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Abstract

The detection of mitochondrial DNA (mtDNA) mutations in single cells holds considerable
potential to define clonal relationships coupled with information on cell state in humans. Previous
methods focused on higher heteroplasmy mutations that are limited in number and can be
influenced by functional selection, introducing biases for lineage tracing. Although more
challenging to detect, intermediate to low heteroplasmy mtDNA mutations are valuable due to
their high diversity, abundance, and lower propensity to selection. To enhance mtDNA mutation
detection and facilitate fine-scale lineage tracing, we developed the single-cell Regulatory multi-
omics with Deep Mitochondrial mutation profiling (ReDeeM) approach, an integrated experimental
and computational framework. Recently, some concerns have been raised about the analytical
workflow in the ReDeeM framework. Specifically, it was noted that the mutations detected in a
single molecule per cell are enriched on edges of mtDNA molecules, suggesting they resemble
artifacts reported in other sequencing approaches. It was then proposed that all mutations found
in one molecule per cell should be removed. We detail our error correction method, demonstrating
that the observed edge mutations are distinct from previously reported sequencing artifacts. We
further show that the proposed removal leads to massive elimination of bona fide and informative
mutations. Indeed, mutations accumulating on edges impact a minority of all mutation calls (for
example, in hematopoietic stem cells, the excess mutations on the edge account for only 4.3%-
7.6% of the total). Recognizing the value of addressing edge mutations even after applying
consensus correction, we provide an additional filtering option in the ReDeeM-R package. This
approach effectively eliminates the position biases, leads to a mutational signature
indistinguishable from bona fide mitochondrial mutations, and removes excess low molecule high
connectedness mutations. Importantly, this option preserves the large majority of unique
mutations identified by ReDeeM, maintaining the ability of ReDeeM to provide a more than 10-
fold increase in variant detection compared to previous methods. Additionally, the cells remain
well-connected. While there is room for further refinement in mutation calling strategies, the
significant advances and biological insights provided by the ReDeeM framework are unique and
remain intact. We hope that this detailed discussion and analysis enables the community to
employ this approach and contribute to its further development.
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Main

Lineage tracing using cellular barcoding provides the opportunity to gain insights into the cellular
hierarchies and dynamics across tissues in health and disease’. We and others previously
demonstrated the potential for mitochondrial DNA (mtDNA) mutations to serve as natural cellular
barcodes in humans. Previous methods focus on a limited subset of mtDNA mutations with
relatively high heteroplasmy due to the challenge of somatic mutation calling. However, relying
solely on this small set of mutations provides incomplete information. Additionally, it has been
suggested that some of these higher heteroplasmic mutations might be pre-existing germline
variants or subject to bottlenecks or context-dependent functional selection, which introduce
biases and hinder their ability to serve as inert lineage tracers as suggested by recent studies®™.
Mitochondrial DNA exhibits a 50-fold higher mutation rate compared to the nuclear genome,
providing an opportunity to generate a substantial number of diverse somatic mutations, albeit
primarily at lower heteroplasmy, as reported in bulk tissues using ultra-sensitive approaches®. We
reason that these intermediate to low heteroplasmy mutations could be particularly valuable
because they (1) are more likely to accrue and provide extensive information for clonal and
subclonal tracking given their larger number and higher diversity, (2) are overall neutral to
selection and thus can serve as an unbiased lineage-tracer, and (3) are less likely to be
confounded by preexisting germline variants (Fig. 1a). However, their detection poses a more
complex challenge compared to those in the nuclear genome due to the low level of heteroplasmy
within individual cells. Consequently, even with high coverage, conventional sequencing cannot
easily distinguish these mutations from sequencing errors without appropriate correction
(Extended Data Fig. 2 in Ref. 6). We recently presented the single-cell Regulatory multi-omics
with Deep Mitochondrial mutation profiling (ReDeeM) method®, with the goal to enhance fine-
scale lineage tracing analysis by capturing a rich set of mtDNA somatic mutations (>10-fold more
mtDNA somatic mutations) using targeted enrichment and single-molecule consensus error
correction, and to link these variants with cell state information. The ability to utilize many high,
intermediate, and low heteroplasmy mtDNA somatic mutations with ReDeeM allows us to improve
the recording of various clonal and subclonal events, enhancing the informativeness and
robustness of lineage tracing.

A recent commentary from Lareau et al. noted the important advances in ReDeeM implementing
experimentally enriched mtDNA and applying consensus mutation calling for higher-quality
mtDNA-based lineage tracing, but also brought up concerns about ReDeeM data analysis
methods. Specifically, it was noted that the mutations detected in a single molecule per cell are
enriched on edges of mtDNA fragments, suggesting they resemble artifacts and proposed to
remove all these mutations’. Here, we address these concerns and provide detailed methodologic
insights demonstrating that the observed edge mutations are distinct from previously reported
artifacts. Of note, for a mutation in one molecule per cell to be included in ReDeeM, it must be
supported by at least two molecules (eUMIs) in at least one cell and be detected in multiple cells
(for simplicity, hereafter referred to as 1*-molecule mutations). We demonstrate that these 17-
molecule mutations, proposed to be discarded in the commentary, are well supported, mostly not
located on fragment edges, show the expected mutational signature, and provide valuable
information for downstream lineage inferences. Additional filtering to remove mutations on edges
further enhances the true signal rate, while preserves the large majority of unique mutations, and
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keeps the cells well connected, reinforcing the robustness of the ReDeeM framework. We now
provide additional options in the updated ReDeeM-R package for further filtering (see ReDeeM-
R for recommended parameters to start with).

Principle of error correction in ReDeeM

ReDeeM is designed to rigorously reduce the likelihood for artifacts from diverse origins to
achieve high sensitivity and accuracy (see full discussion in Supplementary Notes below).
Briefly, we consider 5 potential sources of artifacts spanning the process from cell collection to
read alignment that must be considered: (1) formaldehyde (FA)-induced errors; (2) Tn5 9-bp gap
filling errors; (3) PCR errors; (4) sequencing errors; and (5) nuclear-embedded mitochondrial DNA
(NUMT) misalignments (Fig. 1b). ReDeeM implements both overlapping paired-end (OPE)
sequencing and a double-strand single-molecule tagging system (similar to duplex-seq®), which
can correct not only downstream PCR errors and sequencing errors (efficiently removing artifacts
caused by #3 and #4), but also reduce strand-specific artifacts in the initial molecule, including
potential errors during the 9-bp gap-filling reaction or from fixation (#1 and #2) (Fig. 1c, d).
ReDeeM implements enzyme-based fragmentation (Tn5 transposase) to avoid artifacts from
sonication-induced DNA damage on the edge®, and controls for NUMT misalignments (#5)
through multiple steps (Supplementary Notes). Rigorous filtering strategies and artifact removal
steps are implemented and have been described in detail in our manuscript. Only high-confidence
molecules with multiple supporting reads are considered in downstream analyses (Extended
Data. Fig. 1a, Methods)

As previously reported, the bona fide mitochondrial mutations have a specific mutational signature
enriched in transitions (C:G>T:A and T:A>C:G)'®", which serves as a critical validation
supporting mutation fidelity. Using ReDeeM, we confidently identified several thousand mtDNA
somatic mutations (> 10-fold compared to previous methods) for each donor that pass our filtering
thresholds (Fig. 1e). This large number of mutations in all donors were further examined for their
mutational signatures, where we observed significant enrichment of transitions, as expected for
true mitochondrial mutations. In contrast, artifacts such as FA-induced errors (SBS40), or NUMT
exhibit distinct mutational signatures'*'3, which are not observed in our analysis (Fig. 1f, g).
These results suggest that ReDeeM overall maintains high specificity to detect true signals, while
achieving substantially increased sensitivity (Fig. 1e, Extended Data Fig. 1b).

Reliability in detecting mtDNA 1*-molecule mutations

The commentary from Lareau et al. argues that 1*-molecule mutations provide minimal evidence
and suggests that all mutations supported by one molecule per cell should be excluded. However,
we demonstrate that 1*-molecule mutations are supported by multiple lines of evidence. First,
with an average eUMI group size of 4.8, as reported in our manuscript, every variant called by a
single molecule is supported by an average of 9.6 reads and has passed multiple filtering steps
(Fig. 2a, Extended Data Fig. 1a). Second, the ReDeeM pipeline further strengthens the reliability
of these mutations by requiring that any included mutations must be detected by >=2 molecules
in at least one cell (Extended Data Fig. 1a). These criteria provide important support for 1*-
molecule mutations to be considered in downstream analysis. Third, bona fide mitochondrial
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mutations typically exhibit a transversion proportion between 0.03 and 0.1, serving as an
orthogonal validation that can help estimate the true signal rate of these mutations'®™*. We
analyzed the mutational signature for mutations identified by ReDeeM with 1, 2, or more
molecules per cell and showed a strong enrichment in expected transitions across all samples
compared to the random background (Fig. 2b, Extended Data Fig. 4). For example, in
hematopoietic stem cells (HSCs), the low transversion proportion (0.11 and 0.14, compared to a
random background of 0.67) suggests that approximately 87-88% of 1*-molecule mutations in
HSC are true signals (Fig. 2b, see Methods for true signal ratio estimation). This estimated true
signal rate for 1*-molecule mutations can be further increased to > 95% across all cell types after
additional filtering with minimal edge trimming (please see below). Moreover, we compared the
number of cells in which each 1*-molecule mutation was detected to the background distribution.
The significant rightward shift in the number of cells suggests that > 90% of the signals are
reliable, consistent with estimates based on the transversion proportion. (Fig. 2c, Methods).
Finally, we show 1*-molecule mutations provide valuable biological insights, revealing cell type
specificity and clonal origins in human hematopoiesis. Moreover, including 1*-molecule mutations
improves the concordance with the orthogonal use of CRISPR-based lineage tracing (Fig. 4,
Extended Data Fig. 7, more details are discussed below). Taken together, multiple lines of
evidence provide support for and illuminate the unique value of mutations detected in one
molecule per cell, arguing that the proposed exclusion leads to substantial elimination of bona
fide and informative mutations.

Mutation position biases

The commentary from Lareau et al. argues that 1*-molecule mutations are enriched at the edges
of mtDNA molecules, suggesting artifacts reported in other sequencing approaches. To clarify,
the position bias presented in the commentary such as in their Figure 1 and Extended Figure 1-2
represent a small subset of selected mutations (low-mean high-connectedness, or LMHC
variants, representing ~5% of total unique mutations, Extended Data Fig. 1c). However, the
majority of 1*-molecule mutations are not LMHC. Moreover, we show that overall, the excessive
edge mutations impact a limited proportion of molecules when all heteroplasmic mutations are
considered, ranging between 4.7% to 18.5% across samples, leaving a substantial majority of
mutation calls unaffected (Fig. 2d, Extended Data Fig. 5). Notably, our primary focus, HSCs are
the least impacted from edge accumulation, with only 4.3% to 7.6% excessive edge mutations
(Fig. 2e, Extended Data Fig. 4). We also investigated the positional biases for 1*-molecule
mutations. While a higher proportion of these mutations are located at the edges compared to
mutations found in multiple molecules, most are positioned away from the edges (e.g., 75% to
76% of 1"-molecule mutations in HSCs are not on the edges, Fig. 2d, Extended Data Fig. 4).

Moreover, it is important to not confuse the observed position bias here with previously reported
artifacts®'>® given the robust error correction strategy employed (Supplementary notes,
Methods, Fig. 2a). We showed comparable supporting reads per molecule between the mutation
calls on the edge (within 9-bp to the end) and non-edge regions, suggesting that edge mutations
are unlikely to arise from previously reported artifactual sources, such as sequencing and PCR
errors (Extended Data Fig. 2). ReDeeM utilizes a double-stranded consensus correction
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approach and therefore can also reduce single-strand errors such as those arising in Tn5 9-bp
gap-filling (Supplementary Notes). While we recognize the possibility of uncorrected artifacts,
the observed position biases could also be contributed, at least in part, by error-unrelated sources
including Tn5 insertion site preferences and potential small indels'”'® (Extended Data Fig. 3). Of
note, many homoplasmic mutations, serving as positive controls for true mutations, also exhibit
non-uniform distribution and accumulation on edges, suggesting that observed position bias does
not always indicate the presence of artifacts (Extended Data Fig. 3). Taken together, these
results suggest that the enriched edge mutations here are distinct from previously reported
artifacts and impact an overall limited proportion of molecules.

ReDeeM with additional filtering

We have shown that edge-biased mutations overall impact a small proportion of molecules.
However, recognizing the value of addressing edge mutations even after applying consensus
correction, here we offer an additional filtering option to manage the excessive edge mutations.
First, we examined various distances to trim from the end of fragment up to 9-bp and found that
the excessive edge mutations are primarily restricted to the very end of molecules and trimming
4-bp can effectively remove most excessive edge mutations (Extended Data Fig. 5). We also
refined the filtering threshold of max allele (at least 1 cell with two molecules) with binomial
modeling to account for different mutation frequencies (chi squared test, Extended Data Fig. 1a,
see Methods). We have tested the robustness of various parameters and here we provide a
default using 5-bp trimming with binomial modeling (FDR <0.05, termed as filter-2, Fig. 3a) and
we encourage further user fine-tuning. We demonstrate that filter-2 effectively removes excessive
edge mutations, further reduces the transversion proportion (including 1*-molecule mutations to
a level indistinguishable from ground truth), and eliminates excessive LMHC variants (Fig. 3b,
Extended Data Fig. 6a). As expected, we demonstrate a limited decrease of the total number of
unique mutations identified by filter-2 in comparison to using the original ReDeeM parameters
(without trimming, max allele >=2, referred to as filter-1 hereafter), for example in Young1-HSC
dataset, the number of variants is reduced from 4,394 (filter-1) to 3,932 (filter-2) (Fig. 3c,
Extended Data Fig. 6b). The number of cells with shared mutations are also largely unchanged
(median 3.9% decrease, Fig. 3c). ReDeeM filter-2 detects over 10-fold more variants compared
to the previous method (Fig. 3e), with significant overlap, further validating our approach. The
additional mutations detected exclusively by ReDeeM filter-2 show strong mutational signatures
for bona fide mtDNA mutations, including 1*-molecule mutations (estimated accuracy of 295%
based on transversion proportion, Fig. 3f, Extended Data Fig. 6d). Finally, we demonstrate that
after ReDeeM filter-2, the cells remain well connected, with 99.96-100% of the cells being part of
an interconnected network through mtDNA mutations (Fig. 3d). While the average degree
decreases, several key connectivity metrics, including average path length and transitivity, remain
stable, indicating that important substructure within the connectivity graph is maintained (Fig. 3d,
Extended Data Fig. 6¢c, Supplementary Notes). Taken together, we show additional filtering
with minimal edge trimming is sufficient to eliminate mutation edge biases, further reduce error
rate, and maintain the advanced mutation detection made possible by ReDeeM.
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Robustness of lineage analysis using ReDeeM with additional filtering

The robustness of 1"-molecule mutations and the effects of edge removal have been validated
through various orthogonal validations, including significantly enriched mutational signatures, as
discussed above. Here, we further assess the impact on lineage tracing performance by
implementing different filtering strategies and by including or excluding 1*-molecule (Fig. 4,
Extended Data Fig. 7-8).

We reanalyzed the dual-lineage-tracer mouse model data where we detect both engineered
CRISPR-based evolving barcodes on the nuclear genome and the mtDNA mutations by ReDeeM
in the same single cells. With this system, we compare the CRISPR lineage tracing inferences
and the mtDNA mutations, where different filtering strategies are applied, including full ReDeeM
mutations with the original filtering strategy (filter-1) or with our additional filtering options that
involves edge removal and statistical modeling (filter-2). We also compared mutations with
inclusion or exclusion of 1*-molecule mutations in both filtering strategies. As expected, using alll
mtDNA mutations in filter-1 or filter-2, or only excluding edges all demonstrate significant
concordance with CRISPR-based lineage inference (p-values 6.2*107¢, 4.9*1072, 1.2*10%', and
3.9*10"® | Wilcoxon Rank Sum Test, Fig. 4a, Extended Data Fig. 7b-d, Methods). Indeed,
including 1*-molecule mutations consistently improves concordance with CRISPR-based lineage
inference, underscoring the unique value of these mutations in enhancing lineage tracing (Fig.
4a-b, Extended Data Fig. 7e-f). Notably, this benchmarking offers a conservative estimate of the
accuracy of lineage tracing, given the shorter mutation accrual period in the mouse model (6
months) and lower diversity of mtDNA mutations present.

We also reanalyzed the human hematopoiesis dataset we generated and evaluated the impact
of mutation subsets on downstream analysis. We found that cell-type-specific mtDNA mutations
consistently arise from both single-molecule and multi-molecule mutations, suggesting that
single-molecule mutations offer valuable biological insights (Extended Data Fig. 7a). Next, we
repeated the cell-type origin analysis using mtDNA mutation-based nearest neighbor analysis, an
important demonstration that ReDeeM allows for fine-scale lineage tracing and resolves clonal
and subclonal relationships. We evaluated the impact on this analysis by applying filter-1 or filter-
2 with only 1*-molecule mutations or the full mutation set. Applying different filtering strategies
show reproducible cell-type clonal origin inferences, demonstrating the robustness of ReDeeM in
extracting essential biological information (Fig. 4c).

Lastly, we reanalyzed the combined BMMC and HSPC dataset using both filter-1 and filter-2. As
expected, trimming edges only slightly decreases the total number of mutations (between 5.9% -
12% across donors, Extended Data Fig. 8c). The nearest neighborhood resolved by ReDeeM
remains largely unchanged before and after removal of edge mutations with filter-2 or only
excluding edges (Fig. 4d, Extended Data Fig. 8e). This results in robust downstream analysis,
including assessment of cell-type origins. Finally, we reanalyzed the phylogenetic trees after
implementing filter-2 or only excluding edges. The topology of the tree remains informative. We
observe consistent polyclonal structures in young donors and significantly altered clonal
structures in aged donors after applying the filtering strategies, which argues for the robustness
of the biological findings described in our original study (Fig. 4e, Extended data Fig. 8f). In
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summary, we present multiple lines of evidence, both technical and biological, that demonstrate
the robustness of lineage analysis by ReDeeM with additional filtering and support the value of
1"-molecule mutations.

Conclusions

The commentary from Lareau et al. noted the important advances in ReDeeM implementing
targeted capture, deep sequencing, and single-molecule consensus calling for more sensitive
mtDNA genotyping. The commentary also suggested that mutations in one molecule per cell (1*-
molecule mutations) are likely artifacts, proposing to remove all these mutations. Here we provide
various lines of evidence that 1"-molecule mutations are supported by both technical and
biological validations, including valid consensus support and strong mutational signatures.
Furthermore, these mutations provide critical biological insights for fine-scale lineage analysis,
and including them improves the concordance with the orthogonal use of CRISPR-based lineage
tracing. We detailed our methodological considerations in mutation calling and error correction,
demonstrating that the observed edge mutations are distinct from previously reported artifacts.

The goal of ReDeeM is to provide an integrated experimental and computational framework that
enhances mtDNA mutation detection, facilitates finer-scale lineage inference, and enables the
integration of lineage structure with multimodal cell state profiling. The bioinformatic methods
proposed in ReDeeM aim to provide a flexible platform to implement consensus calling for error
correction. We highly encourage fine-tuning of different parameters to fit different applications,
including using different consensus thresholds, cell- and variant-level filtering, etc. Here we
introduce additional filtering options, including edge trimming and statistical modeling. We show
that additional filtering enhances the true signal rate and reproduces the major analyses and
conclusions, reinforcing the robustness of the ReDeeM framework.

We appreciate that ReDeeM and mtDNA lineage tracing have limitations. The precise dynamics
of mtDNA mutations still requires further investigation as has been demonstrated through a recent
study modeling high-frequency mutations and warrants caution against using some of the higher
heteroplasmy variants as clonal markers®. There is room to improve the resolution of mtDNA
tracing. ReDeeM is an exploration of what is possible with increased mtDNA mutation calling
sensitivity. We do not intend to, nor have we made the claim that mtDNA mutations can
reconstruct perfect trees for comprehensive resolution of all-encompassing processes. Our goal
is to reveal more detailed cell-cell lineage relationships and extract valuable biology, which
remains robust and unaffected by the concerns raised by Lareau et al., as we demonstrate by
modifying mutation filtering strategies that we present here. We are excited to see further
advances as more users apply ReDeeM to a range of biological problems and continue to improve
analytical approaches.
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Fig. 1. Enhanced sensitivity of ReDeeM through rigorous single-molecule consensus. (a)
Challenge and motivation of enhancing mtDNA mutation detection. A large majority of somatic
mtDNA mutations show intermediate to low heteroplasmy as many are associated with sub-clonal
events. The advantages and limitations of different heteroplasmic mutations are discussed.
ReDeeM allows detection of a fuller set of mtDNA mutations including high, intermediate, and low
heteroplasmic mutations for fine-scale and unbiased lineage tracing. (b) Workflow of the ReDeeM
experiment and the potential sources of artifacts within each experimental stage, represented as
red stars. See more detailed discussion in Supplementary Notes. (c) Single-molecule
consensus error correction strategy that accounts for previously described artifacts. See more
detailed discussion in Supplementary Notes. (d) One real data example of the grouped eUMI
sequencing read family. The eUMI group size is 5, each is completely overlapping sequenced by
both R1 and R2. (e-g) Mutational signatures (frequency unweighted) for all ReDeeM identified
confident mtDNA mutations or the collection for 1*-molecule mutations in Young1-BMMC and
Old1-BMMC (also see Extended Data Fig. 1b). (e) In comparison, the mutational signatures for
prefiltered mutations, and NUMT mutations are also shown (f-g)
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Fig. 2. Limited impact of edge mutations and validation for 1-molecule mutations. (a) Single
molecule consensus metrics for 1*-molecule mutations. eUMI family size: the number of
supporting paired-end reads. Average consensus score is the fraction of reads that support the
mutation calling. (b) Transversion proportion (mutation frequency weighted) for mtDNA mutations
called by ReDeeM with low and high heteroplasmy levels in Young1-HSC and Young2-HSC,
including 1*-molecule mutations (1 eUMI). True mtDNA mutations are expected to be enriched in
transitions (C>T/T>C), i.e, the lower the transversion proportion, the lower the noise level. The
transversion proportion is defined as the fraction of transversion molecule numbers out of all
(transversion + transition). eg, HSC shows a transversion proportion of 0.1, suggesting 88% of
1*-molecule mutations in HSCs are likely true signals (see Methods). (c) The observed number
of cells that carry a given 1*-molecule mutation, compared to the estimated error background
shown as the gray area (Methods). bg: background. (d) Proportion of mutations positioned on
edges (defined as <5 bp) across 1, 2, or more molecules (eUMI) per cell. (e) Left: Aggregated
distribution of relative position on fragments for Young1-HSC and Young2-HSC (also see
Extended Data Fig. 5) Right: enumeration of the post-hoc validation for edge mutations.
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Fig. 3. Robustness of ReDeeM mutation calling using filter-2. (a) Design of ReDeeM filter-2,
including 5bp edge trimming and binomial modeling. (b) Left: Transversion proportion (mutation
frequency weighted) for mtDNA mutations called by ReDeeM filter-2 with 1, 2, and more
molecules per cell in Young1-HSC. The transversion proportion is defined as the fraction of
transversion molecule numbers out of all (transversion + transition). eg, 1*-molecule mutations
(or 1 eUMI) shows a transversion proportion of 0.03, indistinguishable from bona fide
mitochondrial mutations. Middle: Scatter plot showing the number of cells with the mutation and
the average count per cell. Each dot is a mutation. These mutations are colored by transition or
transversion. Right: The mutation position on fragments shows flat distribution without edge bias
after the filtering. (c) Impact of ReDeeM filter-2 compared to original filter (filter-1). Left: total
number of mutations detected in Young1-HSC dataset; Right: the number of cells with
connections (or at least share one mutation with other cells). (d) cell-cell network metrics using
filter-1 and filter-2. The metric of cells in major network is the percentage of the largest subgraph
(see more in Extended Data Fig. 6). (e) Comparison of total number of mutations identified by
different combination of experimental protocol and mutation calling algorithm. (f) Overlap analysis
among different mutation calling strategies. The ReDeeM-only mutations (those identified by filter-
2 algorithm on ReDeeM capture protocol) are further evaluated by mutational signature analysis.
The transversion proportion of all or 1*-molecule mutations are both computed.
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Fig. 4. Robustness of lineage tracing analysis with ReDeeM filter-2.

(@) Reanalysis of the dual lineage-tracer experiment with a Kras;Trp53(KP)-drive lung
adenocarcinoma lineage-tracing mouse model. CRISPR-based and ReDeeM-based lineage
information were analyzed for the same cells. The agreement of closeness (AOC) between
ReDeeM and CRISPR lineage inference is computed across ReDeeM filter-1 (original ReDeeM
filtering) and filter-2 (using 5bp trimming and binomial modeling). The phylogenetic trees based
on all mtDNA mutations are illustrated and all single cells across 4 panels are in the same order.
The AOC is computed for (1) mtDNA mutations using filter-1, with 1*-molecule mutations, (2)
mtDNA mutations using filter-1, without 1*-molecule mutations, (3) mtDNA mutations using filter-
2, with 17-molecule mutations, (4) mtDNA mutations using filter-2, without 1*-molecule mutations,
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The regions with enhanced AOC when including 1*-molecule mutations are highlighted below. (b)
AOC distribution across different mtDNA filtering strategies compared to random reshuffled
background. P-values (Wilcoxon Rank Sum Test) are 6.7*107, 4.8*1072, 1.2*10%' and 3.9*107"®
for (1)(2)(3)(4). (c) Reanalysis of cell type origins using lineage informative mtDNA mutations
with default setting (Method in original paper) using filter-1 and filter-2 with all mutations or only
the 1"-molecule mutations (with max allele>=2). Color intensity indicates the proportion of each
target cell type (horizontal axis) within the mtDNA mutation-based k nearest neighborhood (KNN)
of the query cell type (vertical axis). Random reshuffling is performed 1000 times to determine
enrichment p values. (d) Comparison of k-nearest neighbors between filter-1 and filter-2. k=15,
K=30 neighborhoods are defined in distance matrices after different filtering strategies. The
distance rank in the original distance matrices before edge removal are shown for these
neighborhoods respectively, in comparison to random reshuffle. (e) Phylogenetic tree using
mutations after filter-2 across young and old donors. Of note, the phylogenetic tree presented in
the commentary from Lareau et al. is derived from removing all 1*-molecule mutations, even
though these mutations have >= 2 molecules detected in at least one cell and have multiple
technical and biological lines of support. This leads to half the cells not having any shared
mutations. These remaining singletons are shown as the area of black on the top part of the circle
in the commentary.
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Extended Data Fig. 1. Error correction strategy and mutational signature. (a) Workflow of
the ReDeeM variant calling pipeline (b) Related to Fig. 1e. Mutational signatures (frequency
unweighted) for all ReDeeM identified confident mtDNA mutations or the collection for 1°-
molecule mutations in Young2-BMMC and OId2-BMCM. (c) Number of total ReDeeM mtDNA
somatic mutations in BMMC for 4 donors and the number of mutations defined as low molecule
high connectedness (LMHC) and position bias (using Kolmogorov—Smirnov test (KS)>0.35 and
defined as LMHC as Lareau et al commentary proposed) takes account for small proportion
(6.9%, 5.7%, 2.5%, 5%);
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Extended Data Fig. 2. Consensus validations for edge and low molecule mutations. (a) key
benchmarks for validating edge and low molecule mutations. (b) Individual mutation examples
with edge position bias and/or low molecule of proposed LMHC mutations. For each mutation,
the following key benchmarks are conducted: the eUMI group size (number of supporting paired-
end reads for each eUMI group), the consensus score distribution of the calls (fraction of reads
that supports the mutation calling), the proportion of mutation calls with OPE (overlapping paired-
end (OPE) sequencing), and the level of strand bias. (¢) Summary statistics that compare each
of the key benchmarks between edge biased mutations (less than 9bp from the ends) and non-
edge mutations (greater than 9 bp from the ends) for consensus mutation calling quality control,
including eUMI group size, the consensus score distribution of the calls, the proportion of mutation
calls with OPE, and the level of strand bias. (d) Same summary statistics with ¢, a comparison
between low-molecule mutations (LMHC) versus other mutations.


https://doi.org/10.1101/2024.08.23.609473
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.08.23.609473; this version posted August 24, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Ground truth mutation position on fragment
All 34 germ line homoplasmy mutations in Young-1

1 il

M \M\M\\h\|\m\\

1

§
\H“ \““ .Ul HHH”

1243m>C

%

§
\M\m

wwwww

w00 B0

{||w

H\\ MMH

mﬂ

\ 1 \

\\HH\MHH\I\N\Hl\l\ﬂm. :

I

) ! 1

§

000 8000

] uh\\ﬂh\ﬂm

hw

i
£

H \HHHM W mhHHnnhuummmuuw”

195T>C

HHH| HW\HMH\M

204T>C

0 20 w0

040>T

Frequency

H
g §

g
g
H

m! y

200 4000 600

“unl\h|\|\|m\|\|mm\ i ° j

Um

b Examples of non-artifact sources of mutation position bias by Tn5 insertion preference

:
8

8

H

-

E 8

a0

A
i il
L

o “«
;_;_A_;J [} ;_;_u_‘_;_.

m\h\\\m \N

Mutation relative position on fragment

1200

\I\M\HH\ B

Ll N\\IHIM Ll M nnnnmuulmum

Frequent Tn5 insen’gn site - 5‘ 866A>C o 310T>C o 1334G>A 9 6956T>C 8 | 6577G>A o 5993C>T
£ 1 o
H @ - o g -
LR RN ® : : : ]
i i g J‘ g M " o] B
| | $ . - L2l : -] i oJua
' ¢ ' ~ Tns L R R L
! ! ® TFAM Background
S ) " 2 Bacl kgmu d grour
Tn5-motif 82 o cowringpos8 g covering pos S0 § coverm o 1534 roporas  coveops e
NE— mm TFAM-motif £ 8 g
Mutation relative — DNA

position on fragment * Mutation 58

T ww o G

Cou

Relativ pl on fragment

Small Indel
Mislabeled as SNV »
on edge
frag-1

frag2 C———"—— The reads that

The pp Azss c
Young1 Young2 Aged1 Aged2

Example of mis-labled edge mutations by small indels
4206 4296>C 429 background
é

No. of indels 470 517 597 650

Mean indel

143 1.36 151 154
molecule per cell

No. of mut
w/ low molecule and 268 233 126 318 TT
tion bias Alternative explanation T T
post i by smallindels 57+

No. of edge mutations 40 40 24 56
adjacent toindel (<2bp) (15%) (17%) (19%) (18%)

Extended Data Fig. 3. Alternative sources potentially contributing to position biases. (a)
The relative position distribution on fragments for individual homoplasmic mutations. All 34
homoplasmic mutations of donor Young-1 are shown. These homoplasmic mutations serve as
true mutation controls. Notably, the majority of these mutations are not uniformly distributed.
Some exhibit strong “position bias” and excessive edge enrichment. L and R on the x axis indicate
left and right side of the fragment. (b) Left: Schematics of the apparent position bias associated
with frequent Tn5 insertion sites. Right: Examples of position biased mutations where the
background fragment (including wildtype and mutant) are consistently skewed. Top row indicates
the position-on-molecule distribution for mutants. The bottom row indicates the position-on-
molecule distribution for wildtype+mutant. (c) Top: Schematics to illustrate that some indels can
be mislabeled as point mutations on edges and show apparent position biased edge mutations.
Bottom: summary of the number of indels, the mean molecule number of indels per cell, and the
number of edge mutations that are adjacent to an indel. (d) An Example of position biased
mutation that can be potentially explained by small indels.
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Extended Data Fig. 4. Validation for 1*-molecule mutations. Related to Fig. 2. HSC, HSPC,
and BMMC for Young-1 and Young-2 are shown. For each sample, the left sample shows
transversion proportion for mtDNA mutations called by ReDeeM with low and high heteroplasmy
levels including 1, 2, and more molecules (eUMI) per cell. True mtDNA mutations are expected
to be enriched in transitions (C>T/T>C), i.e, the lower the transversion proportion, the lower the
noise level. The transversion proportion is defined as the fraction of transversion molecule
numbers out of all (transversion + transition). The middle panel shows the proportion of mutations
positioned on edges (defined as <5 bp) across 1, 2, and more molecules (eUMI) per cell. The
right panel shows the observed number of cells that carry a given 1*-molecule mutation, compared
to the estimated error background shown as the gray area (Methods).
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Extended Data Fig. 5. Evaluation of edge trimming distances to remove edge biases.
Related to Fig. 2. Aggregated distribution of relative position on fragments for HSC, HSPC, and
BMMC for Young-1 and Young-2. Both before and after trimming (4 bp, 5 bp, and 9 bp are shown).


https://doi.org/10.1101/2024.08.23.609473
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.08.23.609473; this version posted August 24, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

a Young1 HPC Young2 BMMC Young2 HPC  Young2 HSC d Young1 HPC Signature for ReDeeM only mutations
006 = % 3,C>A C>G C>T T>A T>C T>G
5 o9s c% o
E SW 4.

o 04 ‘ 22 ,
5 22 ¢ J
> 0.2 @ Transversion ratio: All= 0.06, 1mol= 0.03
C
© 00 003003004003 ooao-mwo_as 003003904003 0.039,020.0300¢ Young2 BMMC Signature for ReDeeM only mutations
= 82
bg ALL 1 2 3+ ALL 1 2 3+ ALL 1 2 3+ ALL 1 2 3+ ) C>A C>G C>T T>A T>C T>G
eUMI# UM # eUMI# eUMI # g 100
b 52 75
5000 I
4000 5000 %0 0’0 ,,,,,,,,,,,,,,,,,,,
2 4000 e a ion rati
S 3000 4000 4000 17 Transversion ratio: All= 0.05, 1mol= 0.05
S 3000 3000 3 -
g 2000 Young2 HPC Signature for ReDeeM only mutations
2000
- 2000 2000 ) C>A C>G C>T T>A T>C T>G
o 1000 1000 1000 Ea Z,
S 6
z 0 0 0 gy 4
£58 2
» 6000 10000 10000 715, 22 ol iram) o ) v
S
% _5 7500 7500 7500 «n Transversion ratio: All= 0.06, 1mol= 0.04
2 & 4000 5000 Young2 HSC Signature for ReDeeM only mutations
[0] 5000 5000
2 E 2000 ) C>A C>G C>T T>A T>C T>G
o0 2500 S~ 0
5 2500 2500 cg I
g8 sd 6}
2% o 0 0 0 5z ¢
Young1 HPC  Young2 BMMC Young2 HPC Young2 HSC = 0 ﬂ S 11—
[[] Disconnected  [] Redeem filter 1 [J] Redeem filter 2 @ Transversion ratio: All= 0.05, 1mol= 0.03
c cells
Young-1 Young-2
HSC HPC BMMC HSC HPC BMMC
ReDeeM filter -1 -2 -1 -2 -1 -2 -1 -2 -1 -2 -1 -2

No. of mutations 4,394 3,932 4,800 4,051 3,893 3,029 5,314 4,707 5,128 4,395 4,084 3,276
No. of cells (share mut) 6,113 5,937 6,317 6,155 5,872 5233 10,468 10,126 9,084 8,676 7,825 6,915

%Cells in largest subGraph 100 99.96 100 100 100 99.7 100 99.96 100 100 100% 99.8
Median No. cells /mutation 6 5 8 6 6 4 9 7 8 6 6 5
Median No. mutations /cell 6 4 9 5 5 2 6 4 6 4 4 2
Average path length  2.17 2.68 1.95 2.37 21 3.07 2.09 2.58 2.63 2.37 2.24 3.01
Average degree 218 61.5 548 128 233 34 378 94 421 81 210 60.5
Transitivity 0.48 0.5 0.34 0.51 0.35 0.57 0.39 0.43 0.35 0.43 0.44 0.86

Extended Data Fig. 6. Robustness of ReDeeM mutation calling using filter-2 across
samples. Related to Fig. 3. (a) transversion proportion for mtDNA mutations called by ReDeeM
filter-2 with 1, 2, and more molecules per cell across samples in Young-1 and Young-2 donors.
i.e, the lower the transversion proportion, the lower the noise level. The transversion proportion
is defined as the fraction of transversion molecule numbers out of all (transversion + transition).
(b) Impact of ReDeeM filter-2 compared to original filter (filter-1). Top: total number of mutations
detected across samples; Bottom: the number of cells with connections (at least share one
mutation with other cells). Disconnected cells are labeled in grey. (¢) comparison between filter-
1 and filter-2, including mutation and cell number, and various connectivity metrics. (d) Overlap
analysis among different mutation calling strategies. The ReDeeM-only mutations (those
identified by filter-2 algorithm on ReDeeM capture protocol) but not by mgatk are further evaluated
by mutational signature analysis. The transversion proportion of all and1*-molecule mutations are
shown on the bottom.
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Cell type-specificity analysis with mutations detected in 1*-molecule per cell
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Extended Data Fig. 7. Extended reproducible lineage tracing analysis with ReDeeM
filtering. (a) Example mtDNA mutations that show lineage specificity. The 1*-molecule mutations
are represented in triangles with colors. The mutations with more molecules per cell are
represented in black dots. (b-d) Related to Fig. 4a. (b) Reanalysis of the agreement of closeness
(AOC) between ReDeeM and CRISPR lineage inference using ReDeeM pipeline by cell-ranger
(bwa) as aligner (without mitochondrial genome masking) is computed with or without edge
trimming. (¢) AOC distribution compared to random reshuffled for panel a with or without edge
trimming. (d) AOC distribution using all mtDNA mutations called by 4 varieties of ReDeeM
pipelines, where two aligners: bowtie2, and cell-ranger (bwa) and two consensus calling
thresholds are tested. (ef) Extended example related to Fig. 4a-b, The agreement of closeness
(AOC) between ReDeeM and CRISPR lineage inference is computed across ReDeeM filter-1 and
filter-2. 4 panels are in the same order. The AOC is computed for (1) mtDNA mutations using
filter-1 with 17-molecule mutations, (2) mutations with 1 molecule per cell with filter-1 (3) all mtDNA
mutations with filter-2 (4) mutations with 1 molecule per cell with filter-2. The regions with
enhanced AOC when including 1-molecule mutations are highlighted. AOC distribution across
different mtDNA filtering strategies compared to random reshuffled.
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Extended Data Fig. 8. Extended reproducible lineage tracing analysis using filter-1 with 4
bp edge trimming (a) Comparison between informativeness and connectivity. See more detailed
discussion in Supplementary Notes. (b) Enumerate the downstream benchmarks if one were to
exclude 4 bp edge mutations. The edge mutations are defined as ones that are <= 4 bp to the
end of a fragment throughout this analysis (c) Number of total mutations before and after
excluding all edge mutations with filter-1. (d) Number of cells connected for individual cell across
donors (sharing >=1 mutation), the % largest subgraph is shown below (includes the most cells
that can be connected directly or indirectly.) (e) Comparison of k-nearest neighbors before and
after excluding edge mutations. k=15, K=30 neighborhoods are defined in distance matrices after
removing edge mutations. The distance rank in the original distance matrices before edge
removal are shown for these neighborhoods respectively, in comparison to random reshuffle. (f)
Phylogenetic tree using mutations without edge and LMHC across young and old donors.
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Methods

Threshold of ReDeeM-V mutation calling

The commentary from Lareau et al. raises the concern that ReDeeM requires only one mtDNA
molecule to call a mutation in a cell (i.e., threshold >0) suggesting it is an unusual choice
compared to traditional thresholds (e.g., >10% heteroplasmy) in the previous methods. To clarify,
the variants detected at “one molecule per cell” that are mentioned by Lareau et al. have strong
consensus support by multiple reads and require both of the following criteria: (1) there are at
least 2 cells to have detected 1 or more molecules (eUMIs) and (2) at least 1 cell to have 2+
molecules (eUMIs). The commentary suggests that one molecule per cell is minimal evidence.
However, with an average eUMI group size 4.8 as reported in our manuscript, this one molecule
has passed multiple filtering steps and is strongly supported by an average of 9.6 reads that are
consistently calling mutations from both strands. In addition, these 1*-molecule mutations are
supported by multiple orthogonal lines of evidence as discussed.

The commentary suggests that a minimum of 3 eUMIs is a lenient threshold. However, this
threshold in a typical dataset with 10,000 single cells represents a global variant allele frequency
(VAF) of 107 (3/ (10,000*30) with approximately 30 mtDNA copies detected per cell. Indeed, the
ReDeeM mtDNA mutation data show the global VAF range between 10°-10° (with a median
near 10™) if all single cells are pooled together as a pseudo bulk population. Aiming to detect
mutations with VAFs in this range using a double-stranded eUMI consensus system is not a
lenient threshold, as this strategy has been utilized to achieve mutation frequencies down to 10”7
or lower in prior studies™®.

ReDeeM's mutation-calling process benefits from its mtDNA capture and deep profiling protocol,
enabling the application of single-molecule consensus correction. This allows for the detection of
low heteroplasmy mutations, which cannot be achieved without error correction in previous
method. The rationale of comparing the mutation calling thresholds between consensus-based
ReDeeM and previous methods (no correction applied) is not clear. To provide a context, the
extensive development of consensus error-correction technologies has allowed for the detection
of variants at extremely low levels (10 to 10®), far below the conventional sequencing detection
threshold, which is typically around 1%.

ReDeeM filter-2

ReDeeM filter-2 applies the same consensus filtering strategies and follows the same
downstream filtering procedures except the following two changes. (1) After the consensus error
filtering, we further label the distance to the nearest fragment end for every mutation, and remove
mutations within the distance d. We have tested the d =4, 5, 9. We chose d = 5 for main analysis
which is sufficient to flat the relative position distribution across all samples (d=4 is sufficient in
most samples, Extended Data Fig. 5). (2) In the original downstream filtering, a mutation is only
included if it is supported by at least two molecules (eUMIs) in at least one cell and can be
detected in multiple cells (The max molecule number per cell all cross cells, or max allele = 2 and
detected in = 2 cells, as shown in Extended Data Fig. 1). We further refined this hard cutoff with
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binomial modeling, which follows the same principle. We assume that the residual noise after
consensus filtering follows a binomial distribution. By modeling the observed mutation distribution
across cells and testing against the expected binomial distribution (chi-squared test). We filter out
mutations if there is insufficient evidence to reject the null hypothesis of a binomial distribution
(adjusted p > 0.05). This modeling-based method is largely equivalent to max allele>=2 threshold,
but it also effectively removes excessive low molecule high connectedness (LMHC) mutations. In
this work, we combined the 5 bp trimming and the binomial modeling with adjusted p-value <0.05
as ReDeeM filter-2. The trimming distances and binomial modeling p-values can be further fine-
tuned in the ReDeeM-R package for optimization in different systems.

Comparison with mgatk

We used Cell Ranger pipeline to generate bam files from both the enriched mtDNA library and
snATAC library. These bam files were then processed using mgatk v0.6.1 (mgatk tenx mode with
default parameters) to call mtDNA mutations. We compared mtDNA mutations from three different
datasets: (1) ReDeeM-V variant calling applied to the enriched mtDNA library; (2) mgatk variant
calling applied to the enriched mtDNA library; 3) mgatk variant calling applied to the standard
(non-enriched) library. Mgatk variant calling parameters keep consistent with previously described
(strand_correlation > 0.65 & n_cells_conf_detected >= 3 & (log10(vmr) > -2) & mean < 0.8)
Barplots were generated to visualize the number of mtDNA mutations across these datasets.
Additionally, we used Venn diagrams (BioVenn v1.1.3) to assess the overlap of mutations across
the three datasets. Mutations identified exclusively by Redeem but not by mgatk were
subsequently subjected to mutation signature analysis.

Mutational signature analysis

Bona fide mitochondrial mutations typically exhibit a transversion proportion between 0.03 and
0.1, serving as an orthogonal validation that can help estimate the true signal rate of these
mutations by comparing to expected background transversion proportion (0.67). We computed
both the mutation-frequency weighted and unweighted mutational signature (Indicated in Figure
legends). For mutation-frequency weighted mutational signature, each molecule is counted once
while for unweighted mutational signature, each unique mutation is counted once regardless of
the number of molecules per mutation. The error rate estimated by mutational signature is
computed as follows:

(Tp(ObS) - Tp(Exptrue))/Tp(Exprandom - Tp(Exptrue))
Where Tp is the transversion proportion

Tp(obs) is the transversion proportion of observed group of mutations

Expirye is the the transversion proportion of ground truth mutational signature

Exprandom 1S the transversion proportion of random noise. It is set as a constant 0.67 given the
expected transversion proportion in background,

For example, if we observe the transversion proportion 0.11 in the HSC 1 eUMI group, and 0.03
in ground truth from the 3+ molecule group. The estimated error rate is (0.11-0.03)/(0.67-0.03)=
0.125. The true signal rate reported in the main text is computed as 1 - error rate.
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Maximum background error rate estimation

We use all mutation calls that fail to meet our original cutoff of max allele = 2 after consensus
filtering to approximate the “background” error. For each possible mutation that is not located on
the edge (i.e., after trimming 5 bp), we counted the number of cells in which the mutation
appears and then computed the average number of cells per variant. This value is multiplied by
the transversion proportion to estimate the expected number of cells per variant that would arise
from background errors. We also counted the observed number of cells for the 1*-molecule
mutations that passed the ReDeeM threshold with max allele>=2 and not located on edges (trim
5bp). The estimated error rate for 1*-molecule mutations based on this background modeling is
computed as below:

Nvariant * ngexp /Nl—molecule mutation

Where N, 4rian: 1S the number total called mutations
bgN.,, is the expected number of cells per variant as background

N1 _motecule mutation 1S the number of 1°-molecule mutation molecules.

Network analysis

Following QC of cells and mutations, we binarized the cell~variants count matrix M, and then
compute the adjacency matrix by multiplying M by its transpose MT, representing the connections
between cells based on shared mutations. An undirected graph was subsequently constructed
using the function graph_from_adjacency _matrix from the igraph R package. Key network
metrics, including “average degree”, “average path length”, and “transitivity”, were calculated
using the degree, mean_distance, and transitivity functions in igraph. The largest subgraph was

defined as the proportion of cells connected within the largest component of the graph.

CRISPR lineage-tracing validation using subsets of mtDNA mutations

The detailed methods have been described in the original manuscript. Briefly, to test the accuracy
of phylogenetic reconstructions generated by ReDeeM, we used a Kras;Trp53-drive lung
adenocarcinoma lineage-tracer mouse model for detection of both engineered CRISPR-based
evolving barcodes in the nuclear genome and naturally occurring mitochondrial somatic mutations
by ReDeeM in the same single cells. The measure of cell-cell relatedness and clonal groupings
as determined by ReDeeM was significantly supported by CRISPR-based methods at both the
clonal cluster level and the single-cell level as measured by the agreement of closeness (AOC).
The AOC is defined as follows. Given a single cell X, we firstly identified k (default is 15) nearest
neighbors M1,M2.. Mk in mtDNA mutation derived graph Gm: (Jaccard distance matrix). Then we
computed the average distance from Mi,M...Mi to the cell X on CRISPR derived graph G
(hamming distance matrix). The ranks of these distances on G (The closest is indicated as rank
#1) were compared with that from randomly picked k cells. The random process was repeated
1000 times and the rank % closer toward cell X in observed data than expected was defined as
“agreement of closeness” or AOC. (i.e., a positive value of AOC indicates a closer distance to cell
X than expected, while a negative score indicates a farther distance). For example, if the real rank
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of nearest neighbors from Gyt in G is 8th while the random reshuffled rank is 16th (with a total
of 32 cells), the AOC is (16-8)/32= 25%. The empirical p value was also generated by i
permutations (default is 1000). Here, we applied the same method to compute AOC by inputting
different subsets of mtDNA mutations to compute the distance matrix. The subset of mtDNA
mutations includes: (1) using mutations from RedeeM filter-1. (2) excluding 1*-molecule mutations
from RedeeM filter-1. (3) using mutations from RedeeM filter-2. (4) excluding 1*-molecule
mutations from RedeeM filter-2.

Mouse ReDeeM data

We have deposited all raw data of the CRISPR lineage tracing experiments in the GEO
(GSE219015) and provided the preprocessed data using the latest pipeline that is the same as
was used to process human data. We have described the version of the pipeline used in the GEO
records with details.

We clarify some misunderstanding of the experimental design and data processing presented
from the Lareau et al. commentary. Specifically: (1) As stated in our manuscript, dedicated mtDNA
libraries were generated following the ReDeeM protocol for mouse data. The dedicated mtDNA
library and ATAC library are both generated and are then pooled in a ratio (2:1) to be sequenced
in one lllumina sequencing lane. The only difference in human experiments is that the mtDNA
library and ATAC library are sequenced in two separate lllumina lanes. (2) The reason for the
lower saturation rate in mouse data is due to the mouse tumor cells having more unique fragments
per cell, which made us choose to not fully saturate the sequencing for cost-effectiveness, not
that as stated in the commentary that “no dedicated mtDNA library was isolated.” Therefore,
additional sequencing can be beneficial, and this benchmarking provides a conservative estimate
of the accuracy of the mtDNA-based lineage tracing we perform.

We also benchmarked the robustness of this validation analysis by comparing the agreement of
closeness using mtDNA mutations by the ReDeeM pipeline with different parameters, with
different read-mapping strategies (bowtie2 with mt-genome masking vs bwa without mt-genome
masking) and different consensus thresholds. All 4 pipelines yield consistent positive AOC,
significantly higher than random reshuffle (Extended Data Fig. 7d).

Lineage origin analysis using subsets of mtDNA mutations

To validate if mtDNA mutations can provide valuable fine-scale lineage information for different
subsets of mutations, we performed the lineage origin analysis as described in the original
manuscript. Briefly, we choose lineage-informative mtDNA mutations to generate matrix Cpin and
computed weighted Jaccard distance. We then generated KNN graph G that describes cell-to-cell
lineage relationships based on shared mutations. We then integrated cell-type annotations from
the multiomics analysis with graph G. For any given cell (query cell), the proportion of each cell
type (target cell types) within KNN on graph G was computed. Target cell-type proportions for
each query cell type were then aggregated and scaled. Randomly reshuffled cell type information
was used to compute the background proportion. Random reshuffling was performed 1000 times
to determine enrichment p values. We performed the same analysis by inputting different subsets
of mtDNA mutations to compute the KNN graph G: (1) using mutations from RedeeM filter-1. (2)


https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE219015
https://doi.org/10.1101/2024.08.23.609473
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.08.23.609473; this version posted August 24, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Only using 1*-molecule mutation from RedeeM filter-1. (3) using mutations from RedeeM filter-2.
(4) Only using 1*-molecule mutation from RedeeM filter-2.

Indel analysis

We adapted our ReDeeM framework to call indels with consensus error correction. Briefly, after
eUMI single-molecule grouping, we extract the indel information from the CIGAR string and
perform a more stringent consensus filtering using family size >= 4 and consensus score > 0.9.
The average number of molecules per indels are summarized and the number of adjacent edge
mutations is counted.

Neighborhood and Tree analysis

Next, we examined the impact on the k-nearest neighbors. We computed the weighted jaccard
distance for the cell-variant matrix using filter2 (or only remove edges) and defined the k-nearest
neighbors using K=15 and 30. We then examined the closeness (rank of distance to the given
cell) for the defined nearest neighbor in the filter-1. Finally, we repeated the phylogenetic tree
analysis by using filter-2 and removing hypermutable mutations (defined as mutations
with >=0.5% across all donors, and those located in D-loop region), followed by tree
reconstruction using the neighbor joining algorithm from weighted Jaccard distance as described
previously. We have also tested only removing edge mutations and LMHC, followed by tree
reconstruction. Reproducible results showing topology difference between young and old are
observed.
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Supplementary Notes

ReDeeM design for robust error correction.

ReDeeM is developed by modifying the single-cell multiome of the 10X Genomics platform to
capture mtDNA, ATAC, and RNA from the same cells. The overall ReDeeM methodology has
been described previously®. Here, our focus lies in elucidating the source of all possible mtDNA
mutation artifacts within each experimental stage, and demonstrating how ReDeeM is designed
to rigorously mitigate these artifacts from diverse origins to achieve high sensitivity and accuracy.

The following major stages in ReDeeM protocol involve possible artifacts on mtDNA (Fig. 1c¢).
Stage 1: mild fixation, permeabilization, and Tn5 tagmentation are performed for cells in tubes.
We used 0.1% formaldehyde (FA) for mild fixation. Although the chance of mutagenesis by FA is
low given the low concentration and short time (10min), the interaction with FA could induce some
single-strand damage that leads to some strand-specific errors. The permeabilization using 0.1%
NP40, no reported risk for artifacts. Enzyme-based fragmentation approaches can mitigate the
introduction of artifacts compared to methods using sonication and end-repair which causes DNA
damage on the edge and leads to errors®. Stage 2: in the droplets (10X Genomics) that
encapsulate single cells, the cell-barcodes are ligated onto tagmented mtDNA fragment in
ReDeeM (using multiome chemistry), and gap filling is performed after droplet breakdown.
Notably, the cell-barcode adapters are double-stranded which add the same barcode to both
strands. Both strands can be further amplified. This is an advantage compared to using scATAC
chemistry where linear amplification in droplets will only amplify one of the two strands. Together
with the Tn5 cutting ends, this provides a robust double-strand UMI system for consensus
correction in the downstream analysis. The Tn5 associated 9bp gap filling involves DNA synthesis
on one of the two strands of the initial molecule. If polymerase makes any mistakes, it will generate
errors on one of the two strands. Stage 3: PCR ampilification for library preparation. PCR errors
in library prep are common. In ReDeeM protocol, we deviate from the standard 10X Genomics
protocol by using high fidelity PCR polymerase of NEBnext and KAPA, which significantly reduces
the errors generated during PCR. Stage 4: paired-end sequencing. Sequencing errors are
another common source of artifacts. To take the full advantage of overlapping paired-end
sequencing, we performed 150X150 paired-end sequencing. The mtDNA fragment by Tn5 is short
(mostly around or less than 100bp) due to the lack of histone, and thus ReDeeM protocol can
ensure more than 90% of bases are overlapped by both reads.

As described above, ReDeeM implemented both the overlapping paired-end sequencing and the
consensus correction. The eUMI used in ReDeeM is a double-strand single-molecule tagging
system using double-strand cell barcode with the Tn5 cutting ends, which can correct not only
downstream PCR/sequencing errors but also reduce strand-specific artifact in the initial molecule.
After sequencing, all reads that share the same eUMI are considered copies from the same
original molecule and are grouped for comparison. Here is the breakdown of how ReDeeM
mitigates different types of errors (Extended Data Fig. 2b). Most sequencing errors (both
stochastic and context-dependent errors) can be removed by comparing the overlapped paired-
end read1 and read2. Also, the eUMI consensus filtering can further clean up any remaining
sequencing errors that by chance make the same mistakes on both reads; The PCR errors are
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expected to only appear in a small subset of eUMI group members and thus can be easily filtered
out by consensus score. The possible FA induced errors and 9-bp gap filling errors are on one of
the two strands in the initial molecule, and thus these errors are expected to show consensus
score distribution centered at 50%. By removing mutations with less than 75% consensus score,
ReDeeM further reduced this type of error. We also show the majority of mutation calls reach
100% consensus and did not observe significant increase around 50% (Extended Data Fig. 2c,
d). Nonetheless, given there is a chance that one strand is not amplified, some of the errors during
9-bp gap filling cannot be removed and thus incorporating a minimal edge trimming is further
helpful.

Consideration and control for nuclear mitochondrial DNA segment (NUMT)

The nuclear genome contains hundreds of NUMTSs that are similar to the mtDNA. It is important
to control the influence from the germline SNPs on NUMT due to misalignment. ReDeeM offers
a number of advantageous features that conceptually and practically minimize the impact of
NUMTs. 1) ReDeeM is designed as a multiomics framework that captures open chromatin,
mtDNAs and RNA in the same cell. i.e, only the NUMT on accessible nuclear regions have the
chance to be captured. We estimate there are only 1 NUMT that could be captured per cell based
on the number of accessible peaks and the number of NUMTs (NUMT is approximately 400,000
bp in nuclear genome, that is 0.015% of the human genome. The proportion times the detectable
ATAC fragments (~ 10,000/cell) is approximately 1 fragment per cell. Moreover, the NUMT is
known to be methylated and largely inactive, and thus the actual number that can be captured
from open chromatin can be even lower'®. 2) ReDeeM implements a filtering step for alignment
where the paired-end reads must both be mapped to mtDNA genome, which effectively removes
any remaining NUMTs, because most of NUMTs are short insertions and thus there is a high
chance that the NUMT fragment cut by Tn5 would span across the breakpoint and be removed
by this filtering step (median NUMT size is 156 bp)'. 3) Since the human nuclear genome is
diploid, NUMT germline SNPs have been well modeled and validated as 0.5n/(0.5n+m), where n
is nuclear coverage and m is mtDNA. Inspired by this work, ReDeeM requires the mtDNA
mutations to have at least two or more than two alleles (molecules) in at least one cell. In fact,
more than 75% of mutations we call show 3 or more than 3 alleles in a cell. 4) As discussed
above, the overall mutational signature is an effective consensus validation since real mtDNA
mutations are enriched in transitions. Notably, the mutational signature of NUMT is different from
real mtDNA mutations, and thus their influence is clearly controlled.

Consideration of informativeness and connectivity in lineage tracing

Connectivity defined by average degree (number of connections) provides one important aspect
to describe how dense a network is. However, it is not a full picture of the network properties and
does not directly argue for or against the potential of downstream lineage analysis. This metric
can vary dramatically due to different biology and can be influenced by a small number of
mutations that are less informative (Extended Data Fig. 8e). In an extreme hypothetical scenario,
including or excluding a single mutation that is shared by all the cells (eg, a germline mutation)
the average degree of connectivity will dramatically change in several magnitude (eg, in a 10,000
cell dataset, the average degree of connectivity will change 108 by including or excluding one non-
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informative mutation), but this would not affect the inference of cell-cell relationship with or without
this mutation. There are several different aspects of network metrics that are important to describe
the connectivity and the informativeness, including largest subgraph, transitivity, etc which are
discussed in this work. For example, the informativeness characterized by the total number of
characters (in this case, the total number of mtDNA mutations), is a critical metric®. If the cells
are connected by mutations shared by fewer cells, but with a greater number of unique mutation
events, the overall connectivity is lower, yet the phylogenetic informativeness is high, as these
additional mutations provide crucial evolutionary information needed to accurately resolve cell-
cell relationships.

Potential alternative sources of position biases

To understand if there are inflated errors that are poorly corrected on the edge, especially during
upstream steps such as gap filling, we compared the key consensus metrics between the
mutation calls on the edge (within 9-bp to the end) and non-edge regions (Extended Data Fig.
2a). We observed comparable eUMI group sizes (number of supporting reads per molecule),
consensus score distributions (fraction of reads supporting the mutation, range from 0 to 1),
paired-end overlap, and strand ratios between edge and non-edge region mutations (Extended
Data Fig. 2c). We also examined the low molecule and high-connectedness mutations (LMHCs)
reported by Lareau et al. and observed high-quality consensus benchmarks (Extended Data Fig.
2d). These data suggest that these variants with position biases are fundamentally different from
sources of errors underlying previously reported artifacts®'>'®. While we recognize the possibility
of uncorrectable artifacts such as those during Tn5 gap-filling, the evidence suggests there are
likely contributions from other sources including biological phenomena. Of note, Tn5 insertion
sites are not completely random, which is influenced by specific DNA motifs and accessibility'"'8.
If there is a mutation occurring at a frequent Tn5 insertion site, this mutation is likely to exhibit
“position bias” near the edge of the fragment (Extended Data Fig. 3b). Most mtDNA in the cell is
packaged into nucleoids and exhibits heterogeneous accessibility across different mtDNA
molecules?'. This variability is primarily modulated by the nucleoid-associated protein TFAM,
along with other co-occupying factors, which may create frequent Tn5 insertion sites and
contribute to the observed position biases. Indeed, while the number of position-biased edge
mutations is limited, we observed a trend where these mutations occur at positions where
background Tn5 fragments with wildtype alleles also show consistent edge accumulation to some
extent (Extended Data Fig. 3b). This suggests the presence of frequent Tn5 insertion sites may
contribute, at least in part, to the observed position bias. Furthermore, small indels could also play
a role in contributing to some position bias. In the current ReDeeM pipeline, small indels are not
considered if they occur in the middle of a read, but near the ends, these may be mislabeled as
point mutations, resulting in apparent edge effects (Extended Data Fig. 3¢, d). These small indels
can also explain part of the position-biased mutations and relabeling these small indels and
recovering those that we ignored can potentially improve variant calling approaches in the future.
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