sample containing

SPLINTR-barcoded AML cells (hereafter, the spatial dataset).9

The resulting BGI Stereo-seq data revealed expected splenic

morphology (Figure 5A) with major Leiden cluster markers

revealing the white pulp (Cd74), red pulp (Hba-a1), and marginal

zone (Marco) regions (Figures 5B and 5C). To annotate spatial lo-

cations of the mouse spleen with lineage barcode information,

we applied the BARtab single-cell workflow to the spatial data-

set, specifying the ‘‘SAW’’ (Stereo-seq analysis workflow) aligner

using the –pipeline parameter. The SAW is a pre-processing

pipeline developed by BGI for processing Stereo-seq datasets

that links coordinate ID and UMI information to individual tran-

scripts.46 Paired spatial coordinate-lineage barcode information

was then imported into Scanpy for further analysis. Visualization

of the top 10 most abundant clones (by total number of detected

spatial coordinates) in the dataset revealed a restricted pattern

of leukemic clonal outgrowth (Figure 5D), with each clone occu-

pying a distinct spatial territory within the spleen section (Fig-

ure 5E). These different territories occupied by individual clones

could simply reflect sites of initial engraftment and expansion or
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different tissue microenvironments that preferentially support

the outgrowth of certain clones. From a technical standpoint, it

is important to note that when the distribution of cloneswithin tis-

sues is not uniform, clone representation within individual sec-

tionsmay not reflect the overall clonal representation within a tis-

sue due to positional sampling biases. To assess this, we next

compared the frequency of lineage barcodes identified in the

spatial dataset to matched population-level and single-cell-level

datasets previously generated from the samemouse spleen.9 Of

the top 10 most abundant clones in the spatial dataset, all were

present in thematched population-level data, and 9/10were pre-

sent in the single-cell-level data. However, several clones

differed in abundance (e.g., BC_25 and BC_19949), potentially

due to the limited sampling of the tissue in the spatial dataset

(Figure 5F). The fact that the most abundant AML clones present

within matched datasets were also observed in our spatial data-

set (which samples only a cross-section of the tissue) supports

the utility of deriving lineage barcode annotations in spatial tran-

scriptomics datasets using the BARtab pipeline.
DISCUSSION

Cellular barcoding approaches are widely used in biological

research and will increase in utility as techniques that combine

clonal lineage with other cellular modalities such as chromatin

accessibility, cell surface protein expression, and spatial tran-

scriptomics/epigenomics (e.g., histone modifications and DNA

methylation) become more widely available.47 These advanced

techniques will require the application of robust data analysis

tools that can be easily adapted to suit a range of experimental

approaches and barcoding systems and can integrate well

with current gold-standard analytical frameworks. The com-

bined workflow provided by BARtab and bartools solves these

data analysis challenges for the field by integrating the pre-pro-

cessing, QC and visualization of cellular barcoding datasets into

a readily accessible and flexible workflow that can accommo-

date many published barcode designs and experimental ap-

proaches. The BARtab/bartools framework can also be applied

to perform pre-processing and QC of other conceptually similar

experimental approaches such as bulk and single-cell CRISPR

screens, whereby cells are effectively labeled with barcodes in

the form of single guide RNAs.

Recent developments in the lineage-tracing field involve the

labeling of cell lineages using CRISPR-based evolving barcodes

and subsequent reconstruction of cellular lineages at the

endpoint of the experiment.48–53. These retrospective lineage-

tracing techniques are powerful in their ability to produce highly

detailed phylogenetic trees, yet the significant technical and

computational complexity involved with these methods has

necessitated the development of dedicated software to perform

lineage reconstruction such as Cassiopeia and LinRace.54,55

While BARtab and bartools were not designed to officially sup-

port these evolving barcode approaches, future developments

will further enhance the BARtab and bartools framework to sup-

port additional lineage-tracing strategies that utilize static

cellular barcodes and recent sequencing-based spatial ‘omics

technologies14 to better realize the potential of combining line-
age information with the rapidly expanding fields of single-cell

and spatial genomics.

Limitations of the study
There are a wide range of reported methods for cellular barcod-

ing. Many of these utilize static barcodes, in which a barcode re-

mains unaltered from the point that it is introduced into a cell.

Conversely, multiple evolving barcode methods are now avail-

able in which individual barcodes within cells can be altered

over time through CRISPR-Cas9 or Cre recombinase activity,

enabling the retrospective reconstruction of higher-resolution

lineage trees. BARtab and bartools are written primarily to

handle data originating from static cellular barcoding methodol-

ogies and currently do not officially support evolving barcode

methods, although several functions already available within

BARtab and bartools will likely have utility for data arising from

these experimental approaches. BARtabwas designed as a flex-

ible pipeline allowing extraction and filtering of barcodes from

different barcoding systems and kinds of high-throughput

sequencing data. However, benchmarking BARtab against

similar tools was difficult due to the lack of a gold-standard data-

set with known barcode abundance and differing parameter flex-

ibility between tools. We benchmarked BARtab by reproducing

published results, showing improved runtime and sensitivity.

Benchmarking on simulated data could give further insight into

accuracy and optimal parameter selection.
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SPLINTR mCHERRY version 0

lentiviral barcode library

Fennell & Vassiliadis et al. 20229 N/A

SPLINTR BFP version 1 lentiviral barcode library Fennell & Vassiliadis et al. 20229 Addgene #179776

Software and algorithms

Code repository for the study This study https://zenodo.org/doi/10.5281/

zenodo.10896642

(Continued on next page)
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REAGENT or RESOURCE SOURCE IDENTIFIER

Code for BARtab benchmarking studies This study https://zenodo.org/doi/10.5281/

zenodo.10199565

BARtab pipeline v1.4 This study https://zenodo.org/doi/10.5281/

zenodo.10896646

Bartools package v1.0.0 This study https://zenodo.org/doi/10.5281/

zenodo.10896648

Nextflow v23.04.1 Sequera Labs https://www.nextflow.io/

R v4.2 The R Foundation https://www.r-project.org/

Cell Ranger v.3.1.0 10x Genomics https://www.10xgenomics.com/support/

software/cell-ranger/latest

Goyal et al. 2023 Nature code repository Goyal et al. 2023 Nature30 https://zenodo.org/records/8000328

Rewind/FateMap codebase

(commit # 9b8c24f)

Goyal et al. 2023 Nature30 https://github.com/arjunrajlaboratory/

timemachine

pycashier v23.1.2 Gutierrez, C. et al. 2021. Nature Cancer21 https://pypi.org/project/pycashier/23.1.2/

ImageStudio v2.0.1 BGI https://en.stomics.tech/products/

stomics-software/stomics-offline-

software/list.html

StereoMap v2.1.0 BGI https://en.stomics.tech/products/

stomics-software/stomics-offline-

software/list.html

Stereopy v0.11.0 BGI https://github.com/STOmics/Stereopy

SAW v6.1.0 BGI https://github.com/STOmics/SAW

Scanpy v1.9.3 Wolf, F. A. et al. Genome Biol 201833 https://github.com/scverse/scanpy

Seurat v4 Stuart, T. et al. Cell 201956 https://cran.r-project.org/web/packages/

Seurat/index.html

Other

RPMI-1640 Gibco 21875034

Fetal bovine serum Gibco 26140079

Penicillin-Streptomycin (10,000 U/mL) Thermo Fisher Scientific 15140122

GlutaMAX Thermo Fisher Scientific 35050061
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RESOURCE AVAILABILITY

Lead contact
Requests for protocols and reagents can be directed to Dane Vassiliadis (dane.vassiliadis@petermac.org).

Materials availability
The SPLINTR V1 lineage barcode libraries used in this study are available from Addgene (Pooled Library #179774, #179775,

#179776).

All other materials used in this study are commercially available.

Data and code availability
d The dose escalation, single-cell and spatial datasets have been deposited at the NCBI Gene Expression Omnibus (accession

#GSE246611). We have uploaded the processed stereo-seq spatial dataset at different bin sizes to Zenodo to facilitate further

methods development for clonally resolved spatial transcriptomics data (https://zenodo.org/records/10685805). Code to

reproduce the analyses in this manuscript can be found at GitHub (https://github.com/DaneVass/bartools_manuscript_

code). The BARtab documentation (https://github.com/DaneVass/BARtab/blob/main/README.md) contains information on

pipeline installation and execution. The bartools documentation (https://danevass.github.io/bartools/) contains further worked

examples of cellular barcoding analysis from other previously published datasets, and describesworkflows for reference library

construction, single cell RNA-seq sample QC, annotation, and analysis. Results of the BARtab performance comparisons are

deposited on Zenodo https://zenodo.org/records/10685739.
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d BARtab and bartools are both freely available at https://github.com/DaneVass/bartools and https://github.com/DaneVass/

BARtab under MIT and GPL3 licenses respectively. Archival DOIs are listed in the key resources table. Extensive documenta-

tion is available at https://danevass.github.io/bartools. Bartools can be installed into R v3.5 or above using instructions that can

be found at https://github.com/DaneVass/bartools. Bartools integrates with other packages available from the Bioconductor

project and utilises functions and object classes from edgeR 34, ineq 41 and vegan 40. Graphical functions from base R and

ggplot2 are also utilised within BARtab and bartools.

d BARtab can be installed intomacOS or UNIX environments compatible with the Nextflowworkflowmanager v23.04 and later.23

BARtab depends on common bioinformatic tools including Samtools,27 Bowtie,25 Starcode,24 FLASh,26 FastQC,57 fastp,29

UMI-tools,58 MultiQC,59 and GNU parallel,60 and requires Python v3.8 or greater. We provide a Docker image compatible

with Singularity to facilitate pipeline portability across systems. All dependencies required to successfully run the pipeline

are also available from the conda and bioconda projects.60 Available parameters for BARtab are specified in the documentation

(https://github.com/DaneVass/BARtab/blob/main/README.md) which also details approaches for pipeline and software de-

pendency installation via Singularity,61 Docker or conda environments.

d Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.

METHOD DETAILS

Tissue culture
Female mouse MLL-AF9 leukemia cells were obtained from previous studies9,59 and cultured in RPMI-1640 medium supple-

mented with mouse IL-3 (10 ng mL�1), human IL-6 (10 ng mL�1), mouse SCF (50 ng mL�1) 20% Fetal bovine serum, strepto-

mycin (100 mg mL�1), penicillin (100 U ml�1) and 2 mM GlutaMAX (Thermo Fisher Scientific) in 5% CO2 at 37�C. Cell lines were

routinely tested for mycoplasma by the Peter MacCallum Genotyping Core Facility and confirmed negative for the duration of

the study.

Dose escalation experiments and analysis
Five hundred thousand mouse MLL-AF9 cells were transduced in polybrene (8.5 mg/mL) by spin infection (90 min at 1,250 r.cf.) with

lentivirus prepared from the SPLINTR BFP barcode library (Addgene #179776) at a low MOI to ensure single copy integration into

cells.9 BFP positive cells were sorted using a FACS Aria Fusion flow sorter 3 (BD Biosciences) flow cytometer 48 h after transduction.

Approximately 5x104 mCherry positive cells were seeded into liquid culture and expanded for seven days. Following expansion,

5x105 cells were harvested as a baseline timepoint zero (T0) sample, lysed in 40uL Viagen DirectPCR cell lysis reagent containing

0.5 mg/mL Proteinase K (Qiagen) and processed for population based SPLINTR barcode sequencing as described previously.9

To maintain a minimum 20-fold representation of the original theoretical maximum of 5x104 total barcodes per treatment arm,

1x106 cells per replicate and treatment condition were seeded into liquid culture. For the dose escalation arms of the experiment,

cultures were supplemented with either 0.1% v/v DMSO, 400nM IBET or 300nM AraC. For the high dose arms, liquid cultures

were supplemented with 800nM IBET or 700nM AraC which we had previously determined to represent the equivalent of an IC90

dose in this cell line (data not shown). Drugs were replenished every three days by pelleting the cells at 400 rcf for 5 min at 37�C,
and replating in fresh medium with drug. For the dose escalation arms, every 7 days, 53105 cells were replated into fresh medium

supplemented with an increased concentration of IBET (TP1 - 400nM, TP-2 - 600nM, TP-3 – 800nM and TP-4 - 1000nM), AraC (TP1 -

300nM, TP-2 - 300nM, TP-3 – 300nM and TP-4 - 500nM) or maintained in 0.1% v/v DMSO. Per timepoint, 1 million cells from each

biological replicate were harvested and processed as above for population based SPLINTR barcode sequencing.9

Raw sequence data from population-based dose-escalation were processed using BARtab v1.4 with the following parameters:

mode: ‘‘single-bulk’’, upconstant: ‘‘CGATTGACTA’’, downconstant: ‘‘TGCTAATGCG’’, alnmismatches: 1, minqual: 20, pctqual:

80, constants: ‘‘up’’, constantmismatches: 0.1, barcode_length: 60. Count files were imported into R v4.2 and further analyzed

with bartools v1.0.0.

Single cell dataset capture and analysis
5x105 mouse MLL-AF9 cells were transduced with the SPLINTR V0 mCherry barcode library (Table S2). Fluorochrome positive cells

were isolated using a BD Fusion 5 flow sorter 48 h after transduction and expanded for seven days in liquid culture as described

above. Cells were then processed for single cell transcriptomic capture using the 10x Genomics 30 V3 single cell RNA-seq platform.

Count matrices were generated from demultiplexed scRNA-seq fastq files using the 10x Genomics Cell Ranger (v.3.1.0) count pipe-

line against themm10/GRCm38 reference genome. Quality control was performed using Seurat v4 in R v4.2.62 Low-quality cells were

removed by filtering out cells that had between 2000 and 5000 detected genes and fewer than 40,000 unique molecular identifiers

(UMI). Cells with greater than 10% mitochondrial RNA content were also removed. Doublets were predicted using DoubletFinder62

assuming 10% doublets. For lineage barcode identification and annotation to cells, unmapped reads in BAM file format were ex-

tracted from the dataset using Samtools (v1.9) and used as input for BARtab v1.4 running in ‘‘single-cell’’ mode with parameters

as follows: mode ‘‘single-cell’’ pipeline ‘‘cellranger’’, upconstant: ‘‘CGATTGACTA’’, downconstant: ‘‘TGCTAATGCG’’, constants

‘‘all’’. Downstream analysis was performed with Seurat v4 and bartools v1.0.0.
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Spatial transcriptomics capture and analysis
Mouse spleen samples containing SPLINTR barcoded MLL-AF9 leukemia cells flash frozen in liquid nitrogen were obtained from a

previous study.9 BGI Stereo-seq assays were performed using version 1.0 of the Stereo-seq kit and sequenced by BGI genomics

group in Shenzhen, China. Section image data was quality controlled with ImageStudio v2.0.1 (BGI). Count matrices were generated

from demultiplexed Stereo-seq fastq files using SAW v6.1.0. Reads were aligned to themm10/GRCm38 reference genome. The Ste-

reo-seq data was manually segmented using the lasso function of StereoMap v2.1.0 (BGI).63 Stereopy v0.11.0 (BGI)64 was used to

aggregate the count matrix to bin50. Bins with less than 600 UMI were removed, counts were log transformed and highly variable

genes were identified using default parameters in Scanpy v1.9.3.33 Downstream data scaling, PCA and UMAP dimensionality reduc-

tion were performed using default parameters. Leiden clustering was performed using resolution = 0.7.

To annotate spatial coordinates with lineage barcodes, unaligned reads resulting from the SAWpipeline were processedwith BAR-

tab v1.4 using default parameters except for the following: upconstant: "TGACCATGTACGATTGACTA", downconstant:

"TGCTAATGCGTACTGACTAG", constants: ‘‘both’’, constantmismatches: 0.2, barcode_length: 60, mode: "single-cell", input_type:

"fastq", pipeline: "saw". Barcodes were aligned to the SPLINTRGFP reference library.9 Barcode counts were aggregated to bins and

merged with the spatial dataset count matrix based on coordinate ID. To compare clonal composition in population-level, single-cell

and spatial data, we used published DNA barcode-seq and scRNA-seq data of the same mouse spleen (GEO: GSM4912416,

GSM4912482). BARtab v1.4 was run on DNA barcode-seq data with default parameters except the following: mode: ‘‘single-

bulk’’, upconstant: "TGACCATGTACGATTGACTA", up_coverage: 20, constants: "up’’, constantmismatches: 20, barcode_length:

60, min_readlength: 43. Barcode readswere aligned to the SPLINTRGFP reference library.9 Barcodes present in both PCR replicates

with at least 5 reads were retained and read counts were averaged. Matched scRNA-seq data was obtained from a previous study.9

BARtab was run using unaligned reads from the Cell Ranger scRNA-seq alignment to the mm10 reference genome in BAM format as

input. Default parameters were used except the following: mode: ‘‘single cell’’, input_type: ‘‘bam’’, upconstant: "TGACCATGTAC

GATTGACTA", downconstant: "TGCTAATGCGTACTGACTAG", constants: ‘‘all’’, constantmismatches: 0.2, barcode_length: 60.

Barcode reads were aligned to the SPLINTR GFP reference library.9 Barcodes supported bymost UMI counts per cell were retained.

Barcodes from spatial data were aggregated to bin size 20 to approximate single-cell resolution.

Software availability
BARtab and bartools are both freely available at https://github.com/DaneVass/bartools and https://github.com/DaneVass/BARtab

underMIT andGPL3 licenses respectively. Extensive documentation is available at https://danevass.github.io/bartools. Bartools can

be installed into R v3.5 or above using instructions that can be found at https://github.com/DaneVass/bartools. Bartools integrates

with other packages available from the Bioconductor project and utilises functions and object classes from edgeR,34 ineq40 and

vegan.39 Graphical functions from base R and ggplot2 are also utilised within BARtab and bartools.

BARtab can be installed into macOS or UNIX environments compatible with the Nextflow workflow manager v23.04 and later.23

BARtab depends on common bioinformatic tools including Samtools,27 Bowtie,25 Starcode,24 FLASh,26 FastQC,65 fastp,29 UMI-

tools,66 MultiQC,58 and GNU parallel,57 and requires Python v3.8 or greater. We provide a Docker image compatible with Singularity

to facilitate pipeline portability across systems. All dependencies required to successfully run the pipeline are also available from the

conda and bioconda projects.60 Available parameters for BARtab are specified in the documentation (https://github.com/DaneVass/

BARtab/blob/main/README.md) which also details approaches for pipeline and software dependency installation via Singularity,61

Docker or conda environments.

QUANTIFICATION AND STATISTICAL ANALYSIS

BARtab workflow implementation
BARtab is implemented as Nextflow23 DSL2 pipeline for parallelization, portability and reproducibility. Various filtering, adapter trim-

ming and alignment/clustering settings are fully parameterised in BARtab promoting user customizability and pipeline flexibility. The

pipeline contains two main workflows supporting (i) population-level cellular barcoding datasets or (ii) single-cell expressed cellular

barcoding datasets. The pipeline can be run in a reference-based or reference-free mode, either utilizing a reference library of known

barcodes or relying on a Levenshtein clustering approach implemented in Starcode24 to correct for errors from PCR and sequencing.

BARtab population-level workflow
For population-level analyses, either paired-end or single-end fastq files can be provided as input. Paired-end reads with a user-

defined minimum overlap length are merged by FLASh.26 Reads that do not achieve a user-defined Phred score across a user

defined percentage of the read or a minimum complexity are filtered out by fastp.29 Next, reads containing user-defined sequences

flanking the barcode (known as ‘‘constant regions’’) are identified and trimmed by cutadapt28 leaving only the variable barcode

sequence. The parameterization of BARtab offers a lot of flexibility at this stage, allowing users to trim only upstream, only down-

stream, both up and downstream or upstream with optional downstream constant regions. This maximises pipeline flexibility for

different barcode construct designs and sequencing strategies. In addition, the allowed error rate within constant regions and the

minimum required coverage of each constant region can be specified by the user. The latter allows for trimming of partial adapters

at either end of the sequencewhich can arise if the sequenced read does not cover the entire constant region or if there is variability in
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barcode position within the sequenced read. Given the barcode length and sequencing method (whole or partial coverage of the bar-

code), the expected barcode length and minimum barcode read length can also be specified by users.

If a reference library containing a list of known barcodes (in fasta format) is supplied, barcode containing reads are aligned using

Bowtie.25 Users can allow up to 3 mismatches (the maximum allowed by Bowtie) at this stage. If barcodes have a fixed length, only

alignments to the start or end of a reference sequence are retained (see single-cell workflow). As an optional step, unmapped reads

can be clustered using Starcode (as for the reference-free workflow) and output separately. Finally, barcode read count tables per

sample are generated by Samtools and customR scripts. If no reference is provided, reads shorter than the definedminimumallowed

read length are removed. Remaining barcode reads are trimmed to match the length of the shortest read unless both up and down-

stream constant regions are trimmed, in which case the full-length barcode is retained. This allows the use of variable barcode

lengths within a single sample. Reads are then clustered and merged within a user-defined Levenshtein distance by Starcode.24

Finally, barcode read counts from alignment or clustering approaches are compiled across samples, resulting in a final counts table

containing all barcodes as rows and all samples as columns.

BARtab single-cell workflow
The single-cell workflow can extract lineage barcodes from (i) amplicon-sequencing data (as paired-end fastq input) from single cell

library cDNA template DNA or (ii) directly from pre-processed and aligned single-cell datasets (BAM file format). For extraction of

lineage barcodes from single-cell amplicon-seq data, read pairs are firstly filtered for valid cell barcodes using UMI-tools.66 BARtab

can perform cell calling (i.e., identifying droplets likely to contain cells) using the functionality available within UMI-tools. Alternatively,

a whitelist of known cell barcodes can be provided (e.g., from scRNA-seq data pre-processed with Cell Ranger by 10X Genomics or

similar). Subsequently, input paired reads are filtered for sequence quality (as for the population-level workflow). Reads containing

user-defined constant regions flanking the lineage barcode are identified and trimmed (as for the population-level workflow).

Lineage barcode containing reads can either be aligned to a reference library with Bowtie (as for the population-level workflow) or

clustered with Starcode-umi.24 The latter is a wrapper for Starcode to cluster UMI-tagged sequences. BARtab then performs PCR

chimera identification and removal. PCR chimeras can arise due to early DNA polymerase termination during PCR extension, and

mispriming of the partial amplicon to a different template in subsequent cycles, leading to a hybrid amplicon of a cell barcode

and UMI with a different lineage barcode. Here, for each cell barcode-UMI combination, only the lineage barcode supported by

most reads is retained and ambiguous ties are removed. Next, UMI error correction is performed byUMI-tools andUMIs for accepted

cell barcode-lineage barcode combinations are collapsed within a user-defined Levenshtein distance. Finally, the lineage barcodes

detected within individual cells, as well as the number of UMIs corresponding to each lineage barcode are combined into as a table of

counts per sample. To address potential noise from ambient RNA in droplets, lineage barcodes can be filtered using a user-defined

UMI count threshold. Lineage barcodes with a UMI count less than a user-defined fraction of the most abundant lineage barcode in

that cell (by total UMIs) can also be removed.10 Lineage barcodes and their UMI counts are collapsed as comma separated lists for

each cell barcode to provide barcode annotation at the single-cell level. In addition, QCplots of unfiltered and filtered lineage barcode

counts are reported.

When extracting barcodes from pre-processed scRNA-seq data, cell barcode extraction and read filtering can be skipped.

Instead, BAM files generated by scRNA-seq processing pipelines like Cell Ranger by 10X Genomics or STARsolo43 (where the

cell barcode and UMI are annotated in the read header) can be provided to BARtab. Due to the random fragmentation of reads during

scRNA-seq library preparation, trimming can be performed so that reads with only the upstream, only the downstream or both con-

stant regions are identified. This improves the recovery of barcodes from this data. However, for barcodes extracted in this way only

the reference-based quantification approach is supported by BARtab. For both population-level and single-cell level workflows,

MultiQC58 is used to compile log files from tools used in the pipeline into a comprehensive pipeline run report that is output alongside

sample counts tables.

BARtab performance comparison – Population level data
A dataset consisting of 22 population level barcode sequencing samples from Goyal et al.30 was downloaded from Figshare (https://

figshare.com/articles/dataset/FateMap_Paper_datasets_3_Goyal_et_al_2021_Biorxiv_/22806494). The dataset was reanalysed

with the published Rewind/TimeMachine code (https://github.com/arjunrajlaboratory/timemachine, commit 9b8c24f) from the

same publication using default settings in raw readmode, or with pycashier version v23.1.2 and BARtab v1.4 using settings to mimic

these conditions as closely as possible. TimeMachine additionally required the stagger length per sample whichwas derived from the

raw read sequences.

BARtab was run using default parameters except for the following: up_coverage: 10, down_coverage: 10, min_readlength: 40,

constants: "both", cluster_distance: 8, cluster_ratio: 5, upconstant: "GACTAAACGCGCTACTTGAT" and downconstant: "ATCCTAC

TTGTACAGCTCGT".

pycashier was run using the following parameters: quality = 20, unqualified_percent = 20, error = 0.1, length = 100, upstream_

adapter = "GACTAAACGCGCTACTTGAT", downstream_adapter = "ATCCTACTTGTACAGCTCGT", ratio = 5, distance = 8, filter_

percent = 0 and offset = 8.

BARtab, pycashier and Rewind/TimeMachine differ in the way they handle extraction of barcodes of variable length. For the

comparative analyses, we set length parameters of BARtab and pycashier to match those applied by Rewind/TimeMachine as
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closely as possible, within the constraints of each software. The Rewind/TimeMachine method by default extracts barcodes of var-

iable length, and length restrictions are defined by the identification and trimming of the GFP primer site and downstream constant

region within the FateMap construct.13,30 Based on published FateMap barcode design features: sequenced read length of 150bp, a

0-6bp stagger, 6bp UMI, 22bp GFP primer region, and 15bp of the downstream constant region in bases 80–150; we deduced that

FateMap barcodes can exist in a length range of 40-107bp. In contrast, pycashier21 allows for extraction of variable length barcodes

but restricts the accepted range of barcode lengths to be +/� the Levenshtein distance used for clustering barcode reads. Since the

Levenshtein distance used by the Rewind/TimeMachine method is 8, this is equivalent to an allowed barcode length range of 92-

108bp in pycashier. BARtab takes a more flexible approach by applying user-defined minimum and maximum barcode length pa-

rameters and filters reads that fall outside this defined size range. To match the size restriction of TimeMachine, BARtab was run

with a minimum barcode length of 40bp. The maximum barcode length was set to 130 which corresponds to the presence of at least

10bp of the GFP primer and downstream constant region required by Rewind/TimeMachine.

For the runtime evaluation, we ran TimeMachine with default settings which clusters barcodes using the barcode read counts. To

ensure we ran TimeMachine correctly, we also clustered barcodes on the UMI counts and observed a 100% overlap of identified

barcodes with published results. For the comparison of detected barcodes between TimeMachine, BARtab and pycashier, we first

aggregated 4 replicates per sample by averaging barcode read counts for BARtab and pycashier. We then filtered barcodes present

with at least 0.001% within any sample for all three methods. For the analysis of concordance of barcode quantification between

BARtab and TimeMachine, we calculated the spearman and pearson correlation for each sample, considering all barcodes detected

in the respective sample by any of the two methods.

BARtab performance comparison – Single-cell data
Fastq files from Goyal et al. 202330 containing single-cell amplicon sequencing data from dataset ‘‘FM0-2’’ were downloaded from

Figshare https://figshare.com/articles/dataset/FateMap_Paper_datasets_2_Goyal_et_al_2021_Biorxiv_/22802888?file=40535864.

Lists of corresponding cell barcodes were downloaded from GEO GSM7434409, GSM7434410, GSM7434411, GSM7434412.

We observed that provided processed data, available on Figshare https://figshare.com/articles/dataset/FateMap_Paper_

datasets_1_Goyal_et_al_2021_Biorxiv_/22798952?file=40534928, contained cell barcodes not present in the whitelists. Therefore,

we re-ran the reported FateMap analysis pipeline on the FM0-2 input data using the code provided with the manuscript https://

github.com/arjunrajlaboratory/FateMap_Goyal2023/tree/main/extractionScripts/10XScripts/10XBarcodeMatching/10XBarcode

Matching-master. BARtab was run on the FM0-2 dataset using one pair of fastq files (fastq files from individual lanes were concat-

enated) and one cell barcode whitelist per sample as input. To tailor BARtab to the FateMap data and match the FateMap

configuration as close as possible, we chose following BARtab runtime parameters: mode: "single-cell", input_type: "fastq", com-

plexity_threshold: 65, minqual: 15, pctqual: 70, constants: "up", upconstant: "GGACGAGCTGTACAAGTAGG", up_coverage: 20,

min_readlength: 50, constantmismatches: 0.2, cluster_distance: 8, cluster_ratio: 5, cb_umi_pattern: "CCCCCCCCCCCCCCC

CNNNNNNNNNN". Default values were used for all other parameters.

As per the reported FateMap analysis pipeline, we retained read pairs containing whitelisted 16bp cell barcodes and a 10bp UMI in

read 1. FateMap removes reads that contain 6 or more bases with a Phred score of less than 15 in the stagger and GFP sequence. To

match this as closely as possible we set BARtab to remove reads with a Phred score of less than 15 in more than 30% of the read.

FateMap also removes reads containing strings of 4 consecutive bases. Given the semi-random repeating ‘‘WSN’’ pattern of the

FateMap barcode, we applied a complexity threshold of 65%, defined as minimum percentage of bases that are different from their

next base (base[i] ! = base[i+1]). As per FateMap, BARtab was set to retain reads containing the full 20bp upstream constant GFP

region, allowing 4 mismatches (20%). Reads containing at least 50 of the 100 bases of the Rewind/FateMap barcode following

the constant region were retained. As per FateMap, BARtab was set to trim barcode reads to 50bp length before clustering.

FateMap identifies unique cell barcode-UMI-lineage barcode combinations and clusters those lineage barcodes across all sam-

ples within an experiment. Sphere clustering is applied within an Levenshtein distance of 8. In contrast, BARtab clusters barcode

sequences for each sample using all reads that pass quality control thresholds, including PCR duplicates. In Starcode, which is

used by BARtab for barcode read clustering, a message passing clustering algorithm is used with a Levenshtein distance of 8

and cluster ratio of 5. After identification and removal of PCR chimeras, BARtab collapses UMI per barcode per cell within an Lev-

enshtein distance of 1. BARtab results were loaded into R using the bartools function readBartabCounts(). To evaluate the cell anno-

tation performance of BARtab in comparison to FateMap, we applied various UMI count thresholds using the bartools function filter-

Barcodes() and compared the percent of cells with a single barcode annotated. To compare the clone sizes between FateMap and

BARtab methods, we applied a minimum UMI threshold of 15 (FateMap) and 5 (BARtab) and only retained cells annotated with a

single barcode. The Pearson correlation of clone sizes was then calculated for each of the 4 samples in the FM0-2 dataset.
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