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A half -century ago, Sulston and colleagues watched Caeno-
rhabditis elegans  develop under the microscope, painstak-
ingly drawing each cell division until they had mapped its 
complete lineage, zygote to adult ( 1, 2). It remains one of the 
singular accomplishments of modern biology, and no compa-
rable lineage has been mapped for any other animal since. 
But C. elegans  is exceptional: transparent, small, and devel-
opmentally invariant.  

Nearly all other animals are opaque, and many are vastly 
larger, for example, an adult mouse contains billions and an 
adult human contains trillions of cells ( 3). They also develop 
in the opposite, regulative mode. Cell fates are shaped by ex-
trinsic cues rather than lineage alone, and the precise se-
quence of divisions varies between individuals. Lineage is 
nonetheless far from irrelevant, and the outstanding myst ery 
of regulative development is how a variable lineage is cana-
lized into reproducible form and function.  

To study mouse development at the whole -organism scale 
with  genomic tools, we and others have performed molecular 
profiling of cells sampled from temporally staged individuals 
(4–9). However, sampling is destructive, severing each cell 
from its past and future. Although a cell type ontogeny can 

be inferred in broad strokes from such time -series, lineage 
relationships cannot ( 10). 

That the genome is a digital medium, faithfully copied at 
each cell division, makes it natural to exploit for recording 
cell lineage. Many studies have leveraged natural somatic var-
iation,  static barcodes or recombinase -diversified barcodes to 
this end ( 11–18), but these strategies have not delivered dense 
cellular phylogenies ( 19, 20). 

Around 2016, we and others began to pursue a paradigm 
wherein genome editors introduce heritable marks that ac-
crue throughout development ( 19–25). Read at an endpoint 
by single -cell profiling of endogenous transcripts and bar-
codes ( 25–28), a single destructive snapshot informs cells’ 
present states and their relationship to other cells. Imple-
mentations group by editor class: Cas9 nucleases, whose er-
ror-prone repair leaves heritable scars ( e.g., GESTALT, MEM-
OIR) ( 21–28); base editors, which install point mutations 
(e.g., SMALT, baseMEMOIR) ( 29–32); and prime editors, 
which write symbolic insertions ( e.g., DNA Typewriter, 
peCHYRON) ( 33–35). 

Despite progress, dense cellular phylogenies of large ani-
mals have remained out of reach for a confluence of technical 
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Mammalian biology unfolds over time, within tissues and organs opaque to our eyes and instruments. We applied DNA 
Typewriter, a sequential molecular recorder, to record the cell lineage of a mouse over nearly two weeks of development. From 
one embryo, we reconstruct a time-calibrated, parsimony -supported, zygote -rooted phylogeny of 1.28 million transcriptionally 
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imputed labels for internal nodes recapitulate known state paths. A lineage -anchored ontogeny of mammalian development, 
long out of reach, is coming into view.  
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reasons ( 19), including: (i) delivery and expression: all com-
ponents must reach the zygote and be expressed  stably 
throughout development; (ii) information loss: double -strand 
breaks at densely packed sites trigger deletions that destroy 
adjacent records and media; (iii) instability of temporal reso-
lution: as editable sites are consumed, the recording rate nat-
urally falls; (iv) event ordering: if edits are unordered, their 
temporal order must be inferred; (v) scope: lineage histories 
alone don’t reveal the historical signals and states that 
shaped cells’ fates; (vi) cellular coverage: dense reconstruc-
tions require profiling a substantial proportion of an organ-
ism’s cells; (vii) records retrieval: recovering barcodes from 
profiled cells/nuclei is technically demanding; (viii) tree 
building: algorithms developed for 10 2-104 taxa must scale to 
105-109 cells/nuclei; and (ix) design -test cycle time: optimiz-
ing recorders (or anything) in vivo is slow.  

DNA Typewriter ( 33) addresses, partly or wholly, four of 
these hurdles ( Fig. 1A ). Prime editing does not require dou-
ble-strand breaks (ii). Each edit consumes a monomer and 
activates a new one, stabilizing the number of editable mon-
omers (iii). Insertional edits are introduced 5 ′→3′, so their 
order is preserved (iv). And specific insertions can be ren-
dered biologically conditional, extending what can be rec-
orded b eyond lineage (v) ( 36). To date, however, we have 
demonstrated DNA Typewriter only in vitro, in cultured cells 
and monoclonal gastruloids, to build phylogenies of up to 
~50,000 cells ( 33, 37). 

Here, contending with the remaining obstacles and sev-
eral more that arose along the way, we apply DNA Typewriter 
in vivo to reconstruct a 1.28 million –cell phylogeny of a single 
mouse embryo, from zygote to late organogenesis.  
 
Results  
Pronuclear injection of DNA Typewriter yields an ex-
tensively edited E13.5 embryo  

DNA Typewriter comprises a prime editor, guide RNAs, 
and tape [here, PEmax, engineered prime editing guide RNA 
(epegRNAs), TAPE -1] (38). TAPE -1 is composed of six tandem 
repeats of a 14 –base pair (bp) monomer preceded by a 3 -bp 
key (here, GGA). Initially, the 5 ′-most portion of the tape 
comprises an active 20 -bp protospacer (“typehead”). “Key-
strokes” insert an information -bearing “symbol” (here, 
NNNGGA) that disrupts the typehead while also activating a 
new, downstream typehead ( fig. S1A). Exactly one monomer 
per tape is editable until the array is exhausted.  

We introduced DNA Typewriter by pronuclear injection 
(PNI) of two constructs and piggyBac transposase -encoding 
mRNA into zygotes. One construct encoded constitutively ex-
pressed PEmax, and the other an NNNGGA -encoding 
epegRNA, 12 -bp barcode (tape -BC) and 6 -monomer tape (Fig. 
1A; fig. S1A). Differentiated tissues preclude unbiased cellular 
dissociation of post -gastrulation mouse embryos, which we 

circumvent by profiling nuclei rather than cells ( 39). But 
mRNA is scarcer in nuclei, and targeted transcript recovery 
in single -nucleus RNA sequencing (RNA -seq) workflows has 
been a persistent challenge ( 37, 40). Because circular RNA re-
porters are recovered better than their linear equivalents ( 41), 
we reengineered TAPE -1 for expression as a Pol -III -driven cir-
cular transcript (“circtape”; fig. S1A). Following PNI, we iso-
lated nuclei from ten embryos harvested at E13.5 (fig. S1B). 
Extraembryon ic tissues were discarded. By droplet digital 
polymerase chain reaction (ddPCR) and bulk amplicon se-
quencing of tape -BCs, three bore epegRNA::tape -BC::circtape 
integrations, and DNA Typewriter activity at their tapes 
tracked PEmax copy number ( Fig. 1, B and C, and fig. S1, C 
and D).  

We focused on embryo #3 (Fig. 1D). With 11 
epegRNA::tape -BC::circtape integrations, we expected a “vo-
cabulary” of at most 11 symbols; we instead observed 13 at 
≥0.5% frequency, including 5 abundant at monomers 1 -2 and 
8 at monomers 2 -6 (Fig. 1E and fig. S2A). Amplicon sequenc-
ing linking tap e-BCs to their cis -encoded symbols recovered 
10 of 11, some redundant and collectively encoding exactly the 
8 symbols seen at monomers 2 -6. Symbols were distributed 
independently of whether they were encoded in cis  (fig. S2B). 
A parsimonious explanation of  these patterns is that the 5 
“extra” symbols abundant only at monomers 1 -2 were written 
by transiently expressed epegRNAs shortly after PNI.  

With 8 symbols at 6 monomers, 8 6 (~105) “tape genotypes” 
(an ordered set of symbols at a given tape) are possible. To 
assess how much of this diversity was realized, we performed 
rarefaction on tape genotypes ( fig. S2C) ( 42). Each integra-
tion was represented by an estimated 180 -370 genome equiv-
alents distributed across 76 -165 distinct tape genotypes, and 
every accumulation curve remained steeply rising. Recorded 
diversity thus appears limited by input material rather than 
by recorder capacity.  

We reconstructed neighbor -joining trees from tape geno-
types with a DNA Typewriter -specific distance metric (Fig. 1F 
and fig. S3 ) ( 43, 44). For 9 integrations, >95% of tape geno-
types bore only one of two symbols at monomer -1, e.g., at in-
tegration “TCCGGAAGACCC”, all 139 tape genotypes bore 
CAC (55%) or AAG (45%). A parsimonious explanation is that 
a burst of prime editing occurred at the 2 -cell stage.  

To ask whether these patterns are reproducible, we gen-
erated four additional DNA Typewriter embryos and charac-
terized their tapes in bulk ( supplementary text, note S1). Each 
was comparable or superior to embryo #3 in integration num-
ber, editing rate and recorded diversity (fig. S4 ). Across 85 
integrations in 5 well -edited embryos, edits inferred to arise 
at the 1-cell and 2 -cell stages were common, while 4 -cell -stage 
edits were uncommon, with the caveat that there are limits 
on how readily the latter can be discerned from bulk tape 
genotypes. Notably, only embryo #3 lacked 1 -cell -stage edits.  
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We conclude that PNI -delivered DNA Typewriter records 
heritable, ordered, diverse marks in vivo. Because each tape 
is edited independently, their combinatorics expands the up-
per bound on potential configurations from 8 6 per integra-
tion to 8 (6*11) (~10 59) per cell. However, realizing this potential 
requires determining which edited tapes co -occur within 
which cells.  
 
Single -nucleus RNA -seq of  a DNA Typewriter mouse em-
bryo  
We subjected ~10M nuclei isolated from embryo #3 to single -
nucleus combinatorial indexing (sci -RNA -seq3) ( 39), modi-
fied to co -amplify transcriptome and circtape libraries ( Fig. 
1A). Following quality control, we obtained transcriptional 
profiles for 1,584,848 nuclei. To annotate cell types, we co -
embedded these profiles with 1.65M E12.75 -E14.25 cells from 
our 11.4M -cell atlas of mouse development ( 5), and trans-
ferred labels by k -nearest neighbors; cell type and major tra-
jectory labels were transferred separately (Fig. 2A). Embryo 
#3′s cell type proportions were maximally concordant with 
E13.5, the intended harvest stage (Fig. 2B). Stress, apoptosis, 
interferon and DNA -damage modules were unelevated in em-
bryo #3 across 26 abundant cell types (fig. S5, A and B). How-
ever, of 91 genes in the vicinity of a mapped integration site 
(table S1), 8 were differentially expressed, most prominently 
the chromatin remodeler Chd3 , which exhibited reduced ex-
pression across 20 cell types  (fig. S5C).  

Summed across all integrations, we obtained a median of 
51 quality -passing circtap e UMIs (unique molecular identifi-
ers) per cell. Tape genotypes were called for 54% of cell × tape 
combinations among genotyped cells (49% to 70% for nine 
integrations; 22% and 4% for the remaining two). Circtape 
and transcriptome recovery were correlated, with limited ev-
idence for cell -type-specific silencing of individual tapes ( fig. 
S6). 95% of tape genotypes bore only expected prime editing 
events; the remaining 5% included nine classes of unexpected 
events (supplementary text, note S2).  

Recording capacity was heavily utilized. Among the 4,371 
cells genotyped at all 11 tapes, 55 ± 5 monomers had been 
written (83%), unimodally distributed and peaking at 56, 
with only 23 cells (0.5%) bearing 66 recovered edits (Fig. 2C). 
Repeating the estima te across the entire matrix by summing 
the per -tape means, we obtain a similar estimate of 53/66 
monomers. A caveat i s that although TAPE -1 was designed 
with six monomers, array length by E13.5 exhibits substantial 
variation consistent with in vivo slippage within the tandem 
array (5.2 ± 1.2 monomers; supplementary text, note S2), such 
that our estimate of utilization is a lower bound.  

We define a cell’s “lineage genotype” as its constellation 
of tape genotype calls. Among 353,681 cells genotyped at the 
five best recovered circtapes, only 15% shared an identical lin-
eage genotype with another cell, and the accumulation curve 

was again linear (Fig. 2D). Resolution is thus limited by the 
number of cells sampled rather than by recording activity. 
Reassuringly, of 11, 460 lineage genotypes shared by exactly 
two cells, 57% were of the same cell type, 11 -fold above 
chance, an early indication that lineage genotypes capture bi-
ologically meaningful structure.  
 
Recording dynamics shape dating and branch support 
of a 655,701 -cell backbone phylogeny  
The burst of prime editing activity at the two -cell stage allows 
us to resolve their descendants directly. From 401,367 cells 
with ≥8  genotyped tapes, we derived the edit state of each 
blastomere, hereafter “A” and “B” (A: 23 edits, B: 19 edits; ta-
ble S2)  and routed cells to their blastomere -of-origin. Of 
1,584,848 transcriptionally profiled nuclei, 25,429 yielded no 
genotyped tape. Of 1,559,419 remaining cells, 889,849 (57.1%) 
routed to A and 653,335 (41.9%) to B, 1,543,184 (99.0%) in to-
tal; the remaining  16,235 (1.0%) lacked an unambiguous 
founder assignment and were set aside.  

The cell -type compositions of A and B were highly corre-
lated (Spearman’s ρ = 0.99; Fig. 2E), suggesting contributions 
to the embryo proper, although unequal, are fate -neutral. 
However, our data do not speak to the relative or composi-
tional contributions of A and B to extraembryonic lineages, 
not sampled here ( 45, 46). 

We reconstructed phylogenies for A and B independently, 
and hereafter treat them as inline replicates. Because >10 6 
taxa exceed the practical limits of direct phylogenetic recon-
struction, we proceeded in two stages: (i) tree -building and 
dating of backbone trees from high -tape-recovery cells; then 
(ii) distance -based placement of moderate -tape-recovery cells 
onto the backbones.  

Backbone trees were built by scalable neighbor -joining 
(47–49) on distance matrices for 410,925 (A) and 244,776 (B) 
cells with ≥7 genotyped tapes ( 43), rooted on the founders’ 
states. We dated internal nodes by least -squares dating under 
a strict molecular clock ( 50, 51), fixing root (E1.5) and tips 
(E13.5), imposing a 2 -hour minimum branch length, and cap-
ping the number of ancestral lineages for each blastomere’s 
tree at half of the embryo’s estimated cell number, where 
available (table S3). Joining the dated trees at a common zy-
gote root yielded a backbone phylogeny of 655,701 tips (Fig. 
2, F to H).  

The floor and ceiling are principled, the former set by the 
fastest cell cycles of the gastrulating embryo ( 52) and the lat-
ter by the fact that a subsample can contain no more lineages 
at any given time than the embryo had cells. In practice, the 
ceiling binds only near  gastrulation, where ceiling -free dating 
places 97,566 lineages at E6.5 against an epiblast of ~660 cells 
(fig. S7A), yet costs only ~1.8% in the least -squares objective, 
shifting early nodes ~4 days later, then decaying monoton-
ically toward the tips (fig. S7B). Although we do not know 
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when the 1.36 -fold excess of A vs. B cells arising by E13.5 ac-
crues, node dates are robust to the ratio at which the ceiling 
is applied (fig. S7C). However, that such a correction is 
needed at all localizes the clock’s violation to the interval be-
tween the 2-cell stage and gastrulation, where the ceiling sub-
stitutes external knowledge of embryo size for a temporal sig-
nal we could not recover for this interval, due to limitations 
of the recorder, the reconstruction, or so me combination 
thereof. 

In theory, DNA Typewriter’s sequential design should 
hold the number of active recording monomers, and thus the 
rate at which independent marks accumulate, constant over 
time. To ask whether it did, we compared the observed accu-
mulation against three idealized architectures, each tuned to 
reach the observed mean of 55/66 monomers written by E13.5 
(Fig. 2I). Observed dynamics matched none of them, instead 
showing three phases (Fig. 2J): a ~20 edit burst at the 2 -cell 
stage, marking each founding blastomere; a pronounced 
slowdown through subsequent cleavages and blastocyst for-
mation; and recovery around ~E6, peaking at ~9 ed-
its/cell/day then declining as tapes exhaust. A minimal three -
phase model reproduces these dynamics ( Fig. 2I). Further-
more, although we lack single -cell resolution for the four ad-
ditional embryos, their bulk editing patterns are consistent 
with similar dynamics (supplementary text, note S1). A caveat 
is that, because our parsimony approach assigns an edit to 
the ancestral state of a node only when all of its  descendants 
share that edit, noise in the genotype calls can bias the recon-
struction toward assigning too few edits, with earlier nodes, 
which have far more descendants, more likely to be affected; 
therefore, the magnitude of this slowdown should be read as 
an upper bound.  

How reliable is the topology of this backbone phylogeny? 
Node support measures are a cornerstone of phylogenetics 
(53), but their use in the lineage recording field is incon-
sistent. Resampling -based bootstraps ( 53), a conventional 
measure of node support, were computationally infeasible at 
this scale. We therefore devised a simple independent -edit-
count support statistic for each split in the inferred phylog-
eny ( materials and methods). Its distribution was right -
skewed (median 3, tail beyond 20; fig. S7D), with 78% (A) and 
80% (B) of internal branches carrying ≥1, and 64% and 68% 
carrying ≥2, supporting edits. As further checks, we re -
counted support using only edits on distinc t tapes (fig. S8A) 
and confirmed that subtrees reconstructed with one tape 
withheld recover the held -out tape's pairwise distances well 
above a label -shuffled control (fig. S8B ). 

Recording dynamics and topological confidence are nec-
essarily related, both because an interval in which few marks 
are written is one in which few divisions can be resolved, and 
because both are estimated from the same ancestral -state re-

construction. Correspondingly, node support varied with de-
velopmental time, mirroring editing dynamics (Fig. 2K and 
fig. S8A): maximal at the first division, weakest through the 
more sparsely recorded window that follows, then rising as 
editing recovers, b efore falling again slightly toward the tips 
as tape exhaustion reduces the marks available to resolve re-
cent splits. Notably, the low -confidence early window is pre-
cisely where unconstrained dating inflates ancestral lineages 
beyond the embryo's cell number, and where the imposition 
of a ceiling does the most work (fig. S7, A and B). Support 
recovers by E6.5 -E7.5, over which the dated tree traces an ex-
pansion from 656 to 13,181 lineages, and is maintained there-
after. 

A third clock violation, addressed by neither the ceiling 
nor the timing correction, is that prime editing rate varies 
across cell types ( 54–57). In this embryo, cell type -stratified 
editing rates fall within a tight 1.6 -fold range, but the slowest 
types are overwhelmingly hematopoietic ( supplementary 
text, note S3; fig. S9 ). Our dates should therefore be read as 
approximations rather than exact ages, least reliable at the 
earliest divisions, underestimated toward the tips, and least 
reliable again in hematopoietic cell types.  
 
Distance -based placement doubles the tree to 1,281,141 
cells  
In the second reconstruction stage, we placed 625,440 addi-
tional cells with 4 to 6 genotyped tapes onto the 655,701 -cell 
backbone; the remaining 262,043 blastomere -routed cells 
were excluded, 88% for carrying <4 genotyped tapes and the 
rest by the doublet and founder -contradiction filters. For 
placeme nts, each query cell was attached to its single closest 
relative under the same distance metric used for the back-
bone ( 43), whether a backbone tip or a previously placed 
query; cells were processed in order of decreasing tape recov-
ery ( fig. S10A). This strategy rests on two assumptions: that 
the backbone samples the embryo densely enough for each 
query cell to have a near relative among its tips, and that 4 
tapes suffice to identify that relative. Neither is guaranteed, 
so we assessed our placements in t wo orthogonal ways.  

First, the edit distances themselves. Query cells share 
post-burst, sequentially accrued edits with their anchor and 
rarely contradict it (fig. S10, B and C), indicating that anchors 
are genuine close relatives rather than arbitrary attachment 
points. But most queries are genotype -identical to their an-
chor at every recovered monomer, so placements add little 
topological information and imply short divergence times 
(fig. S10, D and E).  

Second, because placement uses edit distances alone, with 
no reference to transcriptional state, cell type concordance 
among neighboring tips serves as independent evidence that 
genuine lineage relationships are recovered. Because insert-
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ing placements reshapes the terminal topology, adding poly-
tomies where queries share identical genotypes (fig. S10, F 
and G), we compared cells on the fraction of their equally re-
lated nearest neighbors sharing their cell type. Backbone - 
and placement -derived cells were similarly concordant, both 
far above a label -permu ted null, with placed cells somewhat 
lower in every terminal context (fig. S10H).  

Placed cells therefore sit at short edit distances from their 
anchors and recover cell -type concordance nearly as well as 
backbone cells. Furthermore, they are compositionally simi-
lar to backbone cells ( fig. S11). On the other hand, their accu-
racy is sensitive to both retained tape number and edit count 
(fig. S12). Plac ements should thus be cautiously interpreted 
as being in the correct local neighborhood, but not neces-
sarily at the correct depth, a limitation that follows from the 
algorithm attaching queries along terminal branches rather 
than internal edges in order to  remain computationally trac-
table. 

The final tree of embryo #3 is ultrametric, with 1,281,141 
tips (E13.5), each carrying a single -cell transcriptome and one 
of 138 cell type annotations ( Fig. 3A). Although these cells 
represent only ~10% of the E13.5 embryo ( 4, 5, 58), coverage 
at depth is far higher, e.g. each of the 13,181 lineages dated to 
E7.5 is represented by a mean of 97 sampled descendants. In-
spired by NextStrain ( 59), we built NextCell ( 60), an interac-
tive explorer with which one can click any ancestral node to 
visualize its subclade. For example, Fig. 3B  shows n1703121, 
an ancestral node dated to E7.4 whose descendants are endo-
dermally fated, with subclades clonally partitioned among 
visceral organs.  
 
A wave of clonal dominance arises during gastrulation  
Clonal dominance, the progeny of some progenitors accruing 
disproportionately relative to others, is recurrent in verte-
brate development, mostly studied within individual tissues 
(61–65). At the whole -organism scale, a few early GESTALT -
marked progenitors accounted for most non -blood cells in 
each organ of an adult zebrafish ( 21), while LoxCode barcod-
ing of the E5.5 mouse epiblast revealed clones differing 
widely in size and fate ( 66). In both cases, however, marks 
were established at one point and read out at another, such 
that dominance could be quantified but not dated.  

To investigate when dominance arises, we tracked the 
Gini coefficient of clonal contribution across developmental 
time, taking lineages present at one timepoint as founders 
and their descendants at a later timepoint as clones. We de-
fined founders at E7.0, by which point node support has re-
covered and the ceiling is no longer binding ( Fig. 2K). This 
yields 3,849 clones (A: 1,970; B: 1,879), each contributing a 
mean of 333 profiled E13.5 descendants, but with marked in-
equality, e.g. the 170 largest account for 50% of tips, versus 
720 expected under a neutral Yule (pure -birth) null ( 67), 

while the observed Gini coefficient of 0.80 grossly exceeds the 
null's 0.50 (Fig. 4, A to C). These patterns are similar in the 
backbone tree (fig. S13, A to C), similar between A and B (fig.  
S13, D to F), and robust to the ratio at which the ceiling is 
applied to A vs. B during dating (fig. S14A).  

If we vary the timepoint at which clonal contributions of 
E7.0 founders are assessed, we find that the Gini coefficient 
rises steeply and plateaus by ~E9.0 ( Fig. 4D and fig. S14B). 
Because the Yule null rises similarly but asymptotes at 0.50, 
the informative quantity is the departure from it, which ex-
ceeds the null's 95% envelope almost immediately after 
founders are defined, and remains above it thereafter. Similar 
dynamics are observed if we define founders at timepoints 
ranging from E5.5 to E7.5, but not E10.0, from which inequal-
ity instead accrues gradually (fig. S14, C and D) . 

What might drive it? Inequality exceeding the simplistic, 
pure-birth Yule null requires net expansion rates that differ 
between lineages and persist within them, whether through 
division or survival. Cell cycles around gastrulation are 
among the shortest o f the mammalian life cycle and hetero-
geneous, fastest in the epiblast's proliferative zone ( 52, 68). 
Over this same interval, apoptosis is elevated in the 
pregastrula and spatially patterned in the gastrula ( 69), 
where a substantial fraction of epiblast cells are eliminated 
by cell competition, which acts on relative fitness and, where 
the underlying differences are heritable, can drive non -neu-
tral clonal dynamics ( 62, 65). Here, the 10% most proliferative 
E7.0-defined founders account for 39% of E8.0 -dated line-
ages, broadly consistent with Snow’s 1977 speculation that the 
proliferative zone's contribution could rise from 10% to 50% 
by E7.5 ( 52). Our tree records only surviving lineages, so it 
cannot apportion the observed inequality between differen-
tial division and differential survival, which are not mutually 
exclusive. Regardless, the inequality at E13.5 is much smaller 
than such a skew woul d produce if fully inherited, suggesting 
that the plateau marks not the end of heterogeneity but the 
end of its heritability.  

In contrast with A and B, whose contributions to the em-
bryo proper are fate -neutral, many E7.0 -defined founders ex-
hibit highly skewed output ( Fig. 4E and fig. S14E), e.g., 20 
founders account for only 5% of the E13.5 embryo but 51% of 
its 4,178 olfactory sensory neurons. Resolved by trajectory ra-
ther than by founder, nearly all of the well -represented major 
trajectories exhibit elevated Gini coefficients, in a manner 
that is reproducible between blastomeres and between the 
full and backbone trees (Fig. 4F and fig. S14F ). However, 
founders already occupy distinct positions in the gastrulating 
embryo by E7.0, so both trajectory -specific dynamics and 
founder skews plausibly reflect spatial position rather than 
fate bias, and we are wary of interpreting either further. This 
also complicates comparison with pr ospective clonal mark-
ing at E5.5 ( 66), both because we define founders 1.5 days 
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later (avoiding the low -confidence pre -gastrulation interval) 
and because gastrulation -associated clonal dominance and 
the later -arising fate -specific enrichments are distinct quan-
tities that are likely decoupled.  
 
Tree siblings share fate far in excess of chance and mark 
terminal differentiations  
We next turned to the tips of the tree, beginning with tree 
siblings (cherries and terminal polytomies; fig. S10F), to ask 
how strongly lineage predicts fate at the finest scale available. 
For annotations observed in both subtrees, we asked how of-
ten tree siblings share it, relative to a tip -label -permuted null. 
Because our tree captures at best ~10% of the estimated 13 -
61M cells of an E13.5 embryo ( 4, 5, 58), most tree siblings are 
not true sisters but nearest sampled relatives, so any concord-
ance we observe is a lower bound on true sibling concord-
ance. Globally, 51% of tree -sibling pairs share a cell type label, 
a 9.4-fold enrichment over a permuted null (5 .9-fold for strict 
two-tip cherries). Enrichment varied widely across fates but 
was reproducible between blastomeres (Spearman’s ρ = 0.94; 
fig. S15, A and B, and tables S4 and S5). Extreme concord-
ances corresponded to cell types understood to commit from 
a small, spatially restricted progenitor pool and then expand 
clonally within an anatomical niche, e.g. lung progenitor cells 
at 145-fold (fig. S15B).  

Half of tree siblings were cell -type discordant. To ask 
whether heterotypic pairs might inform terminal differentia-
tions, we extracted the most closely related subset (shared 
ancestor dated ≥E12.5; at most one discordant tape mono-
mer) wherein exactly one m ember was among 27 post -mitotic 
cell types ( fig. S15C and table S6). This yielded 82,300 post -
mitotic cells distributed across 640 progenitor -derivative 
pairings. Against a within -blastomere permutation null, 37 
pairings were ≥3 -fold enriched at 1% false discovery rate 
(FDR) (max 29 -fold), with enrichments reproducible between 
subtrees (Spearman’s ρ = 0.82; fig. S15D). Together these 
draw on 24 distinct progenitor states and assign at least one 
progenitor to 18/27 post -mitotic types, and recover canonical 
differentiation events at the resolution of individual dated di-
visions (Fig. 5A) spanning neurogenesis, terminal matura-
tion, and hematopoiesis; the latter warrant caution, as the 
blood-specifi c slowdown may leave our edit -distance thresh-
old less able to isolate recent divisions.  
 
A hierarchy of fate couplings dated from gastrulation to 
organogenesis  
Tree siblings probe only the immediate neighborhood of each 
tip. To reach older relationships, we partitioned each blasto-
mere subtree into “maximal clades” ( 70), i.e. subtrees of ≥3 
but no more than K cells whose parent exceeds K and asked 
which of 88 abundant cell types co -occur within them more 
often than expected under a tip -label -permuted null (fig. S16) 

(27, 71). We ran this at K=15 (median ancestor age E11.2) and 
K=200 (E8.8).  

Hierarchical clustering of the K=15 enrichment matrix re-
vealed clear blocks corresponding to hematopoiesis, anterior 
and posterior neuroectoderm, neural crest, mesoderm/mes-
enchyme/endothelium, endoderm, and surface ectoderm ep-
ithelia ( Fig. 5B). Because the tree was built without reference 
to cell identity, recovering this organization from clade co -
occurrence alone further indicates that its topology reflects 
genuine lineage relationships, as does its reproducibility be-
tween the A and B sub -trees (off -diagonal Spearman’s ρ = 
0.79 at K=15; fig. S17A ). 

Block structure was much sharper at K=15 (recent clades; 
fig. S17A) than K=200 (ancient clades; fig. S17B). Of 3,828 cell -
type pairs, 143 were significantly enriched in both blasto-
meres at K=15, but only 22 at K=200, and 18 at both (fig. 
S17C). Whereas pairs enriched only at K =15 overwhelmingly 
reflect post -gastrulation relationships, those enriched at both 
remain coupled within clades whose common ancestor pre-
dates E9, implying couplings dating to gastrulation or earlier. 
That some couplings persist across a 13 -fold change in the 
clade-size cap while most do not, suggested to us that the 
depth at which an enrichment disappears is itself informa-
tive, and that sweeping developmental time directly might al-
low the coupling of cell -type pairs to be dated systematically.  

To this end, for each time t from E7.0 to E13.25 in 0.25 -
day steps, we defined the clade of every lineage present at t 
as all of its sampled descendants, and computed the same 
pairwise co -occurrence enrichment as above against a tip -la-
bel permutation null. For each qualifying pair we recorded 
its coupling depth, i.e. the earliest t at which the two re-
mained significantly co -enriched in both blastomere sub-
trees. This yielded coupling depths for 129 cell -type pairs, 
touching 75/88 cell types with dates spanning E8.25 -E13.25 
(Fig. 5C and table S7). ; Significance formed a single contigu-
ous interval in time for 122 of these 129 pairs (95%). Average -
linkage clustering of these depths yielded a hierarchy in 
which most branch points carry a developmental date; clus-
ters generally co rresponded to major germ layers or organs, 
and the most deeply coupled groups “closed” first (Fig. 5D). 
The order and dating of the cell type couplings were biologi-
cally sensible and reproducible between blastomeres (fig. 
S17D). 

Because our placement heuristic could in principle man-
ufacture the terminal structure these analyses rest on, and 
because global tip -label permutation is a permissive null, we 
repeated the sibling, heterotypic -pairing and clade co -occur-
rence analyses on th e backbone tree alone, and against a 
within -clone null ( supplementary text, note S4; tables S5 to 
S7). Enrichments fell in magnitude but persisted, and the 
rank order of coupling depths was preserved throughout, 
while their absolute dates shifted by  a median of 0.75 days, 
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deeper on the backbone and shallower under the within -
clone null. We conclude that sibling enrichments and the or-
dering of cell type couplings are robust to both tree and null, 
but also that absolute coupling dates should not be overinter-
preted. 
 
Ancestral state imputation recovers known develop-
mental transitions  
Each of the tree’s 1,281,141 tips carries a transcriptional state, 
but its 1,109,894 internal nodes are unobserved. We sought to 
develop an exploratory, heuristic imputation  strategy that 
leverages our single -cell RNA -seq (scRNA -seq) atlas of mouse 
development ( 5). Within individual cell types, tree siblings 
are on average closer in transcriptional state than non -sib-
lings of the same type, and transcriptional similarity tracks 
lineal relatedness ( Fig. 6, A and B). However, these trends are 
subtle, such that we favored approaches that aggregate infor-
mation across many descendants of each internal node.  

Traversing from tips to root, we assigned each internal 
node the mean transcriptional profile of its children, then 
linked ancestral nodes to atlas cells by mutual nearest neigh-
bors in successive 6 -hour windows from E13.5 back to E8.5, 
assigning each matched node an updated profile and a cell 
type by majority vote (Fig. 6, C  and D ). Critically, the lineage 
relationships here are given by the tree, with the atlas serving 
only to identify the contemporaneous state most consistent 
with each ancestral node’s descendants.  

This heuristic yielded cell type labels for 926,852 of the 
1,054,879 internal nodes within the atlas interval (88%), with 
coverage lowest early (46% at E8.75) and best late (96 -98% 
between E11.5 and E13.0). Imputed labels are robust to ran-
dom masking of 20% of tips, albeit less so for rare annota-
tions ( fig. S18), and are almost entirely lost when cell identi-
ties are permuted across tips (0.06% label agreement). But 
they are also noisy, implying 132,536 distinct “state paths” 
that are overwhelmingly rare and biologically implausible.  

We therefore defined a state path as “qualifying” if it was 
heterotypic, non -recursive, carried by at least 5 instances and 
≥1% of its terminal cell type’s traced cells, and composed of 
constituent steps that were individually well -supported (≥50 
overall transitions) and asymmetric (> 60/40 preference for 
observed direction) in the overall tree. This yielded 275 qual-
ifying state paths, 98% of which are recovered independently 
in both blastomeres, covering 82 of 136 cell types and 117,704 
tips (table S8 ). These criteria use only the phylogeny and im-
puted labels, and no external knowledge of developmental bi-
ology. 

Although qualifying state paths are short (193 with two 
states, 77 with three, 5 with four), imputed rather than rec-
orded, and lack validation, they are clearly enriched for well -
established differentiations ( e.g. lateral plate and intermedi-

ate mesoderm → posterior intermediate mesoderm → meta-
nephric mesenchyme → nephron progenitors). To evaluate 
this systematically, and with the caveat that this is not fully 
independent validation, we scored imputed paths against our 
previously reported, manually curated cell -type transition 
graph ( 5). Of 360 testable steps, 160 (44%) connect states that 
are directly adjacent in the 474 -edge transition graph and 207 
(58%) connect states within two edges of one, 15.7 -fold and 
7.4-fold enrichment over chance. Imputed annotations and 
qualifying paths can  also be explored in NextCell ( 60), includ-
ing as temporal flow -allocation diagrams ( 9) ( Fig. 6, E to G) . 
 
Discussion  
Molecular technologies, like algorithms, have a theoretical 
scaling that is clean and a practical scaling that is not. At the 
outset of this field around 2016, we and others imagined that 
the path from proof -of-concept to a “Sulston mouse” would 
be relatively straightforward. But  the devil, of course, is in the 
details.  

Of the five obstacles described in the introduction that are 
not addressed by DNA Typewriter itself, we make progress on 
all but fully resolve none. Delivery by PNI and piggyBac es-
tablished a stable, constitutively  expressed system through 
E13.5, but was mosaic and uncontrolled in integration num-
ber and location (i); PNI offers a faster design -test loop than 
cell culture or organoids, directly in vivo, but does not result 
in a distributable “recorder mouse” line (ix ). sci -RNA -seq3 re-
covered >10 6 cells, ~10% of this embryo but orders of magni-
tude short of what is required for dense sampling of an adult 
mouse (vi). Circtape exhibited subjectively improved recovery 
relative to our prior attempts at targeted transcript recovery 
from single nuclei ( 37, 40), yet only 54% of the cell × tape 
matrix was filled, possibly because circular RNAs are ex-
ported to the cytoplasm ( 72) (vii). Finally, although we suc-
ceeded in building a time -calibrated, parsimony -supported 
phylogeny of 1.28 million cells, its dating and topology are 
limited by clock violations and the placement heuristic (viii).  

Four further obstacles, not on our list, loomed large in 
practice. First, cell type annotation of this phylogeny’s tips 
was tractable only because of a parallel, multi -year effort to 
generate a highly resolved scRNA -seq atlas of mouse devel-
opment ( 4–6). Second, a barren phylogeny does not directly 
inform the identities of ancestral nodes; our co -occurrence 
and state -imputation heuristics are first approximations, and 
the toolkit for “developmental statistics” remains sparse ( 73). 
Third, with a single embryo, reproducibility rests on compar-
isons of blastomere A vs. B subtrees, a useful but limited form 
of replication, e.g. we cannot assess how integration -medi-
ated disruption of genes such as Chd3  (74) impacted the phy-
logeny. As such, our results here and any follow -on analyses 
of the phylogeny should be regarded as preliminary, pending 
confirmation in independent animals.  
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The fourth new obstacle was the frustrating -yet-fascinat-
ing dynamics of PNI -delivered DNA Typewriter. A massive 
editing burst, helpful for rooting, spanned the 1 -cell (minor 
ZGA) and 2 -cell (major ZGA) stages ( supplementary text, note 
S1), which may be permissive for genome editing ( 75, 76). Less 
helpfully, the editing rate then sharply fell, recovering by gas-
trulation, albeit not to the level of the 1 -cell/2 -cell burst. We 
speculate that post -ZGA epigenetic silencing of integrated 
cassettes and/or a lower intrinsic editing rate in epiblast  pre-
cursors, which dominate the embryo proper at this stage, re-
duce prime editing during this window. Single -cell profiling 
of extraembryonic tissues from DNA Typewriter embryos 
may shed further light.  

From its perigastrulation recovery through E13.5, DNA 
Typewriter recorded robustly, although rates varied modestly 
between cell types. The marked blood -specific slowdown 
could be experiment -specific ( e.g. silencing of specific PEmax 
integration sites), setup -specific ( e.g. silencing of the CAG 
promoter driving PEmax) or biological ( e.g. dNTP limitation 
in hematopoietic cells); further experiments are required to 
distinguish these. Regardless, cell type -specific rates violate 
the strict molecular clock. Looking forward, we favor a tran-
sition to maximum likelihood methods that more explicitly 
accommodate molecular biology, missing data, and complex-
ity in both phylodynamics and recorder dynamics, as well as 
divide -and -conquer algorithms that may scale to 10 8 cells and 
beyond ( 43, 77–80). 

Other avenues for improvement are arithmetic and scale. 
Recording capacity is the product of tape number and length. 
Many of the 11 × 6 -monomer tapes were saturatedo by E13.5, 
eroding the rate stability that DNA Typewriter’s sequential 
recording affords. B y contrast, 50 × 20 -monomer tapes would 
afford 1,000 positions, enough to stably record to adulthood. 
Sampling DNA Typewriter embryos at more stages, in con-
junction with chemical, genetic or environmental perturba-
tions, and/or with integration of signal -, state- and spatially -
resolved recording, would each add dimensions that our sin-
gle tree lacks ( 36, 81, 82). 

Large, dense cellular phylogenies of regulatively develop-
ing animals are a genuinely new kind of data object, enabling 
investigation of the statistical regularities that recur within 
an individual, or hold across individuals, even when no single 
lineage does. As we have argued elsewhere, such phylogenies 
are poised to anchor the “consensus ontogeny” that we envi-
sion for organisms such as the m ouse, a lineage -anchored ref-
erence onto which multimodal measurements can be layered 
(83). The 1.28 million tree reported here, one embryo at one 
stage comprising ~10% of its cells, is at best a single view-
point on such an ontogeny. Yet it recovers, from clonal co -
occurrence alone and without reference to transcriptional 
state, a dated hierarchy of cell -type couplings that agrees with 
canonical relationships of mouse development accrued over 

decades of investigation. That so much can be read from a 
single, incomplete lineage is itself encouraging. We have only 
scratched the surface of what might be learned from this one 
dataset, and we welcome its further exploration, and its inte-
gration with other cellular phylogenies of the developing 
mouse ( 84). 

Following years of work across many groups ( 19), we hope 
that this and contemporaneous studies ( 84) mark an inflec-
tion point for the molecular recording field. As more sophis-
ticated in vivo recording devices are brought to bear, the phe-
notypic equivalent of a mammalian reference genome, from 
zygote to birth to adulthood to death, comes into view ( 83). 

The materials and methods are available in the supple-
mentary materials.  
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Fig. 1. PNI of DNA Typewriter components identifies an E13.5 embryo with robust levels of sequential editing. (A ) 
Schematic. (Left) A 6 -monomer tape is edited sequentially by prime editing, with each event installing an insertional 
symbol (colored) at the active monomer while regenerating the protospacer (red outline) at the next. (Middle) 
Constructs encoding prime editor (PEmax), guides (epegRNAs), and barcoded tape (tape -BC, circtape), were delivered 
to the zygote by PNI, together with piggyBac transposase mRNA. The tape is transcribed by Pol -III and circularized via 
the Tor nado system, and additionally bears a 30 -nt poly(A) region and a custom capture sequence, enabling oligo -dT -
based and (optionally) targeted reverse transcription, respectively. (Right) Embryos were harvested at E13.5 and 
transcriptionally profiled by three -level single -nucleus combinatorial indexing (sci -RNA -seq3) ( 39 ), yielding paired 
circtape genotypes and transcriptomes that together facilitate the reconstruction of a cell phylogeny annotated by cell 
type. Some elements were created in BioRender ( 86 ). ( B ) Number of distinct tape -BC sequences (unique integration 
barcodes; blue) and the estimated total number of genomic integrations after accounting for multi -copy barcodes 
(orange). ( C ) Per -monomer editing rates for each embryo, expressed as the fraction of resolved reads edited at each of 
the six monomers (colored 1 -6), collapsed with respect to independent integrations. ( D ) Per -monomer editing rate in 
embryo #3, shown separately for each of 11 single -copy tape -BC integrations. Editing declines progressively from 
monomer -1 to monomer -6, consistent with sequential editing. ( E ) Frequency of each insertional symbol at each of the 
six monomers in embryo #3, aggregated across integrations. The 13 symbols present at ≥0.5% frequency at one or more 
monomer positions are shown individually; the remainder are grouped as “other”. The 5 symbols appearing at ≥0.5% 
frequency only at monomer -1 and/or monomer -2 are marked with an asterisk. ( F ) Neighbor -joining lineage tree 
reconstructed from tape genotypes observed at a single representative integration (tape -BC “TCCGGAAGACCC”; n = 
139 genotypes), with the corresponding edit patterns shown at right (colored by symbol; gray, unedited).  
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Fig. 2. Single -nucleus RNA -seq of a DNA Typewriter embryo enables reconstruction of a time -calibrated, zygote -
rooted, tip -annotated phylogeny. (A ) Two -dimensional (2D) uniform manifold approximation and projection 
(UMAP) co -embedding of 1.58M scRNA -seq profiles from embryo #3 (this study; median UMI: 906, genes: 654) and 
1.65M from 7 timepoints of our high -temporal -resolution single -cell atlas of m ouse development (E12.75 - E14.25 in 
6-hours increments) ( 5). (Left) All cells, colored by the 26 major trajectories (numbered key); major trajectories 
accounting for more than 0.1% of cells are labeled. (Right) The same embedding split by dataset of origin. ( B ) (Left) 
Log 2-scaled percentage of cells per cell type, for each of the 169 cell types detected among cells shown in panel ( A) . 
Each point is one cell type, colored by its major trajectory. Right: Spearman’s ρ between cell type proportions in 
embryo #3 vs. each wildtype atlas timepoint from E12.75 to E14.25. ( C ) Histogram of the number of edited monomers 
per cell in embryo #3, for the 4,371 cells with tape genotypes at all 11 tape integrations. Although cells genotyped at 
all 11 tapes are enriched for cell types with higher tape recovery, reweighting this distribution to the embryo’s major -
trajectory composition shifts it only from 55.2 ± 4.8 to 54.9 ± 5.1 monomers written ( mean ± s.d.). ( D ) Cell -level 
rarefaction analysis of lineage -genotype diversity (Hurlbert interpolation), based on the 353,681 cells with a lineage 
genotype call for all 5 of the most highly recovered integrations. The curve remains near -linear. ( E ) Log 2-scaled 
percentages of cells per cell type in blastomere A versus blastomere B, for the 141 cell types detected in the union of 
A and B. Each point is one cell type, colored by its major trajectory. ( F ) Timed backbone phylogeny (root fixed E0; A 
and B subtrees fixed at E1.5, tips fixed at E13.5). The tree (left) is shown beside the per -cell tapes, colored by the 
observed edit outcome (right). ( G and  H ) Zoom -in on clades outlined by red rectangles in panels ( F) (1,167 cells; clade 
root at E6.8) and (G)  (130 cells; clade root at E7.5), respectively. Major trajectory annotations of tips are shown at 
right [color legend in panel ( A)]. ( I) Mean edits accumulated per cell versus developmental time, for four models, 
each tuned to reach 55 of 66 edits by E13.5. Non -sequential editing to a 1 × 66 -monomer tape under a constant per -
site, per -day rate (red) yields ~6 -fold variation in temporal re solution, from ~8.8 edits/cell/day at the outset to ~1.5 
by E13.5, as sites are consumed. Sequential editing to a 1 × 66 -monomer tape under a constant per -site, per -day rate 
(blue) holds flat at ~4.1 edits/cell/day. Sequential editing to 11 × 6 -monomer tapes under a constant per -site, per -
day rate (orange) behaves similarly, except that the aggregate rate falls late as in dividual tapes reach their limit. 
Sequential editing to 11 × 6 -monomer tapes under a three -phase model (black) comprises a 20 -edit burst, a 
slowdown interval approximated as quiescence until E6, and then a constant per -site, per -day rate. ( J ) Observed tape  
editing rate across developmental time for blastomere A and blastomere B. On the backbone tree, ancestral tape 
states were inferred as the longest edit prefix shared by all descendant genotypes of each node (a conservative rule 
at nodes with many descenda nts), and branches assigned to 1 -day bins from E0 to E14 by their temporal midpoint; 
the rate for each bin is the sum of edits across integrations divided by the total branch time falling in that bin. The 
peak in the E0 -E1.0 bin corresponds to the founder burst, placed on each blastomere's stem lineage. ( K ) Internal 
node support across developmental time for blastomere A and B, binned by node date over the same 1 -day windows. 
Support is the number of independent edits inferred to occur along the branch entering a node, from the same 
ancestral -state reconstr uction as panel (J);  panels show the percentage of nodes with support ≥1 or ≥2. In panels ( J) 
and (K) , points are plotted at bin midpoints, and bins containing no branch midpoint (J) or dated node (K) are omitted 
rather than plotted as zero. ( J) E1.5 in both blastomeres, E2.5, E4.5 in A, E3.5 in B; (K) E2.5, 3.5 in both blastomeres; 
panel (K)  additionally begins at E1.5, the age of the blastomere subtree roots. These gaps, and the sparse sampling 
of neighboring early bins, reflect the small number of resolvable divisions during the slowdown interval.  
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Fig. 3. A ~10 6  cell phylogeny of a developing mouse from zygote to late organogenesis and an interactive browser 
to explore it. (A ) 1,281,141 cells shown as a circular dendrogram in which radial position gives inferred node age, from 
zygote (center) to E13.5 (perimeter). Branch widths are scaled in 2 -day steps to render the sparse early backbone legi-
ble. The two blastomere sub -lineages, A and B, occupy the rig ht and left halves. Concentric rings encode, from inner to 
outer: (i) blastomere identity (A, blue; B, orange); (ii) reconstruction origin (backbone, dark blue; placement, orange); 
(iii) major trajectory (legend in Fig. 2A ); and (iv) cell type. The red asterisk and wedge mark the clade shown in ( B) ; the 
wedge's angular width is exaggerated ~5 -fold for visibility. ( B ) Interactive visualization in NextCell ( 60 ), focused on an-
cestral node n1703121 in the full tree, an endodermally fated progenitor (E7.4) whose 662 sampled descendants are 
clonally partitioned among cell types associated with visceral organs, including hepatocytes (n = 365), branchial arch 
epithel ium (n = 44), midgut/hindgut epithelium (n = 35), and lung progenitors (n = 31). Panels show the edit states of 
11 genotyped tapes (top left); a dendrogram of the subclade, with branches colored where ≥60% of descendant cells 
share a cell type (top right); a UMAP of all cells in the final tree, highlighting subclade members (bottom left); and cell 
typ es observed ≥5 times, with counts in the subclade and among all tips (bottom right).  
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Fig. 4. Quantitation of clonal dominance arising during gastrulation. (A ) Rank -abundance of founder clone sizes 
(log 10 scale). Founder clones (n = 3,849) are defined as  the lineages present at T 0  = 7.0 days post -fertilization in the 
dated tree; each founder's clone size is its number of E13.5 descendants. The dashed line marks the top 170 found-
ers. ( B ) Number of founders required to generate 50% of all E13.5 cells, in observed data (blue dashed line, n = 170) 
vs. the Yule null (gray, 10,000 replicates). p = P  (null ≤ observed). ( C ) Gini coefficient of founder clone sizes on the 
full tree (0 = every founder contributes equally, 1 = all cells derive from a single founder); the observed value (dashed 
line) is compared with its distribution under the Yule null (10,000 replicates). p = P  (null Gini ≥ observed). ( D ) Emer-
gence of clonal dominance on the backbone tree. The Gini coefficient computed across the same 3,848 founders’ 
descendant -lineage counts at each time T , tracking the fixed founder set forward from T 0  to E13.5 (blue), and com-
paring against the Yule null (gray) and its 95% envelope (gray). ( E ) Founder clone contribution to each major trajec-
tory relative to its overall contribution to the embryo, full placement tree (n = 3,849 founders, both blastomeres com-
bined). Color shows log 2(observed/expected) cells of each trajectory (rows, ordered by sampled cells) from each 
founder (columns, ordered by most -enriched trajectory), where expected assumes a founder contributes to every 
trajectory in proportion to its overall clone size. Founde rs are ordered by the trajectory in which they are most en-
riched, then by enrichment strength within it. Top strip, blastomere of origin (blue, blastomere A; orange, blastomere 
B); gray, fewer than 10 sampled descendants of that founder in that trajectory. ( F ) Excess Gini, the observed Gini in-
dex minus the 97.5% upper bound of the blastomere -specific Gini null, on the backbone tree for major cell -type tra-
jectories with ≥100 cells in both blastomeres (n = 19), over developmental time, split by blastomere of ori gin. Red, 
higher inequality than the blastomere's overall neutral expectation; blue, less. Smaller trajectories may show less 
signal due to estimator noise, not necessarily true absence of Gini excess.  
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Fig. 5. Lineage predicts fate at every scale, from sibling pairs to a dated hierarchy of cell -type couplings. (A ) 
Heatmap of the 37 progenitor → post -mitotic heterotypic pairings that significantly and reliably recur among late -
splitting tree siblings above chance. Rows, 24 progenitor or regional states; columns, 18 post -mitotic cell types; both 
ordered by germ laye r. Color, log 2-fold enrichment of the pairing over a tip-label -permuted null. Numbers within 
cells, post -mitotic cells supporting that pairing (range 7 -6,972; 13,549 in total). White, pairing not captured. All 
pairings shown are supported by at least 3 post -mitotic cells, are at least 3 -fold enriched, and cl ear a Benjamini -
Hochberg FDR of 1% across the 640 pairings tested. ( B ) Briefly, we partitioned the tree into “maximal clades” ( fig. 
S16), and for each pair of abundant cell types, counted the number of clades containing both (including self -pairs) 
and compared this to the expected count under random cell -type label shuffling (100 permutations). Log 2-
enrichment (observed / expected), clipped to [−5, 3.5] is shown at K=15, capturing local family groups. Cell types 
are ordered by hierarchical clustering (Ward's linkage on Euclidean distance) of the K=15 matrix, with 4 of 88 cell 
types manually repositio ned to make the annotated groupings contiguous (see materials and methods for details of 
manual repositionings); the same order is used across rows and columns. White lines were manually added and 
demarcate clusters of cell types corresponding to major groupings shown at bottom. ( C ) Timed fate couplings 
between cell types. Each row is one of the 129 cell -type pairs with a defined coupling depth. Each column is one of 
the 26 developmental time slices from E7.0 to E13.25 in 0.25 -day steps, with earlier ancestors to the left. Color, lo g2-
enrichment (observed / expected under tip -label permutation null) at that slice, averaged over timings calculated 
on each blastomere subtree independently. White dots mark slices at which the pair is co -enriched in both 
blastomere sub -trees independently. The leftmost white dot in each row therefore corresponds to a given pair’s 
coupling depth. Rows are ordered by coupling de pth, deepest first, then by peak enrichment. Within each pair label, 
the cell type appearing earlier in the Qiu et al . developmental graph ( 5) is listed first (a presentational guidepost, not 
a claim of directionality, which this analysis does not compute). Source values are provided in  table S7.  (D ) A draft 
hierarchy of timed fate couplings. Average -linkage hierarchy over the matrix of pairwise coupling depths, built on 75 
cell types that couple with at least one partner. The tree is drawn unscaled and cannot be read as a phylogeny; 
horizontal dista nce is merge rank, not time. Relatedly, the hierarchy appears inverted with respect to a lineage 
splitting through time, because branches here are joined, rather than split, at their deepest coupling. Of its 74 branch 
points, the 51 that close at or before E13.25, the last slice, are labeled with that coupling depth; the remaining 23 
merge only beyond the last slice and so carry no coupling depth. As coupling depth reports how far back two fates 
remain con fined to a shared pool of lineages, not when they diverged, groups closing earliest stay co -restricted 
deepest. Labels at the right of cell types name manually curated coherent groups. 13 of 88 cell types (≥100 cells in 
each blastomere subtree) couple with  no partner at any slice by this method and are omitted . 
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Fig. 6. Heuristic inference of the transcriptional states and cell type annotations of ancestral nodes. (A ) For each 
cell type, up to 10,000 sibling pairs were randomly sampled, along with a matched number of non -sibling control pairs 
of the same cell type (excluding known sibling and self -pairs). Transcriptional distance was defined as the Euclidean 
distance in the first 50 principal components (PCs). Inner box plots indicate the median and interquartile range. ( B ) 
Same – cell type pairs, binned by most recent common ancestor (MRCA) depth on the lineage tree, were sampled at 
up to 10,000 pairs per unit -depth bin. Transcriptional distance was defined as the Euclidean distance in the first 50 
PCs. Inner box plots indic ate the median and interquartile range. Spearman’s ρ between transcriptional distance and 
MRCA unit -depth bin are reported. ( C ) 2D UMAP co -embedding of 1,973,105 single -cell profiles, comprising 926,852 
internal nodes with imputed transcriptomes from embryo #3 and ~1 million cells from 21 timepoints of our high -
temporal -resolution single -cell atlas of mouse development (E8.5 – E13.5, 6 -hour increments; each timepoint 
downsampled to 50,000 cells). UMAP was first computed on the atlas c ells, and internal nodes were then projected 
onto this embedding. Both internal nodes and atlas cells were represented in a joint 50 -dimensional PCA space, 
computed by integrating embryo #3 (all E13.5) with ~5.2 million single -cell profiles from the atlas (E8 -E13.5); each 
internal node’s transcriptome was defined as the mean of the PCA coordinates of its assigned mutual nearest 
neighbors (MNNs). ( D ) Histogram of the number of MNNs assigned to each of 926,852 internal nodes. ( E to G) 
Examples illustrating ancestral state views in NextCell ( 60 ). ( E) Developmental origins of a cell type at E13.5, illustrated 
for nephron progenitors. Cells of the indicated type were traced back through the lineage tree, and at each 0.25 -day 
slice from E13.25 to E8.5, every lineage was assigned the inferred state of its nearest annotated ancestor; ancestral 
state calls extend back only to E8.5. Cells whose lineage carries no called ancestor, and those on rare paths (carrying 
<1% of the cell type's cells), are set aside rather  than plotted, leaving 114 of 607 nephron progenitors. Vertical position 
indicates developmental time. Bar width is proportional to the number of ancestral lineages, given at right, and 
segments are colored by inferred state (up to the 8 most abundant shown individually, the remainder grouped as 
“Other”; gray, the portion of a lineage earlier than its own earliest called ancestor). Within each gap, one ribbon per 
state links lineages between adjacent slices (faint for same -state, solid for a state chang e) so ribbon crossings mark 
inferred state transitions. Single -slice A →B→A excursions (0.25 d) were removed. Going backward in time, lineages 
coalesce into fewer ancestors; the dashed bottom row is the E13.5 cells themselves, one lineage per cell and therefore 
a single state by construction. (F ) As in panel ( E), for retinal ganglion cells (339 of 1,645 plotted). (G) As in panel (E), 
for myelinating Schwann cells (1,93 9 of 7,663 plotted).  
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