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SUMMARY

Elucidating cell fate decision-making requires linking lineage history to dynamic phenotypic states. Driven by
single-cell sequencing and genome engineering, lineage tracing has evolved from observational studies into
a multidimensional, high-throughput discipline. Here, we synthesize its three methodological pillars: pro-
spective tracking via genetic markers, high-throughput mapping using synthetic barcodes, and retrospective
tracing leveraging endogenous natural variants. We survey their integration with multi-omics and spatial
profiling, alongside computational approaches to decode cell fates from lineage data. By detailing each ap-
proach’s trade-offs, we offer a systematic guide for experimental design and highlight emerging frontiers for

translating precision clonal analysis into the clinic.

INTRODUCTION

Cell fate dictates the developmental trajectory a cell follows—
from its origin to its terminal identity—under physiological and
pathological conditions. Mapping these fates is essential for un-
derstanding tissue development, homeostasis, and repair, as
well as how aberrant lineage decisions drive disease.’? Cell
fate choice is often conceptualized using Waddington’s land-
scape, where a cell rolls down a branched, contoured hill, pro-
gressively restricting its developmental potential until it settles
in a terminal valley.> Translating this metaphor into a quantifi-
able framework requires resolving five core elements: (1) cell
state—the dynamic molecular identity of a cell, (2) fate paths—
the trajectories and branching histories connecting states, (3)
functional outputs—the specialized roles of terminal popula-
tions, (4) fate-driving forces —the intrinsic networks and extrinsic
cues that dictate lineage choices, and (5) fate manipulation—the
targeted redirection of cell fate through perturbation. Together,
these five elements provide a framework for assessing progress
toward a complete understanding of cell fate (Figure 1A).

The quest to map these elements began around 1980 with Sul-
ston’s direct visual tracking of the complete C. elegans lineage.’
To overcome the impossibility of direct observation in mamma-
lian tissues, Cepko and colleagues introduced genetically engi-
neered retroviruses.'® Using lacZ reporters, they mapped the
multipotent clonal architecture of the developing rodent brain
and retina."’ Building on these milestones, advances over the

past decade have propelled the field from low-resolution
tracking to systematic, high-dimensional fate mapping, enabling
comprehensive decoding of the five core elements. This
evolution has been driven by three methodological pillars
(Figures 1B-1D).

First, prospective tracing with genetic markers remains an
indispensable workhorse (Figure 1B). By using site-specific re-
combinases (e.g., Cre, Flp, and Dre) to activate optical reporters,
defined cell populations can be labeled, tracked, and function-
ally interrogated in vivo. With further evolution through the inte-
gration of dual-recombinase logic and multicolor clonal analysis,
this classic approach continues to provide foundational insights
into developmental biology.

Second, to meet the demand for massive throughput and sin-
gle-cell resolution, synthetic barcodes have advanced rapidly
(Figure 1C). This strategy introduces diverse DNA barcodes—
via viral integration or cumulative genome editing—to simulta-
neously track thousands to millions of clones and reconstruct
phylogenetic trees. Crucially, these barcodes can be directly in-
tegrated with single-cell sequencing to enable high-resolution
state-to-fate mapping.

Finally, to map lineages where transgenesis is precluded—
particularly in human tissues —the field has pioneered retrospec-
tive tracing using natural variants (Figure 1D). By leveraging
natively accumulated somatic mutations (e.g., single-nucleotide
variants [SNVs] and mitochondrial DNA [mtDNA] variants)
and stable epimutations (e.g., DNA methylation), endogenous
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Figure 1. The three methodological pillars of lineage tracing for systematic cell fate analysis

(A) Elements of cell fate study from the Waddington landscape. Cell fate choice is

represented as a ball traversing the Waddington landscape along defined fate

paths. A systematic understanding requires decoding cell states, which include intrinsic molecular profiles and extrinsic niche cues, and fate paths, where cells
progress along defined developmental routes. scRNA-seq enables the reconstruction of continuous cell-state manifolds to capture dynamic transitions. For
higher resolution, lineage trees can be constructed by cumulative barcoding strategies that link cell division with barcode labeling. Crucially, these state manifolds
may not inherently represent lineage relationships, as transcriptomic similarity does not necessarily equate to lineage proximity.>® Further, fate-driving forces
(e.g., transcription factors) must be identified, fate manipulation to redirect lineage outcomes performed, and the functional roles of committed fates in devel-
opment and homeostasis resolved. Abbreviations are as follows: Chrom., chromatin.

(B) Lineage tracing with genetic markers. This approach uses cell-type- and time-specific drivers (e.g., Cre/Dre) to label defined populations. It is optimal for
spatially resolved state-fate mapping via imaging and targeted functional perturbations.

(C) Synthetic lineage tracing. This strategy utilizes engineered barcodes (e.g., gRNA and target arrays) for time-specific single-cell labeling. By integrating single-
cell sequencing, high-resolution clonal lineages can be directly linked to molecular states, enabling the systematic resolution of cell fate heterogeneity at the

single-cell level. Abbreviation is as follows: gRNA, guide RNA.

(D) Natural lineage tracing. This pillar relies on the natural accumulation of endogenous variants (e.g., SNVs, mtDNA, or DNA methylation) as internal clocks. It
enables the reconstruction of lineage trees where experimental manipulation is precluded, such as human tissues.

phylogenies can now be reconstructed, ushering in an era of
non-invasive, multi-omic lineage tracing.

Building on previous reviews on lineage tracing that provide an
excellent summary of technologies and challenges at the
time,'*”'" here we provide a broad overview of recent advances
across the field’s three core pillars and their integration with sin-
gle-cell and spatial genomics. We also examine the computa-
tional tools and challenges involved in combining lineage and
cell-state data to decipher cell fate decisions. Through system-
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atic comparison of available approaches, we offer practical guid-
ance for selecting optimal systems and conclude by highlighting
emerging opportunities and future directions.

LINEAGE TRACING WITH GENETIC MARKERS
A central goal of cell fate research is to label a defined initial

state, track its dynamic path over time, and measure its func-
tional output. Prospective tracing using genetic markers is
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Figure 2. Genetic strategies for driver-induced lineage tracing and clonal analysis

(A) Inducible CreER system. Tamoxifen administration triggers the nuclear translocation of CreER, mediating irreversible recombination at loxP sites to activate a
heritable reporter for temporal fate mapping. Abbreviation is as follows: Hsp90, heat shock protein 90.

(B) AND-gate labeling via split-Cre and orthogonal systems. In split-Cre architectures, functional recombinase is reconstituted only upon co-expression of N- and
C-terminal fragments. Orthogonal systems (e.g., Cre/Dre) utilize two distinct recombinases to remove interleaved STOP cassettes, enabling intersectional la-
beling of double-positive populations such as basal-B cells. Abbreviations are as follows: Tam, tamoxifen; tdT, tdTomato.

(C) OR-gate exclusion for refined specificity. Interleaved recognition sites for two orthogonal systems (e.g., Tnni3-Dre and Kit-CreER) allow the first system to
delete recognition sites for the second, ensuring reporter activation is restricted to the target non-myocytic population.

(D) Sequential recombination for stepwise control. Hierarchical control in which one recombinase activates another, such as a Fip-activated CreER line. This
enables spatial restriction by a first driver (e.g., Pdx1) followed by temporal induction via tamoxifen for sophisticated multi-stage fate mapping.

(E) Stochastic multicolor reporters for clonal resolution. Systems such as Brainbow use random, irreversible recombination of incompatible sites to label indi-
vidual progenitors and their descendants with distinct colors, enabling high-resolution analysis of fate heterogeneity. Abbreviations are as follows: nGFP, nuclear
green fluorescent protein; YFP, yellow fluorescent protein; RFP, red fluorescent protein; mCFP, membrane-targeted cyan fluorescent protein.

(F) MADM (mosaic analysis with double markers). Cre-mediated mitotic recombination during mitosis generates differentially labeled homozygous mutant (green)
and WT (red) sister cells from a heterozygous progenitor. This provides single-cell-resolution lineage tracing with an intrinsic internal control to study gene
function. Abbreviations are as follows: GT, N-GFP/C-Tomato; TG, N-Tomato/C-GFP; WT, wild type.

ideally suited for this purpose, having evolved to afford increas-
ingly precise spatiotemporal control over labeling. Crucially,
because the starting population is defined by genetic logic,
this approach integrates seamlessly with targeted perturbations
to dissect gene or cell function. Below, we trace this progres-
sion—from classic single-recombinase systems through
enhanced specificity of dual-recombinase logic to multicolor
strategies for clonal analysis (Figure 2; Table 1).

Labeling cells with a single recombinase

The foundational tool for marker-based tracing is the single-re-
combinase system. These systems (e.g., Cre) recognize specific
DNA sequences (e.g., loxP) to mediate genomic rearrange-
ments, typically excising a STOP cassette to activate a fluores-
cent reporter. For temporal control, ligand-inducible variants
such as CreER were developed.®®®” CreER remains seques-
tered in the cytoplasm until an exogenous ligand (e.g., tamoxifen)
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Table 1. Modern lineage tracing approaches

Category Genetic marker Synthetic barcode Natural variant
Basic design utilizes tissue- or cell-type-specific introduces artificial, high-diversity retrospectively reconstructs cell
principles promoters to drive site-specific DNA sequences into the genome— lineages by tracking the
recombinases (e.g., Flp, Cre, and either as static identifiers or spontaneous, progressive
Dre), which permanently activate or dynamically evolving edits—to accumulation of heritable genetic or
perturb downstream targets to map uniquely tag individual cells and epigenetic alterations that naturally
the fate of predefined cell reconstruct complex clonal occur during cell division
populations phylogenies
Representative ® constitutive and spatiotemporally e static viral libraries (e.g., LARRY, @ nuclear somatic mutations®®
methods inducible systems (e.g., Cre, Dre, CellTagging, Watermelon, ® DNA methylation epimutations
CreER, and DreER)'®*° CaTCH, and ClonMapper)*%?° (e.g., MethylITree®’, EPI-Clone®®,
@ split recombinase (split-Cre®' %) ® endogenous static strategies and EVOFLUx®)
@ orthogonal dual-recombinase (e.g., Polylox,*® LoxCode,*” ® mtDNA heteroplasmy (e.g.,
systems (Cre/Flp,?*’ Cre/Dre”®) DRAG,*® Sleeping Beauty,*® and MAESTER®® and
® stochastic multicolor reporters FlipJump*©) mtscATAC-seq®’)
(e.g., Confetti*® and Brainbow™°) ® CRISPR-based dynamic re-
@ mosaic analysis with double corders (e.g., LINNAEUS,*’
markers (MADM®") GESTALT,*” ScarTrace,*®
DARLIN,** KP-Tracer,*®
macsGESTALT,*® CREST,®
CHYRON,*” MARCH1,"® iTracer,*
and eTRACER®”)
® base/prime editing (e.g., PEt-
racer,”’ SMALT,?> peCHYRON,>®
DNA Typewriter,>* and
BASELINE®®)
Suggested ® classic lineage tracing'® ® integration with single-cell ® epimutation®®
reviews ® dual-recombinase systems'® omics'? ® mtDNA®*

® conceptual frameworks and

® SNV lineage tracing®

challenges'®

® additional reviews

14,15,62

triggers nuclear translocation. This restricts recombination—and
thus heritable labeling—to a defined temporal window, such as a
specific developmental phase or injury response (Figure 2A).

This precise control has been instrumental in resolving com-
plex cell fate choices across diverse contexts. In development,
tamoxifen-induced Runx1-Mer-Cre-Mer recombination at em-
bryonic day 7 (E7) resolved brain macrophage ontogeny by
showing that microglia derive from yolk sac progenitors, not
adult hematopoietic stem cells (HSCs).°® During homeostasis,
inducible Lgr5-CreER showed that Lgr5™ crypt base columnar
cells act as actively cycling stem cells that continuously regen-
erate all intestinal epithelial lineages.®® Following injury, single-
recombinase tracing has uncovered remarkable cell plas-
ticity—for example, lung Club cells dedifferentiating into basal
stem cells during airway repair’® and pancreatic « cells transdif-
ferentiating into p cells after extreme p cell loss.”’ Together,
these studies highlight how precisely timed genetic tracing de-
codes the adaptive cellular responses underlying tissue devel-
opment, maintenance, and repair.

Resolving complex contexts: Dual recombinase and
logic gates

Single-recombinase systems effectively track populations
defined by one marker, but many transient or highly specific sub-
populations cannot be uniquely identified by a single gene. Non-
specific or ectopic expression of the selected marker often
causes these systems to capture unwanted cell types. To
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address this, dual-recombinase systems implementing Boolean
logic gates have been developed (Figures 2B-2D). These sys-
tems use orthogonal recombinases (e.g., Cre/Flp and Cre/Dre)
or split-recombinase architectures (e.g., split-Cre) to perform
precise set operations on cell populations, solving key targeting
challenges.

AND logic requires co-expression of two markers to activate a
reporter, enabling isolation of rare double-positive subpopula-
tions that lack a unique identifier (Figure 2B). For instance,
split-Cre reconstitutes a functional enzyme only when two inac-
tive fragments are co-expressed in the same cell. This mecha-
nism was used to selectively label parenchymal microglia based
on Sall1l and Cx3cr1 co-expression, distinguishing them from
border-associated macrophages that share individual markers
and revealing microglia’s unique molecular identity in brain ho-
meostasis.”’ However, split-Cre often shows lower recombina-
tion efficiency than intact Cre, limiting its use for comprehensive
clonal recovery. To overcome this, orthogonal systems (e.g.,
Cre/Dre) allow independent control by distinct genes to activate
reporters only in intersectional cells.”® This approach labeled
transient Trp63* Nkx3.1* “basal-B” intermediate cells in the
prostate—a population masked by broad single-marker
tracing—demonstrating their role as a transitional state in pros-
tate epithelial differentiation.”?

OR logic actively prevents reporter activation in off-target pop-
ulations, eliminating background ‘“leakiness” that frequently
confounds single-recombinase tracing (Figure 2C). A prime
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example is the Deal T system, which uses one recombinase to
preemptively excise an essential reporter component in a spe-
cific population, ensuring that a second recombinase cannot la-
bel those cells. This approach proved particularly powerful in
resolving a long-standing controversy in cardiac regeneration.
Single-marker c-Kit-CreER tracing had suggested the existence
of c-Kit" cardiac stem cells capable of generating new cardio-
myocytes, but results were confounded by leaky expression in
mature myocytes.”>® By combining Tnni3-Dre (to excise the
reporter specifically in cardiomyocytes) with inducible c-Kit-
CreER, labeling could only occur in true non-myocyte c-Kit*
cells—revealing negligible new cardiomyocyte formation from
this population and disproving significant endogenous cardio-
myogenesis in the adult mouse heart.”® Similarly, in cartilage
research, subtractive OR logic isolated genuine articular carti-
lage progenitors by eliminating reporter activation in non-skel-
etal Procr* cells, revealing that Procr marks a distinct progenitor
population restricted to articular cartilage that contributes to joint
homeostasis and repair.””

Beyond static intersections, dual-recombinase systems
enable temporal labeling through sequential logic, allowing
multi-step biological processes to be modeled (Figure 2D). For
example, to mirror the stepwise evolution of pancreatic cancer,
Pdx1-Flp was used to first activate Kras®'2P and establish pre-
cancerous lesions, followed by the Flp-dependent activation of
CreER to delete Trp53. This sequential manipulation drove the
transition to invasive adenocarcinoma, providing an in vivo
platform to study molecular triggers of metastasis within an
intact tumor microenvironment. Conversely, capturing transient
cellular states asynchronously —without repeated drug adminis-
tration—requires continuous recorders.”® Systems such as
ProTracer and aDKRC enable the cumulative tracking of cell pro-
liferation in vivo.”®° Utilizing ProTracer for unbiased, long-term
lineage tracing, recent studies demonstrated that liver homeo-
stasis and repair are driven primarily by regional proliferation
within the midzonal hepatocyte population.”®

Dissecting heterogeneity: Clonal analysis with
multicolor reporters

Standard marker-based tracing labels broad populations with a
single color, masking the heterogeneity of individual cells.
Although population tracing reveals collective tissue flux and
ensemble behaviors, clonal analysis is indispensable for quanti-
fying cell-to-cell heterogeneity and unmasking rare dominant
clones that would otherwise be obscured in population aver-
ages. To determine whether cells within a defined population
possess distinct proliferative potentials or spatial behaviors,
multicolor clonal analysis is required to track the progeny of indi-
vidual cells. This clonal resolution is achieved using two primary
genetic strategies: stochastic multicolor reporters and mosaic
analysis with double markers (MADM).

Stochastic multicolor reporters (e.g., Brainbow and Confetti)
use multiple incompatible recombinase sites within a single
allele.?®*%8":82 Upon Cre induction, random recombination acti-
vates one of several fluorescent proteins, creating a unique her-
itable color label for a progenitor and its descendants (Figure 2E).
This strategy solves the problem of distinguishing adjacent
clones in dense tissues. For example, by color-coding neigh-
boring Lgr5* stem cells with Confetti, spatial clonal competition

¢? CellPress
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was visually tracked within the intestinal crypt.?® This demon-

strated the principle of neutral drift, showing that random stem
cell loss and replacement ultimately drive each crypt toward
monoclonality.®® Similar stochastic clonal dynamics have been
observed in epidermis,®* esophagus,®® and spermatogenesis
systems,®® suggesting that neutral drift may represent a general
principle of stem cell-driven tissue homeostasis.

Advancing beyond purely observational tracing, MADM
couples color labeling directly with genetic perturba-
tion.®"#"89 This system uses Cre-mediated interchromo-
somal recombination to generate differentially colored sister
cells from a single mitotic event (Figure 2F). By producing a
homozygous mutant cell (e.g., labeled green) alongside a
matched wild-type sister cell (e.g., labeled red), MADM pro-
vides an intrinsic internal control. This resolves a major exper-
imental challenge: separating cell-autonomous effects from
environmental influences. For instance, by comparing the
in vivo expansion of mutant clones against their normal sister
cells, oligodendrocyte precursor cells were identified as the
cell-of-origin for gliomas—revealing that concurrent p53 and
Nf1 mutations drive aberrant premalignant proliferation exclu-
sively in this lineage.”’

Practical considerations

Labeling specificity remains a central concern in marker-based
tracing. Although widely adopted, single-recombinase systems
are inherently susceptible to leaky promoter expression, off-
target labeling, and residual ligand activity, as illustrated by the
Pf4-Cre system, which inadvertently labels upstream HSCs
rather than being megakaryocyte specific.”'"°> However, as is
well known in the field, these limitations stem from the inherent
biological and technical constraints of the tools, not from a
lack of care in previous foundational studies. The deep under-
standing of these limitations has enabled the design of appro-
priate controls—such as utilizing uninduced cohorts to quantify
background leakiness, conducting short-term tracing to validate
the initially labeled population and performing orthogonal co-
staining to confirm precise targeting—thereby ensuring the gen-
eration of reliable, foundational insights.'®'8:5%:75

Although advanced dual-recombinase logic and multicolor
systems enhance targeting resolution, they introduce new prac-
tical challenges. Integrating multiple alleles necessitates com-
plex breeding that demands substantial time and resources,
particularly when driver lines are not yet established. More
importantly, rigorous validation is required to ensure fate conclu-
sions are not confounded by technical artifacts.

First, orthogonality must be verified: selected recombinases
(e.g., Cre, Flp, and Dre) should not cross-react with each other’s
target sites—for example, Cre should not recombine rox sites
nor Flp act on JoxP sites. Second, sequential integrity must be
tested. Induction protocols require tight control to prevent unin-
tended labeling from overlapping activation windows, recombi-
nase persistence, or residual ligand activity. This requires timed
controls using single-recombinase induction at each experi-
mental stage. Finally, background leakage must be evaluated
by quantifying non-specific baseline recombination. To establish
a reliable signal-to-noise ratio, “single-driver” control groups
(e.g., Cre-only and Dre-only groups) should be included along-
side full experimental cohorts (see Liu et al. for a comprehensive

Cell Stem Cell 33, July 2, 2026 5




Stem Cell (2026), https://doi.org/10.1016/j.stem.2026.05.001

Please cite this article in press as: Kang et al., Evolving strategies for lineage tracing: Genetic markers, synthetic barcodes, and natural variants, Cell

¢? CellPress

OPEN ACCESS

A Static barcoding

Labeling

AcC LoxP
OXi

_EE_, rim

Barcode mCherry lTracing

Division-induced mCherry dilution

FACS lSequencing

| :
i I
i I
i '
i '
i I
i I
i I
i I
i i
i

!Infection l llnjectioni
i i
i '
i '
i '
i '
i i
I '

Division & Clone ID

Edit | i

Target array
| Edit
Insert

S

Cre-mediated |,

NS D % hle b 'R i

Ongoing

Cell Stem Cell

Figure 3. Strategies, practical challenges,
and readout modalities of synthetic
barcoding

(A) Static barcoding for clonal analysis. These
methods generate high-diversity barcodes at a
single time point to identify descendants of indi-
vidual progenitors. Viral barcoding uses lentiviral
libraries (e.g., LARRY) for ex vivo or in vivo
transduction (Aa). Division-induced reporter
dilution allows clonal-level monitoring of
proliferative history (Ab), while Cre-mediated
recombination systems (e.g., LoxCode) utilize
stochastic inversion and deletion between loxP
sites to create unique reshuffled barcodes (Ac).

Barcodes

Deletion

ER L ——

i
|

I

I

I

I

I

) I
Inversion |
I

I

I

|

I

|

|

|

Abbreviations are as follows: FACS,
uBC"F;&Et:rELt_a;iBH_s;;t_eﬁ-. """ fluorescence-activated cell sorting; mCherry,
c ccC C monomeric Cherry fluorescent protein; ID,

—@ @ 00 e o— . g .
Deaminase |, G T identification. ) )
c cc CC C (B) Evolvable barcoding for phylogenetic
%I"_'_F‘_'—”_ reconstruction. Cumulative systems record
2 Yoo e dynamic lineage histories through continuous
J mutational events. CRISPR-based array editing

uses gRNA-directed Cas9 to create indels within
a tandem array (Ba). Barcoding diversity is
further enhanced by distributing multiple
independent arrays across the genome or by
utilizing optimized chemistries such as TdT-
assisted insertion to increase information density
(Bb). Next-generation non-destructive recorders
(e.9., SMALT or prime editing) accumulate
substitutions or precise edits without DSBs to
maintain  stable temporal records (Bc).

Directional insertion system

—— —
_ Edit
RTase

|
ica Homoplasy ) :E i Cell type A Cell type B i Abbreviations are as follows: CRISPR, clustered
: /hBarcodlng’/\Tracmg ii : Barcode | Barcode | 1 regularly interspaced short palindromic repeats;
i Clone A (_ ) — () ) N | o 5 8 | TdT, terminal deoxynucleotidyl transferase;
! — _ = (plalm N ! 2l 70 2 ! RT: i - C i
i ® i 5 i ase, reverse transcriptase; C — T, cytosine to
i Clone B O @ e ii (a i ColltypeB |-t 2 i thymine.
( i
iCIone [¢] — (w2 EiHi N ) | cotvpert L ] o i (C) Practical challenges in synthetic lineage
| 'High support Low support I 1 . B .
:'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_I::::::::::::::::::::_ :Db RNA 1 traCIng that COUld Confound data lnterpretatlon'
'Cb Sparsity i ! . &g ! These include homoplasy, when distinct clones
i Labeling Tracing Sampling Detection | i sc-omics Muli 2 i are tagged with identical barcodes (Ca); sparsity,
| Clone A (.8) L(Zz) L@‘\ @ i -omics J ! due to low recovery or sampling dropouts (Cb);
i & ‘C)—\) & e | 'Dc UMAP1 ! and tree uncertainty, arising from insufficient or
L) . .
! Clone B /ﬁ — (0 —> —_— @® ! i  Sequencin e, i erroneous mutational signatures.
| W W > & H Spatial q g L . . .
! < Pl P . ) ! (D) Linking lineage history to molecular and spatial
IClone C (uw) —> = Empty 1| o een Imaging L | states. The integration of FACS and PCR enables
! i i

cost-effective clonal quantification (Da). Single-
cell sequencing links cell lineage to high-
dimensional molecular states (RNA/multi-omics;

Db), while spatial information (Dc; via sequencing or imaging) provides the architectural context for in situ state-to-fate mapping. Abbreviations are as

follows: PCR, polymerase chain reaction; sc-omics, single-cell omics; UMAP,

discussion on the rigorous validation protocols required for dual-
recombinase systems'?).

SYNTHETIC LINEAGE TRACING WITH ENGINEERED
BARCODES

Although genetic markers excel at mapping defined populations,
their limited labeling diversity limits the throughput of clonal an-
alyses and often obscures the heterogeneity of individual cell
fate decisions. To resolve how subtle variations in early states
dictate divergent outcomes, massive clonal resolution is
required. Synthetic barcodes achieve this by introducing highly
diverse DNA barcodes—via viral integration or cumulative in
situ genome editing. Static barcoding enables high-throughput
clonal analyses, while evolvable barcoding generates deep,
high-resolution lineage histories. Below, we explore both static
barcoding and evolvable barcoding and discuss challenges in
practical implementation (Figure 3; Table 1).
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uniform manifold approximation and projection.

Static barcoding
Static synthetic barcoding introduces a unique, immutable DNA
label into a founder cell, which is passed to all its progeny
(Figure 3Aa). These barcodes are traditionally delivered ex vivo
using complex lentiviral libraries, such as LARRY or CellTag-
ging.>*? These approaches, when coupled with single-cell
sequencing, excel at decoding complex differentiation trajec-
tories. Forinstance, LARRY revealed that hematopoietic progen-
itors commit to specific lineages days before these fate biases
manifest transcriptomically.® Furthermore, it identified the key
transcription factor Tcf15 as a crucial driver and marker of func-
tional, long-term HSCs.® Similarly, CellTagging has tracked vast
numbers of engineered cells, pinpointing rare, successful clonal
trajectories during in vitro fibroblast reprogramming and identi-
fying early molecular markers that accurately predict terminal
fate outcome.®>%*

Expanding beyond basic tracking, recent viral tools couple
static barcoding with functional assays (Figure 3Ab). For
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example, Watermelon combines DNA barcoding with label dilu-
tion to concurrently record lineage and proliferation history, iden-
tifying rare, slow-cycling “persister” clones that drive cancer
relapse.®® Meanwhile, tools such as CaTCH and ClonMapper
overcome the destructive nature of single-cell sequencing by us-
ing targeted CRISPR activation to induce fluorescent reporters
only in specifically barcoded cells, enabling physical isolation
of live clones of interest.>**° This live-cell recall was used to
isolate therapy-resistant clones prior to drug exposure, vali-
dating that pre-existing, intrinsically primed states drive drug
resistance.

Historically, viral barcoding was restricted to in vitro or trans-
plantation assays that often fail to reflect true native physiology.
Although recent advances have partially circumvented this by
utilizing ultrasound-guided in utero microinjections to deliver len-
tiviral libraries into embryonic niches,’® broader in vivo mapping
requires endogenous static barcoding strategies (Figure 3Ac).
These systems use orthogonal transposases (e.g., Sleeping
Beauty®® and FlipJump®®), stochastic recombinase-mediated
rearrangement of engineered DNA cassettes (e.g., Polylox>%°"
and LoxCode®’), or recombination within a synthetic V(D)J locus
(DRAG).*® By tracking clones in their native environment, the
Sleeping Beauty system challenged previous transplantation
models, demonstrating that steady-state hematopoiesis is high-
ly polyclonal—driven by thousands of successive progenitor
waves rather than a few dominant stem cells.** Furthermore,
in vivo tracking showed that specific stem cell subsets are intrin-
sically fate-biased toward restricted lineages, such as megakar-
yocytes, even during normal homeostasis.”®

Evolvable barcoding

Although static barcodes establish which endpoint cells belong
to the same clone, they do not capture the continuous, sequen-
tial branching history of those cells. To reconstruct detailed
phylogenetic trees, dynamic evolvable recording (or cumulative
barcoding) is required, where an engineered locus continually
accrues mutations over successive cell divisions (Figure 3B).
Early cumulative strategies—such as GESTALT, LINNAEUS,
and ScarTrace —targeted Cas9 to tandem arrays of single-guide
RNA (sgRNA) recognition sites (Figure 3Ba).*'~**%® However,
these systems rely on targeted double-strand breaks (DSBs) re-
paired by non-homologous end joining, a process heavily biased
toward deletions. This creates a severe structural bottleneck
known as “inter-site dropout,” where a single large deletion
can erase previously encoded mutations, irreversibly destroy
ancestral information, and fragment the downstream phyloge-
netic tree.

To overcome the limitations of finite target sites and single-lo-
cus vulnerability, distributed and self-propagating architectures
were developed (Figure 3Bb). Multiplexed systems such as
macsGESTALT, CREST, and KP-Tracer disperse target sites
across multiple independent genomic loci to structurally prevent
single large deletions from wiping out the entire cellular re-
cord.®*>%  Alternatively, MARC1 uses self-targeting guide
RNAs (hgRNAs) that carry their own protospacer adjacent motif
(PAM); this allows them to continuously edit themselves and
regenerate new targets, exponentially increasing barcode ca-
pacity over time.?® Concurrently, to alter the underlying muta-
tional chemistry and shift the bias toward information-rich inser-
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tions, systems such as DARLIN and CHYRON fuse Cas9 to
terminal deoxynucleotidyl transferase (TdT).***” This polymer-
ase drives continuous, non-templated nucleotide additions,
partially bypassing the progressive target erasure inherent to
standard nucleases. Combining this engineered chemistry with
three distributed recording arrays, DARLIN has been established
as a genetically stable mouse line with massive barcoding diver-
sity and a high lineage recovery rate (~70%), providing a high-
resolution and accurate tracking platform for mapping complex
adult tissues.**

Although these Cas9-based improvements mitigate some
barcode erasure, they still yield limited tree depth due to the
inherent instability of target sites following DSBs. To circumvent
this limitation, non-destructive editing strategies have emerged
(Figure 3Bc). Systems using base editors (e.g., SMALT and
BASELINE) accumulate stable substitution mutations without
cleaving the DNA backbone.®”*° A related strategy uses Cas9-
deaminase on endogenous L1 elements to achieve edits without
deletions.'® Furthermore, prime editors (e.g., DNA Typewriter
and peCHYRON) leverage pegRNAs and reverse transcriptases
to insert predefined short sequences.**°* Both DNA Typewriter
and peCHYRON physically enforce strict, sequential editing
through an “edit-and-advance” mechanism. By logging the
exact temporal sequence of mutations, this deterministic
ordering resolves a major computational hurdle associated
with stochastic Cas9 models, enabling precise reconstruction
of deep and highly complex lineage trees.

The in vivo power of these advanced barcoding systems ex-
tends across both developmental biology and oncology. Under
physiological conditions, ScarTrace systematically mapped the
fate potential of early embryonic cells in zebrafish, revealing
clonal relationships during hematopoiesis and in the brain and
eyes.*® Similarly, developmental phylogeny mapping in Arabi-
dopsis thaliana using SMALT revealed that all shoot branch cells
derive from exactly three founder cells, each belonging to one of
three early-determined lineages.'”' In pathological contexts,
KP-Tracer has elucidated the complex phylodynamics, plas-
ticity, and hierarchical nature of tumor evolution in mouse lung
cancer.”® Concurrently, SMALT applied to colon cancer in
mice has challenged the long-standing dogma of strictly mono-
clonal tumor origins, demonstrating that colon cancers actually
initiate from polyclonal populations before undergoing a transi-
tion to a monoclonal state.' % Notably, this dynamic was corrob-
orated by Confetti-based genetic tracing in Apc-driven tumori-
genesis, which revealed that early polyclonality enables cells to
overcome initial fitness barriers before the tumor ultimately tran-
sitions to a monoclonal state.’*®

Practical challenges in synthetic lineage tracing

Despite the promise of synthetic lineage tracing, its successful
application requires navigating several inherent challenges
(Figure 3C). These include several technical hurdles, such as var-
iable expression or even silencing of reporter constructs in a cell-
type-specific manner, as well as genotoxicity during viral inte-
gration or genomic editing. Beyond these technical challenges,
there are more generic and conceptual challenges that we will
focus on below. A primary concern during the initial labeling
phase is barcode homoplasy, where cells from distinct origins
are inadvertently tagged with identical barcodes (Figure 3Ca).
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This overlap can skew cell fate analyses by generating artificial
“multipotent” clones. To circumvent this artifact, the effective di-
versity of the barcode library should be empirically assessed and
must vastly outnumber the target population size at the time of
labeling; specifically, achieving an error rate below 1% requires
a barcode diversity at least 100 times larger than the target pop-
ulation.>*®*” Although this diversity is easily tunable in lentiviral-
based libraries, it remains a rigid constraint in in vivo models,
necessitating careful selection of a system with sufficient capac-
ity for the biological question at hand.

The second challenge is data sparsity, which occurs when only
a small fraction of cells within a clone are ultimately sampled
(Figure 3Cb). This incomplete capture can create the illusion of
smaller, highly coherent clones, leading to erroneous conclusions
of early fate priming. Sparsity stems from two main factors: the
high cost of deep single-cell sequencing and the low barcode re-
covery rates typical of many in vivo synthetic barcodes—the
CARLIN mouse model, for instance, recovers only about 10% of
barcodes.'%* Low barcode recovery can result from inefficient ed-
iting or poor expression of lineage barcodes. Mitigating this arti-
fact requires a synthesis of optimized experimental models and
robust computational frameworks. Experimentally, systems engi-
neered for high lineage barcode recovery (e.g., LARRY: >70%
and DARLIN: ~70%) should be prioritized.*** Computationally,
only biological conclusions robust to additional data subsampling
should be trusted. To further mitigate the risk of misinterpretation,
rigorous statistical validation can be applied by shuffling barcode
data to generate a null baseline, enabling evaluation of the statis-
tical significance of observed lineage relationships.

Finally, the robustness of the inferred lineage tree is funda-
mentally limited by the mutational signature of the recorder itself
(Figure 3Cc). Traditional CRISPR-based approaches that
generate large insertions and deletions often suffer from informa-
tion loss, as subsequent cuts overwrite previous edits. This
continuous erasure leads to shallow and less robust lineage
trees, a structural limitation that persists even when employing
advanced reconstruction algorithms such as Cassiopeia.'®
Overcoming this hurdle requires adopting richer recording
chemistries that utilize non-destructive, high-information muta-
tion signatures. For instance, the SMALT system leverages
base editing to generate high-depth trees with a median statisti-
cal support value of approximately 90%.°° Parallel to these
experimental innovations, computational strategies are evolving
to bridge informational gaps. Emerging tools such as LinRace
and LinTIMaT attempt to construct consensus trees by inte-
grating CRISPR barcode data directly with transcriptomic pro-
files.’°51%7 However, these multimodal integrations must be
applied cautiously, as transcriptomic similarity does not inher-
ently dictate lineage similarity.”® Ultimately, rigorous computa-
tional validation, such as bootstrap analysis, should be routinely
performed to evaluate the statistical support of the inferred tree,
ensuring that only highly reliable branches are used to deduce
underlying biological mechanisms.

NATURAL LINEAGE TRACING WITH ENDOGENOUS
VARIANTS

Both genetic markers and synthetic barcodes rely on transgenic
engineering, precluding their use in human subjects. To uncover
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natural fate paths and functional outputs directly within native
human tissues, retrospective lineage tracing is required—
leveraging endogenous variants that accumulate during cell divi-
sion (Figure 4; Table 1). The utility of these variants depends on
their faithful mitotic inheritance. Generally, stability follows a
clear hierarchy: DNA sequence > DNA methylation > histone
modifications > chromatin accessibility (assay for transposase-
accessible chromatin [ATAC]) and RNA expression (Figure 4A).
Whereas DNA sequences are stably inherited across successive
divisions, ATAC and transcriptomic profiles fluctuate dynami-
cally in response to state changes, despite the existence of a
few memory genes that persist over several divisions.'%® High-
lighting this hierarchy, multi-omics tracing recently demon-
strated that DNA methylation patterns of HSCs retain robust
clonal memory from embryonic development through adulthood,
whereas ATAC and RNA states do not.** Histone modifications
exhibit intermediate stability, '°° but their lineage tracing poten-
tial remains to be fully developed. Consequently, somatic DNA
mutations and stable epimutations stand out as the most prom-
ising candidates for accurately mapping human cellular
ancestry.

Resolving histories via somatic DNA mutations

During cell division, somatic mutations naturally accumulate and
are permanently inherited by daughter cells, serving as endoge-
nous barcodes for lineage reconstruction (Figure 4B). Whereas
specific genomic rearrangements can be exploited in special-
ized contexts —such as copy-number variations (CNVs) for map-
ping unstable cancer genomes or V(D)J recombination for
tracking T and B cell clones —retrospective tracing in normal tis-
sues primarily relies on SNVs,"'07'1¢

Although SNVs should, in principle, offer the highest fidelity for
phylogenetic reconstruction, their extremely low natural muta-
tion rate (roughly one per cell division) makes them difficult to
detect against background sequencing errors. Colony-based
whole-genome sequencing (WGS) remains the gold standard
for overcoming this signal-to-noise barrier, as expanding iso-
lated single cells ex vivo amplifies DNA prior to sequencing. By
cleanly capturing rare somatic variants associated with distinct
lineages, high-resolution phylogenetic trees can be recon-
structed, where branch lengths directly correlate with elapsed
time (Figure 4C). This approach has revealed clonal architecture
during early human embryo development''?~''® and tracked life-
long clonal dynamics of native HSCs during aging.'"”

However, colony expansion is expensive, time-consuming,
and restricted to culturable cells such as HSCs. Laser capture
microdissection (LCM) of solid tissues offers a culture-free
alternative but lacks true single-cell resolution and remains
susceptible to confounding background noise. To bypass these
limitations and capture state-to-fate information directly from
primary solid tissues, newer chemistries such as primary tem-
plate-directed amplification (PTA) were developed. PTA
achieves high-fidelity, low-noise whole-genome amplification
directly from an uncultured single cell."'® Leveraging this
advancement, automated platforms such as SMART-PTA
improve throughput at reduced cost, and enable simultaneous
transcriptomic state profiling from that same cell."'® Although
this single-cell approach remains cost-prohibitive for routine
application, the ability to jointly profile somatic mutations and
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Figure 4. Natural lineage tracing using
endogenous variants

(A) Stability of natural variants in the cell. Nuclear
DNA is the most stable component and remains
invariant during differentiation. Although most
epigenetic marks are highly dynamic, DNA
methylation stands out as a reliable reservoir,
harboring numerous neutral or lineage-specific
CpG sites that remain stable across cell divisions.
Abbreviations are as follows: CpG, cytosine-
phosphate-guanine site; ATAC, assay for trans-
posase-accessible chromatin; nt, nucleotide;
gen., generation.

(B) Schematic of true lineage relationships for
detected cells. Stochastic mutations (stars)
accumulate over successive divisions and can be
measured and utilized to reconstruct the lineage
tree.

(C) SNV-based lineage tracing. Somatic SNVs
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(D) Mitochondrial-based lineage tracing. Due to
the asymmetric segregation of mtDNA variants
and long-term genetic drift, mtDNA mutations are
primarily suited for tracking short-term clonal in-
formation and are susceptible to sparse recovery
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transcriptomic states represents a major leap forward for natural
variant tracing in human tissues.

As a complementary alternative to specialized experimental
approaches and deep sequencing, computational methods
such as Monopogen and SpaceTracer can detect mutations
from relatively shallow, high-throughput single-cell sequencing
data.’?%'?" Although this provides an accessible avenue for line-
age and clonal analysis in humans, these algorithmic ap-
proaches are currently better suited for scenarios with high
inherent mutation rates, such as cancer, rather than the low-mu-
tation environments of normal homeostatic tissues.

Resolving histories via mitochondrial DNA mutations

To bypass the sparsity and prohibitive cost of nuclear SNVs,
mtDNA mutations have recently emerged as a compelling alter-
native (Figure 4D).'?>'?® Because the mitochondrial genome
mutates at a 10- to 100-fold higher rate than the nuclear genome
and is highly transcribed, these variants serve as abundant
endogenous barcodes. To efficiently leverage them, targeted
enrichment approaches—such as MAESTER and mtscATAC-

seq—have been developed.®®®" Crucially, these methods

enable simultaneous capture of mtDNA variants and cell-state
information using standard, high-throughput single-cell plat-
forms (e.g., single-cell RNA sequencing [scRNA-seq] or scA-
TAC-seq), making this strategy highly accessible for mapping
clonal architecture in human tissues.

However, mitochondrial tracing introduces severe biological
and analytical limitations due to the non-deterministic inheri-
tance of mtDNA. Because mitochondria segregate randomly
during cell division, heteroplasmic mutations are subjected to
intracellular selection and neutral drift, driving variants toward
either complete fixation or total loss in descendant cells. Conse-
quently, accurate phylogenetic tree reconstruction is inherently
challenging, leaving analyses susceptible to misinterpreta-
tion.'?*"2% To mitigate these risks, computational frameworks
such as MitoDrift simulate the drift dynamics of mtDNA muta-
tions, enabling rigorous quantification of statistical confidence
in inferred lineage trees.'*® When benchmarked against trees re-
constructed from WGS-derived SNVs, MitoDrift demonstrated
improved performance over traditional algorithms such as

Cell Stem Cell 33, July 2, 2026 9




Stem Cell (2026), https://doi.org/10.1016/j.stem.2026.05.001

Please cite this article in press as: Kang et al., Evolving strategies for lineage tracing: Genetic markers, synthetic barcodes, and natural variants, Cell

¢? CellPress

OPEN ACCESS

neighbor joining; however, it still yields only moderate precision,
even when analysis is restricted to a small subset of cells with the
highest statistical support. Overall, these complex segregation
dynamics and the propensity for long-term drift make mtDNA
more suitable for tracking short-term clonal events, and resulting
phylogenies must be interpreted with rigorous computational
caution (Figure 4D).""

High-resolution lineage tracing via DNA methylation
Early studies estimated that DNA methylation yields an error rate
of approximately 0.001 per CpG site per division,'“® suggesting
that roughly 10,000 epimutations could arise across the human
genome per cell cycle. This continuous accumulation constitutes
a massive informational reservoir for lineage tracing (Figure 4E).
Epimutation-based tracking was first explored in cancer and in-
testinal stem cells.>%5%12%:130 More recently, multi-omic applica-
tions of the DARLIN system have provided definitive evidence of
stable clonal memory within the DNA methylome at single-cell
resolution.** However, effectively harnessing this natural varia-
tion requires overcoming two major challenges: distinguishing
neutral, history-recording CpGs from functional, cell-type-asso-
ciated sites and mitigating cell-cycle noise caused by incom-
plete methylation maintenance immediately following division.
Two parallel methodologies have recently emerged to address
these hurdles (Figures 4F and 4G). The first, MethylTree, uses
standard single-cell whole-genome methylation sequencing
(e.g., scBS-seq) to capture sparse, randomly sampled CpGs.*’
To navigate this extreme sparsity and reconstruct the true lineage
tree, MethylTree generates cell-cell similarity matrices exclu-
sively from CpGs detected in both cells. It then minimizes overall
variance to correct for cell-cycle noise and regresses out func-
tional, cell-type-specific signals. The resulting lineage-specific
similarity matrix can then be used to reconstruct phylogenetic
trees via established methods such as neighbor joining
(Figure 4F). The second approach, EPI-Clone, prioritizes scalabil-
ity through targeted sequencing (scTAM-seq), focusing on a pre-
defined panel of several hundred CpG sites.®® This targeted
readout bypasses data sparsity by capturing nearly complete
methylation profiles for those loci. Neutral epimutations are iden-
tified by their lack of correlation with jointly profiled cell-type la-
bels, allowing cells to be grouped into discrete clones (Figure 4G).
Benchmarked against ground-truth synthetic barcodes,
MethylITree achieves nearly 100% accuracy. Notably, epimuta-
tion-resolved clones precisely match DARLIN barcodes induced
at E10. This alignment indicates that major, phylogenetically
defining epimutations are established during early embryonic
development, providing a stable foundational lineage tree
despite continued epimutation accumulation later in life. By
leveraging these deep embryonic signals, MethylTree estimated
approximately 250 de novo HSC clones during early murine
blood development. In contrast, EPI-Clone reliably detects
massive, late-stage clonal expansions in aged human blood
but struggles to resolve the smaller clones characteristic of
younger individuals. Thus, EPI-Clone trades phylogenetic reso-
lution for scalability, whereas MethyITree provides a reliable, tis-
sue-agnostic approach for non-invasive lineage tracing using
genome-wide CpGs (for more discussion, see Fu et al.®).
Although the genome-wide approach is inherently more costly
in terms of sequencing, there is no fundamental limitation on li-
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brary throughput. Indeed, many platforms already enable
profiling of the single-cell DNA methylome across tens of thou-
sands of cells.®”%°

Exciting progress has also been made in using bulk DNA
methylation data to track clonal dynamics. Although these bulk
approaches lack single-cell state information and provide lower
clonal resolution, they offer a cost-effective means to quantify
and monitor clonal behavior in humans. For instance,
EVOFLUx tracks clonal dominance in blood cancer samples by
leveraging approximately 1,000 selected epimutation CpG
sites,”® while a related method, COMET, quantifies clonal expan-
sion during normal aging."®' Beyond blood, the protocadherin
(PCDH) gene cluster has recently been shown to harbor exten-
sive epimutations across multiple tissues, offering a promising
locus for targeted lineage tracing in humans.®*'%?

INTEGRATING LINEAGE HISTORY WITH MOLECULAR
AND SPATIAL STATES

Genetic markers, synthetic barcodes, and natural variants have
revolutionized ancestry reconstruction, but lineage history alone
provides an incomplete picture of cell fate (Figure 1A). To decode
the underlying regulatory networks, lineage readouts are now
co-captured with molecular and spatial data at the single-cell
level.'"® Moving beyond isolated phylogenetic trees, these in-
tegrated approaches establish the link between a cell’s ancestry,
phenotype, and physical microenvironment (Figure 3D).

Traditional bulk DNA sequencing quantifies clonal abundance,
but modern synthetic tracing strategies embed barcodes within
transcribed regions for simultaneous capture with the single-cell
transcriptome. Moreover, understanding the regulatory mecha-
nisms driving fate decisions also requires profiling of epigenetic
states. CellTag-multi jointly profiles lineage barcodes and chro-
matin accessibility in single cells and computationally integrates
these data with RNA modalities to enhance fate prediction.’*®
Pushing further, Camellia-seq captures lineage barcodes along-
side transcriptomic, chromatin accessibility, and DNA methyl-
ation profiles.** The discovery of strong clonal memory in DNA
methylation through this platform directly motivated the design
of MethylITree for endogenous lineage reconstruction. In human
contexts, MethylTree enables non-invasive, multi-omics lineage
tracing by jointly profiling RNA expression and DNA methylation,
allowing analysis of lineage, transcriptome, and epigenome in
single cells.®” Together, these integrated readouts provide a
multidimensional view of the epigenomic landscape guiding
clonal evolution.

Integrating barcode information with spatial location repre-
sents another critical frontier for dissecting how cell-cell interac-
tions and native microenvironments shape cell fate. Classic
marker-based lineage tracing inherently captures spatial infor-
mation at low cost and high throughput. Although labeled cells
can be sorted for single-cell profiling, the lack of lineage barcode
diversity fundamentally limits resolution at the single-cell level.

Recent advancements in spatial profiling—progressing from
the 55-pm spots of Visium to the 500-nm resolution of Stereo-
seq—have enabled spatial lineage tracing with synthetic barco-
des at high resolution, albeit at high cost.'**"*> For example,
iTracer applied synthetic barcodes to cerebral organoids for
spatial readouts via the Visium platform.*® Similarly, KP-Tracer
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mapped spatial lineage dynamics in lung cancer using Slide-seq
and Slide-tag, '*® while eTRACER employed Stereo-seq."°

Alternatively, imaging-based technologies decode barcodes
alongside gene expression directly within intact tissues using
multiplexed fluorescence in situ hybridization (FISH). Both in-
tMEMOIR and PEtracer implement this approach to achieve
high-resolution spatial lineage readouts, though they employ
fundamentally distinct mutational chemistries.®™'*” intMEMOIR
uses site-specific serine integrases to induce stochastic, irre-
versible state changes across a finite array of genomic memory
elements.’” In contrast, PEtracer leverages prime editing to
progressively insert predefined nucleotide marks across dozens
of independent cassettes, generating a deeper and more cumu-
lative record of cellular ancestry.®’ Optical systems such as
PolyTope instead use combinatorial fluorescent tags to track
clonal architectures.'*®

Selecting a readout strategy requires balancing phylogenetic
resolution, spatial context, and experimental scale. Although
bulk sequencing coupled with fluorescence-activated cell sort-
ing (FACS) lacks single-cell granularity, it enables cost-effective
clonal quantification across millions of cells, mitigating the sam-
pling bias of lower-throughput methods (Figure 3D). Conversely,
single-cell sequencing provides superior resolution for recon-
structing trajectories and multi-omics states but remains con-
strained by higher per-cell costs. A similar trade-off governs
spatial lineage tracing. Sequencing-based in situ readouts could
in principle accommodate most synthetic and even some natural
lineage tracing systems while also enabling flexible multi-omics
integration. However, this approach incurs higher costs and,
compared with imaging-based methods, currently offers lower
spatial resolution—though newer techniques such as Stereo-
seq now achieve 500 nm resolution.'* "3 Advanced imaging
platforms such as PEtracer achieve high-resolution mapping
within intact tissues but come with lower throughput and higher
costs than traditional marker-based systems. Although classic
genetic markers offer superior scalability, they cannot resolve in-
dividual clonal architectures due to limited barcode diversity. Ul-
timately, the choice of platform is dictated by the competing
needs for phylogenetic depth versus the preservation of the
native physical microenvironment.

COMPUTATIONAL INTEGRATION OF LINEAGE AND
STATE DYNAMICS

The complexity of high-throughput, sparse single-cell lineage
tracing data necessitates sophisticated computational integra-
tion. Although scRNA-seq data alone can be utilized to infer dif-
ferentiation dynamics via pseudotime analysis or RNA veloc-
ity,'%1%" these approaches are inherently limited by the
absence of true temporal constraints and are shown to perform
poorly in distinguishing early fate bias among progenitors.® By
explicitly integrating lineage history with transcriptomic state in-
formation, the underlying differentiation processes can be
captured with significantly higher fidelity.®

To achieve a high-resolution view of differentiation dynamics
and identify early fate priming, full transition matrices between
observed cell states must be established. By enforcing generic
assumptions such as sparse and locally coherent transitions, Co-
Spar infers these matrices from both static and evolving barco-
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des sampled across multiple time points.'** Although optimized
for in vitro models permitting temporal resampling, this frame-
work has also successfully resolved HSC fate biases using in vivo
lineage tracing data.’* For evolving barcodes, optimal transport
(OT) algorithms, such as LineageOT and moslin, **"%4 reconcile
known lineage relationships with transcriptomic distances to
compute the most probable flow of cells between successive
time points. However, their foundational assumption that lineage
similarity dictates fate similarity must be applied cautiously, as it
may fail in contexts of divergent or convergent differentiation.’®
Alternatively, PhyloVelo integrates these modalities by providing
a lineage-constrained adaptation of RNA velocity, which esti-
mates instantaneous cellular dynamics by identifying monotoni-
cally expressed genes along the lineage tree.*°

When the identification of early fate priming is not the primary
objective, analytical efforts often shift toward inferring broader
differentiation hierarchies between distinct cell types. This is typi-
cally achieved by computing lineage similarity across cell types
utilizing carefully designed normalization strategies, where higher
similarity implies a closer developmental relationship.'#*14
Although broadly applicable across diverse lineage tracing data-
sets, the interpretation of these similarities requires caution; com-
plex kinetic processes, barcode sparsity, and dropout can easily
obscure the true developmental hierarchy. To resolve these am-
biguities, CLADES bridges the analytical gap by simultaneously
inferring all kinetic rates using temporally sampled clonal
data.'®” Furthermore, several algorithms have been developed
to deduce cell-type transitions directly from phylogenetic trees.
For instance, PATH computes tree-based autocorrelation to
map state transition kinetics in cancer models, '*® whereas Carta
is designed to infer complex developmental hierarchies by
balancing the structural complexity of the inferred hierarchy
against discrepancies with the input data.’*®

Beyond mapping dynamics within the cell-state or cell-type
space, a complementary analytical paradigm has emerged:
clonal embedding. In this framework, the analytical focus shifts
to the “clone space” itself. Clonal similarities are evaluated
based on the aggregate state profiles of all cells within a given
clone, and clones exhibiting congruent phenotypic profiles are
subsequently grouped together within a low-dimensional
embedding space. Data-driven approaches such as clone2vec
and Clonotrace exemplify this strategy,'°®'®! providing a highly
effective method for organizing and exploring the diverse behav-
iors of thousands of distinct clones simultaneously.

Despite these recent advances, the computational integration
of lineage and state information remains a formidable challenge.
Resolving these analytical bottlenecks may require additional
analytical paradigms that can account for challenges such as
complex kinetics, heterogeneous sampling, barcode dropout,
and the absence of ancestral states. As more abundant, high-fi-
delity lineage tracing data are generated across both model sys-
tems and human tissues, this influx of information will drive the
emergence of more accurate and generalizable computational
frameworks.

PRACTICAL DESIGN GUIDANCE

The three methodological pillars of lineage tracing—genetic
markers, synthetic barcodes, and natural variants—each offer
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Table 2. Summary and evaluation of modern lineage tracing approaches

Category

Genetic marker

Synthetic barcode

Natural variant

Applicable system
Labeling specificity

Lineage diversity
Lineage recovery

Temporal control

Readout

Key strengths

Key limitations

model organisms
high (cell-type and time specific)

low (1-10)
high (minimal dropout)

yes (inducible, e.g., CreERT2)

imaging; or FACS sorting +
single-cell sequencing

e targeted fate mapping of
defined cell populations

® native spatial architecture
preserved via imaging

@ direct functional interrogation
via gene deletion (Flox) or cell
ablation (DTR)

® stable, heritable reporter
signal; minimal silencing or
dropout

® low clonal diversity; within-
population heterogeneity
invisible

® requires predefined driver
lines; dual-recombinase stra-
tegies demand two validated
lines and complex breeding

o off-target labeling and back-
ground recombination from
leaky Cre/Dre activity

model organisms; ex vivo/in vitro

medium (ubiquitous or time
specific)

high

variable (due to barcode
dropout & homoplasy)
partial (delivery timing
controllable; recording
continuous)

sequencing (destructive); in situ
sequencing or FISH-based
readout possible

® unbiased, population-scale
clonal tracking without pre-
defined markers

® cumulative recorders enable
deep temporal lineage-tree
reconstruction

® single sequencing run yields
joint barcode and transcrip-
tomic/epigenomic profiles

® variable data fidelity due to
barcode silencing, dropout,
or homoplasy, and related
artifacts

® potential perturbation risks
(e.g., genotoxicity, viral

toxicity, or CRISPR off-target

effects)

e dissociation-based readout
undersamples rare or slow-
cycling clones

e restricted to genetically
manipulable systems

any, including human

none (spontaneous
accumulation)

high
low/variable (depends on depth
and mutation rate)

no

sequencing of genomic DNA,
mtDNA,
or methylome (destructive)

® applicable to human samples;
no transgenesis required

® zero perturbation; native cell
states fully preserved

® retrospective: full clonal his-
tory from a single biopsy, no
pre-planned labeling

® variants captured automati-
cally in standard genomic/
epigenomic sequencing

® no temporal control over la-
beling window

o timing inference is chal-
lenging for mtDNA mutations
and epimutations

@ resolution-cost tradeoff
varies by variant: nuclear
SNVs (high resolution,
expensive); mtDNA (lower
cost, lower resolution); epi-
mutation (intermediate)

distinct trade-offs in labeling specificity, clonal resolution, and
applicability (Table 2). Genetic markers provide high cell-type
and temporal specificity during labeling, robust lineage recovery,
and superior spatial resolution via imaging. However, they yield
low lineage diversity, typically identifying only a limited number
of distinct clones. Conversely, synthetic barcodes achieve
massive lineage diversity and seamlessly link lineage histories
to cell states through single-cell sequencing readouts. Their pri-
mary limitations include variable lineage recovery due to bar-
code dropout or homoplasy, alongside off-target editing risks.
Crucially, both approaches require transgenesis, restricting their
use to model organisms. Finally, natural variants eliminate the
need for genetic engineering entirely, making them uniquely
applicable to human samples. Although they capture high line-
age diversity, their lineage recovery varies depending on the nat-
ural variant used and sequencing depth; furthermore, they lack
temporal control and pose significant computational challenges
for data interpretation. The marker-based approach excels in
prospective state-fate mapping and functional interrogation,
whereas synthetic barcodes and natural variants are well suited
for profiling the heterogeneity of cell fate choices at single-cell
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resolution. Recognizing that each lineage tracing system has
its niche, we provide a simplified guide to selecting the appro-
priate approach based on the specific biological question
(Figure 5).

OPPORTUNITIES AND FUTURE DIRECTIONS

To advance the foundational tools of lineage tracing, future ef-
forts must prioritize deeper, more precise recording capabilities.
In model systems, the next generation of synthetic barcodes
must enable deep, multi-generational phylogenies while strictly
minimizing off-target editing and cellular toxicity. To facilitate su-
perior state-to-fate mapping and systematically interrogate pop-
ulation-level heterogeneity, unprecedented spatiotemporal con-
trol over single-cell labeling is also essential. This precision can
be achieved by directly integrating highly diverse synthetic barc-
odes with targeted driver-based systems. Translating these en-
gineering advances into accessible, off-the-shelf model systems
will be vital for democratizing deep investigation of normal devel-
opment and tissue homeostasis. Conversely, achieving compa-
rable precision in human samples requires the holistic integration
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Model organism / in vitro Human tissue

Primary goal? Priority?

Population fate mapping
or functional perturbation

Single-cell clonal

heterogeneity Highest resolution

Specific marker
gene available?

High-resolution
Higher throughput

No Yes

Dual recombinase
(e.g., Cre-Dre)
AND, NOT or sequential logic
Breeding & validation

Single recombinase
(e.g., Cre)
Validate leakiness
Economical

Scalable
Sparse-labeling
clonal resolution

Convenient
Experimental
system?

~ Multicolor reporters
Brainbow - Confetti

In vitro / ex vivo In vivo

Viral library Biological context?

readout mode?

Development / homeostasis Early embryogenesis

DARLIN
High recovery & diversity
Alt: LoxCode, Polylox

In utero LARRY
Library injection

With division count

End:polntdscoding or clone selection? No

SMALT - KP-Tracer
Cumulative recording

LARRY - CellTagging CaTCH - ClonMapper

Watermelon

of multiple natural variant modalities. Jointly leveraging somatic
mutations, structural variations, and stable epimutations will be
essential for reconstructing comprehensive, high-resolution
evolutionary histories without transgenesis.

Beyond recording lineage architecture itself, future platforms
must capture deeper, multidimensional resolution of cellular
state. This requires moving beyond standard transcriptomics
to incorporate co-profiling of the epigenome, direct mapping of
physical cell-cell contacts, and logging of historical molecular
signaling events. Seamlessly integrating continuous lineage
trees with next-generation spatial profiling technologies will
eventually illuminate how the physical microenvironment and
localized niche interactions cooperatively prime cell fate deci-
sions over time. Furthermore, coupling these multidimensional
maps with clone-resolved functional perturbations will enable
systematic clarification of gene function across distinct cell
states within highly heterogeneous populations.

To fully harness these multi-layered datasets, computational
frameworks must evolve in parallel. Advanced algorithms are ur-
gently needed to seamlessly integrate continuous lineage phy-
logenies with spatial coordinates, multi-omics states, and multi-
plexed perturbation readouts. By mathematically synthesizing
this wealth of information, next-generation computational

Spatial resolution

¢? CellPress
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Figure 5. A flowchart for selecting
appropriate lineage tracing technologies
This flowchart provides a systematic guide for
choosing tracing systems based on the experi-
mental model (model organism/in vitro versus
human tissue), the primary biological goal, and the
desired readout resolution. Recommended ap-
proaches are indicated by circular icons, while
warning symbols highlight critical technical re-
quirements, such as validating leakiness in re-
combinase systems, managing breeding and
validation for dual drivers, or accounting for
mtDNA drift.

Nuclear SNVs / indels
Colony WGS - Smart-PTA
Expensive, low throughput

MethylTree
scWG Methylation
Multi-omic compatible

EPI-Clone
Targeted scTAM-seq
Only expanded clones

models will pinpoint crucial regulatory
networks. Ultimately, this will transition
the field toward predictive modeling of
cell fate, enabling forecasts of how spe-
cific genetic or pharmacological inter-
ventions will redirect a cell’s develop-
mental or regenerative trajectory.

Finally, although current tools have
already unlocked unprecedented biolog-
ical insights into cancer, aging, and
normal development, the ultimate
frontier remains routine clinical applica-
tion and longitudinal disease monitoring.
Achieving this requires directing high-
resolution lineage analysis toward high-
impact scenarios. Non-invasive tracking
of somatic mutations and epimutations
via liquid biopsies could enable early can-
cer detection and real-time monitoring of
minimal residual disease. Resolving the
phylogenetic architecture of circulating
tumor DNA may anticipate therapy-resis-
tant clones before clinical relapse. Simi-
larly, tracking clonal hematopoiesis of indeterminate potential
(CHIP) in aging populations offers a strategy for stratifying risk
of hematologic malignancies and cardiovascular disease. Trans-
lating these approaches into the clinic requires overcoming
inherent trade-offs between sequencing cost, phylogenetic pre-
cision, and cellular scalability. Developing cost-effective, tar-
geted sequencing platforms that integrate stable epimutations
with somatic mutations will position high-resolution lineage
tracing as a scalable tool for precision medicine.

mtDNA enrichment
MAESTER - mtscATAC-seq
Validate against drift

Deep phylogeny

critical

PE-Tracer
In situ spatial readout
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