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Abstract. Understanding the spatio-temporal processes of tissue growth, including how new cell types
emerge and how cells form the tissue architecture, is a fundamental problem in biology. The emerging
spatially resolved lineage tracing data, where three modalities, lineage barcodes, gene expression pro-
files, and spatial locations, are measured for each single cell, provides an unprecedented opportunity to
understand these processes. Computational methods that take advantage of all three modalities to re-
construct cell lineage tree and ancestral cell states and locations are needed. We introduce LineageMap,
a hybrid lineage inference algorithm that integrates the scalability of distance-based tree reconstruction
methods with the flexibility of likelihood-based methods under a unified probabilistic framework. The
input to LineageMap is spatially resolved lineage tracing data, where for each single cell, the gene expres-
sion, lineage barcode and spatial locations are available. LineageMap enables accurate, interpretable,
and scalable inference of high-resolution lineage trees as well as locations of ancestral cells from the
tri-modality single-cell data. Across simulated and experimental datasets, LineageMap consistently out-
performs existing methods in the accuracy of reconstructed cell lineage trees, while revealing biologically
coherent spatiotemporal trajectories. Our framework bridges molecular lineage tracing with spatial and
transcriptomic information, advancing computational reconstruction of dynamic cellular ancestries in
both time and space. LineageMap is available at: https://github.com/ZhangLabGT/LineageMap.

Keywords: Cell lineage inference · Spatial transcriptomics · Evolutionary modeling · Maximum like-
lihood · Spatio-temporal processes
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1 Introduction

Understanding how cells divide, differentiate, and organize into tissues and organs is a central question in
developmental biology. Lineage tracing technologies aim to reconstruct the cell division history, or lineage
tree, of a tissue by recording heritable molecular marks that accumulate during successive cell divisions. Re-
cent advances in sequencing-based lineage tracing,22,27 particularly those leveraging CRISPR/Cas9 genome
editing, have enabled joint measurement of lineage barcodes and transcriptomes across thousands of single
cells.28 These barcodes consist of engineered genomic sequences—lineage recorders—that undergo stochas-
tic mutations at designated target sites over successive cell divisions,1,4, 24 that can be used to reconstruct
detailed lineage trees to uncover latent developmental trajectories and division hierarchies that cannot be
directly observed in vivo. In a standard lineage tree, each node represents a single cell, and each edge denotes
a direct parent–daughter division event.

More recently, a new wave of spatiotemporal lineage tracing datasets are emerging,11–13,29 which integrate
lineage tracing with spatial transcriptomics technologies. This combination enables the simultaneous obser-
vation of cell lineage barcodes, expression and spatial locations at single-cell resolution, which respectively
represent cell division, differentiation, and spatial organization. Such tri-modality datasets make it possible to
reconstruct not only the ancestral relationships among cells, but also the spatial trajectories of cell divisions
and migrations – giving rise to the concept of spatially resolved lineage trees. These results offer unprecedented
opportunities to understand the coordination between lineage, spatial architecture and cell fate.

However, reconstructing spatially resolved lineage trees poses substantial computational challenges. Ex-
isting lineage reconstruction methods focus primarily on optimizing the topology of cell division trees from
barcode mutations,8,21 and some recent methods use barcode mutations and single cell gene expression
data.17,30 Without considering spatial information of cells, these methods do not take advantage of the mu-
tual constraints between lineage, spatial proximity, and cell state continuity — key factors in developmental
processes. To fully leverage these new datasets, there is a need for integrative frameworks that jointly infer
lineage structure while modeling spatial coherence and state transitions.

Classical Neighbor Joining (NJ)20 efficiently infers lineage tree topology based on pairwise distances
between lineage barcodes. However, it assumes all taxa (cells) are distinct and that distances faithfully
capture ancestral relationships. In real lineage barcode data, this assumption is violated due to dropout
events and sparse mutation patterns, where many loci remain unedited or ambiguously sequenced, while
homoplasy ,26 where identical or near-identical barcodes, arise independently in different cells. On the other
hand, maximum-likelihood (ML)6 or Bayesian tree inference methods9,31 are becoming computationally
intractable for the ever-increasing number of cells sequenced in lineage tracing experiments, as the number
of possible unrooted trees increases in the order of n!! for n taxa. Furthermore, local search algorithms used
in likelihood optimization are prone to convergence toward local optima, particularly in high-dimensional
barcode spaces.7,14,15,25 These challenges render full ML inference impractical for modern lineage recording
datasets comprising thousands of cells.

Besides these challenges, the polytomy problem18,23 is also critical, where many cells share identical
barcodes causing one internal node having degree greater than three in an unrooted tree, additional in-
formation sources such as spatial proximity or transcriptomic similarity can be integrated to enhance the
distinguishability of cells and to refine local tree structures.

To this end, taking advantage of the cutting-edge spatially-resolved lineage tracing datasets, we developed
LineageMap, a hierarchical hybrid framework that integrates the computational scalability of distance-based
inference with the accuracy and flexibility of likelihood-based optimization. By coupling statistical modeling
with multi-modal context, LineageMap enables accurate and interpretable reconstruction of high-resolution
lineage trees from large-scale, dropout-prone single-cell datasets, paving the way for deeper insights into the
spatial and temporal dynamics of development, regeneration, and disease progression. Our tests on both
simulated and real datasets demonstrated that LineageMap outperforms state-of-the-art methods for lineage
tree reconstruction.
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2 Methods

2.1 Overview of LineageMap

In order to optmize computational cost and enhance robustness against technical noise in the barcode data,
LineageMap first aggregates cells with highly similar lineage barcodes by applying Louvain clustering on a
similarity graph derived from a dropout-aware weighted Hamming distance matrix on the barcodes, then
obtains a cluster-level consensus barcode for each cluster, and applies Neighbor Joining to the consensus
barcodes, which yields a backbone tree of cell clusters (Fig. 1).
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Fig. 1. Overview of LineageMap algorithm. LineageMap integrates spatial coordinates, gene expression, and DNA
barcodes to infer spatially resolved cell lineages. Gene expression is embedded and clustered to define cell-state groups,
while a barcode-similarity graph with cluster-constrained Neighbor Joining provides an initial tree backbone. Using
a maximum-likelihood framework with local tree search, LineageMap refines this backbone by incorporating spatial
constraints and cluster structure to produce a spatially resolved lineage and its inferred ancestral spatial distribution.

LineageMap then performs maximum likelihood optimization within each cluster to determine the tree
topology and branch lengths for these cells using multi-modal information, including barcode states, spatial
coordinates, and cell states (Fig. 1). By modeling processes of barcode mutations, cell type differentiation
and cells’ spatial localization during cell divisions, the likelihood function couples these relevant constraints,
thus the three modalities together are expected to lead to more accurate reconstructed cell lineage trees with
higher resolution, compared to methods using only the barcode or the barcode and gene expression data.

2.2 Cell lineage tree

We define a rooted, directed, bifurcating cell lineage tree T = (V,E) with leaf set corresponding to the
observed cells, internal nodes representing unobserved ancestors, and branch lengths {te}e∈E proportional
to elapsed time. An edge e between two nodes represents a parent-daughter cell relationship. Let bv, sv and
zv denote the (latent) barcode, spatial coordinates, and cell state of node v.
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2.3 Spatially-resolved lineage tree inference problem

Let n be the number of observed single cells. For each cell i ∈ {1, . . . , n} we observe:

– a lineage barcode bi = (bi1, . . . , biL) across L target sites,
– a spatial coordinate si ∈ Rd (d = 2 in most of the cases, and d = 3 if 3-D spatial locations are used),
– and a categorical cell state label zi ∈ {1, . . . , C}.

We seek a rooted tree T = (V,E) that best explains the observed tri-modality data through spatio-temporal
cell division and localization processes. We will first introduce our method to detect clones of cells and to
build the backbone lineage. Then, we will formulate the generative models for cells’ lineage barcodes, spatial
locations, and cell states, under a unified Bayesian framework, to derive the likelihood function to optimize.

2.4 Detection of lineage clones and tree backbone inference

To address the lineage polytomy problem, we first identify coherent lineage clones—groups of cells sharing
highly similar or identical barcodes—using a community detection approach on the barcode similarity graph.
Specifically, we apply Louvain clustering with a tunable resolution threshold to partition cells into candidate
clonal groups. Each clone represents a local subtree that can be independently refined before integrating into
a global lineage topology. The threshold parameter should be tuned to the dropout level in the data, and
the detailed description of determining the threshold value can be found in Supplementary Material.

We then infer a coarse-grained backbone tree representing the relationships among clones. We adapt
the standard NJ method to reconstruct this tree while ensuring cells in the same clone to form a subtree.
We name this NJ method the “cluster-constrained NJ" method. The resulting tree is a backbone tree that
provides the overall topology while allowing fine-grained optimization within the clone.

Finally, each clone subtree is inferred in parallel using a stochastic optimization framework that maximizes
a likelihood function, that jointly models the evolution of barcode, cell states and cell locations. After local
refinement, all subtrees are merged back into the backbone tree by replacing clone tips on the backbone with
their corresponding optimized subtrees.

2.5 Generative models of spatio-temporal lineage trees

Barcode evolution model

We model the evolution of CRISPR-Cas9 lineage barcodes as an irreversible mutational continuous-time
Markov chain (CTMC) process on a finite set of editing outcomes. Each barcode consists of L independent
target sites (“cut sites”), indexed by l = 1, . . . , L. For cell i, the observed barcode is bi = (bi1, . . . , biL),
where bil ∈ Al, and Al = {0, a1, . . . , aKl

} denotes the character space of locus l. Here, 0 corresponds to the
unedited state, while a1, . . . , aKl

correspond to distinct irreparable mutations (“scars”) generated by Cas9-
induced indels. Additionally, an extra symbol ∅ is included to represent dropout or missing observations.

The underlying CTMC starts in state 0 at the root cell. A character in the 0 state of the parent barcode
mutates at a rate of 0 < λ < 1. When a character in the 0 state mutates, it acquires a new state from the
set Al = {0, a1, . . . , aKl

}, where the state ai is acquired with probability P (ai). This way, the CTMC is
parameterized by λ > 0 and the state probabilities qai

≥ 0. We denote θb = (λ, qa1
, qa2

, . . . , qaKl
).

Spatial evolutionary model of cell division and differentiation

For a daughter cell v that divided from a parent cell u, the spatial location of v, sv, follows a diffusion model
along the tree,

sv | su, te ∼ N
(
su + te d(su, zu), σ

2
stuvId

)
,

where d(·) is a possible drift field (e.g., movement along tissue axes or chemotactic gradients), and σ2
s is

spatial diffusivity. We allow d to depend on the cell state zu, which means cells in different states migrate
differently. tuv is the edge length of edge (u, v). Id is an d× d identity matrix, where d = 2.
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Brownian motion model of cell states

We model the cell state of node v, zv, as a multivariate trait evolving via a Brownian motion process,
depending on the cell state of its parent, zu:

zv | zu, te ∼ N
(
m(zu, te), Σz(te)

)
,

where m(zu, tuv) = zu + te β(zu) can include drift toward attractor states (lineage-specific differentiation
directions).

2.6 Joint likelihood and posterior

The observed data is D = {bi, si, zi}ni=1, which represent the lineage barcodes, spatial locations and cell
states of leaf cells. The joint likelihood given (T, {te}, θ) factorizes, with latent node variables marginalized:

L(T, θ) =
L∏

l=1

p
(
{bil}ni=1 | T, θb

)
× p

(
{zi}ni=1 | T, θz

)
× p

(
{si}ni=1 | T, θs

)
. (1)

The three terms that multiply are respectively the likelihood of lineage barcodes, cell states and cell locations
on a lineage tree T . These three terms are detailed in following sections. The posterior probability then
becomes:

p(T, θ | D) ∝ p(T ) p(θ)L(T, θ),

where p(T ) is the prior for the tree candidate T and p(θ) includes priors for the latent parameters, including
barcode mutation rate, state probabilities, and spatial drift parameters.

2.7 Barcode likelihood

Let T = (V,E) be a rooted tree with root r, internal nodes Vint, and leaves corresponding to the n observed
cells. Each leaf i has an observed barcode bi = (bi1, . . . , biL) across L independent loci. For locus l, the finite
state space is Al as defined earlier. Denote by tuv the length of edge (u → v) ∈ E.

Barcode state transition model. For locus l, edits occur irreversibly from the unedited state. That is, once a
locus is edited, its state is locked and will not mutate again. Let λlk be the rate of editing from un-mutated
state 0 to a mutated state k, with total mutation rate λl =

∑Kl

k=1 λlk. On an edge of length t, following
Camin-Sokal Parsimony,2 we can derive the transition probabilities between barcode states: Thus, for edge
(u → v) of length tuv,

P (l)
uv [0→0] = e−λltuv , P (l)

uv [0→k] = λlk

λl

(
1− e−λltuv

)
, P (l)

uv [k→k] = 1.

A matrix form of the transition probabilities is included in Supplementary Material.
Given the transition probabilities, we use a bottom-up approach to recursively calculate the barcode

likelihood on the whole tree. Define the likelihood of a subtree rooted at node v at locus l as ℓ
(l)
v (a) :=

Pr(observations in subtree rooted at v | v has character a) .
If v is a leaf node, denote the observation by ovl ∈ Al∪{∅}, where ∅ denotes dropout. In case of dropout

events in the data, ℓ(l)v (a) = Pr(ovl | true mutation = a); If there is no dropout, ℓ(l)v (a) = 1{ovl = a}.
If v is an internal node with children ch(v), we have:

ℓ(l)v (k) =
∏

c∈ch(v)

ℓ(l)c (k), k ≥ 1,

ℓ(l)v (0) =
∏

c∈ch(v)

[
e−λltvc ℓ(l)c (0) + (1− e−λltvc)

Kl∑
k=1

λlk

λl
ℓ(l)c (k)

]
.
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When we get to the root r, the likelihood ℓ
(l)
r (k) becomes the likelihood of the whole tree for locus l. With

prior π
(l)
r on the root, the likelihood on locus l can be calculated as p(datal | T ) =

∑
a∈Al

π
(l)
r (a) ℓ

(l)
r (a);

If the root is fixed to the unedited state, such as in the CRISPR/Cas9 model, the per-locus likelihood is
p(data at locus l | T ) = ℓ

(l)
r (0).

Assuming loci evolve independently, the total likelihood is

L(T ) =
L∏

l=1

p(datal | T ), logL(T ) =
L∑

l=1

log p(datal | T ).

2.8 Likelihood of state and space evolution

We next consider the joint evolution of discrete cell states and continuous spatial locations of cells that evolve
following T = (V,E) with root r and edge lengths {tuv}. Leaves i = 1, . . . , n have observed cell state zi and
continuous spatial coordinate si ∈ Rd. The joint likelihood of cell states and locations of leaf cells is

L(T, θ) = Pr({zi, si}ni=1 | T, θ),

computed by marginalizing over unobserved internal node variables. When deriving this likelihood, we use
CTMC to model cell state evolution and Gaussian message passing to model cells’ spatial location evolution.

Discrete state evolution using CTMC. Cell states z ∈ {1, . . . , C} evolve along the tree as a continuous-time
Markov chain with rate matrix R. For edge (u → v) of length tuv, we define the transition probability matrix
M , where

Muv = exp(Rtuv), Muv[a→b] = Pr(zv = b | zu = a).

We then use a bottom-up recursive procedure to calculate the cell state likelihood on the tree, similar
to what we do with the barcode likelihood. The recursion aggregates subtree likelihoods by summing over
child state transitions and multiplying across independent branches. We define ℓv(b), as the likelihood of a
subtree rooted at node v. When v is a leaf, we have ℓv(b) = ev(b), where ev(b) = Pr(ov | zv = b) if there may
be dropouts, and ℓv(b) = 1{ov = b} in dropout-free data.

Then for internal node v with state a and children ch(v), we have:

ℓv(a) =
∏

c∈ch(v)

( C∑
b=1

Mvc[a → b] ℓc(b)
)
.

Finally, for root node i with root prior πr, we have

p({oi} | T,R) =
C∑

a=1

πr(a) ℓr(a)

Spatial coordinate evolution with Gaussian message passing. Let s ∈ Rd denote continuous spatial coordi-
nates. Along an edge (u → v) of length t, we use a Brownian motion model for the shift of daughter cells
from the parent cell:

sv | su ∼ N (su, Σe(t)), Σe(t) = σ2t Id where σ controls the step size.

Message passing. Suppose child c contributes message p(data in subtree c | sc) ∝ N (sc;mc, Sc). Integrating
over sc yields a Gaussian in sv, we have:∫

N (sc; sv, Σe(tvc))N (sc;mc, Sc) dsc = N (sv;mc, Sc +Σe(tvc)).

Thus each child contributes a Gaussian distribution in sv, and their product is still a Gaussian distribution.
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Information form update. For child c, define

Sc→v = Sc +Σe(tvc), Λc→v = S−1
c→v, ηc→v = Λc→vmc.

Aggregating across children, we have:

Λv =
∑

c∈ch(v)

Λc→v, ηv =
∑

c∈ch(v)

ηc→v, Sv = Λ−1
v , mv = Svηv.

Likelihood at the root. If the root has prior sr ∼ N (µ0, Σ0), then with message N (sr;mr, Sr) from the
subtree,

p(data) = N (mr;µ0, Sr +Σ0).

2.9 State-dependent spatial OU model with lineage-specific attractors

In order to model cell migration, we extend the Brownian motion model to Ornstein–Uhlenbeck(OU) model
(Details about the extension derivations can be found in Supplementary Material). Let T = (V,E) be a
rooted tree with branch (u → v) of length tuv > 0. Each node v has a d-dimensional spatial coordinates
sv ∈ Rd and a cell state zv ∈ {1, ..., C} (observed at leaves, latent at internals). Dynamics along an edge are
governed by the parent state zu.

For each state z ∈ {1, ..., C}, we posit a scalar OU rate αs > 0, a scalar diffusion σ2
s > 0 (isotropic

covariance), and an attractor µs ∈ Rd. The OU transition on edge (u → v) is

sv | su, zu = s, t ∼ N
(
As(t) su + bs(t), Se,s(t)

)
,

with

As(t) = e−αst Iq, bs(t) =
(
1− e−αst

)
µs, Se,s(t) =

σ2
s

2αs

(
1− e−2αst

)
Iq.

For t = 0 use the continuous limits As(0) = Iq, bs(0) = 0, Se,s(0) = 0.

Upward message from child c to parent u. Suppose the child’s upward message is Gaussian N (mc, Sc). Let
Ws(t) ≡

(
Sc + Se,s(t)

)−1. With A = As(t) and b = bs(t), the child contribution on su is Gaussian with
information parameters

Λc→u = A⊤Ws(t)A = e−2αst Ws(t), ηc→u = A⊤Ws(t)
(
mc − b

)
.

At a parent u with children ch(u), combine by summation

Λu =
∑

c∈ch(u)

Λc→u, ηu =
∑

c∈ch(u)

ηc→u, Su = Λ−1
u , mu = Suηu.

At the root r, combine with a Gaussian prior N (µ0, Σ0) in the usual way:

Λ⋆
r = S−1

r +Σ−1
0 , η⋆

r = S−1
r mr +Σ−1

0 µ0, S⋆
r = (Λ⋆

r)
−1, m⋆

r = S⋆
rη

⋆
r .

Marginal spatial log-likelihood (accumulated). During the upward pass, add

logLspatial +=
∑

(u→c)∈E

logN
(
mc; As(t)mu + bs(t), Sc + Se,s(t)

)
+ logN

(
mr; µ0, Sr +Σ0

)
.

The posterior means {mu}u∈V provide the inferred internal coordinates.
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2.10 Construct the full lineage tree and whole tree refinement

The joint likelihood in Eq. 1 is used to optimize subtrees for each cell clone, using a local search algorithm. We
adopted random Subtree Swapping (rSS), which is a derivative of the widely used random Subtree Pruning
and Regrafting (rSPR).5 We randomly select two nodes on the current tree and prune the subtrees attached
to the specific nodes. Then, we regraft either one of the pruned subtrees to the location of the other subtree.
The advantage of rSS is that with the initialization of a binary tree, this operation will not disrupt the binary
property throughout the searching process.17

With the inferred tree backbone and the optimized subtrees, LineageMap builds the initial full lineage
by re-attaching the subtrees onto the tree backbone at the leaves. In the end, we run an additional whole
tree likelihood evaluation to infer ancestral state and spatial coordinates.

2.11 Simulating synthetic datasets with SpaTedSim

To quantitatively evaluate LineageMap and other methods under controlled and biologically realistic con-
ditions, we developed SpaTedSim (Spatio-Temporal dynamics Simulation of single cells), a simulator that
jointly models cell division, cell state shifts, and cellular movement in 2-D space (details in Supplementary
Material and Supplementary Fig. 1). SpaTedSim directly simulates how the cell population grows from a
single cell to observed cells with various cell types. With the modeling of the cell state tree, cell lineage tree,
and spatial movements of cells, SpaTedSim generates realistic, paired gene expression, lineage barcodes,
and spatial coordinates, and with the ground truth, we can look into the spatial distribution of cell types
and lineages and uncover the spatio-temporal dynamics of cells. SpaTedSim consists of two major steps: 1.
Simulating cells’ lineage barcode and gene expressions on the cell division tree; 2. Simulating cells’ spatial
coordinates based on the cell division tree.

3 Results

3.1 LineageMap outperforms existing methods on synthetic datasets

SpaTedSim provides complete ground-truth lineage trees and spatial coordinates for every cell, enabling
quantitative assessment of reconstruction accuracy. Given the observed cells’ spatial locations (Fig. 2a),
LineageMap can infer spatially-resolved lineage tree and infer ancestral spatial locations (Fig. 2b). We can
compare the inferred lineage tree with the ground truth and benchmark against other methods.

We benchmarked LineageMap against state-of-the-art methods: LinRace,17 which uses both lineage bar-
codes and gene expression; Cassiopeia,10 a parsimony-based heuristic; Startle,21 a technique based on star
homoplasy evolutionary model, and an NJ baseline on the weighted Hamming distances. We tested the
methods across multiple simulation regimes that vary in three hyperparameters: the number of cells, target
sites, and dropout rates (Fig. 2c-f). These conditions capture the major factors of difficulty in barcode-
based lineage reconstruction. Evaluation metrics include Robinson–Foulds (RF) distance,19 Nye similarity,16
and path-length correlation, capturing complementary aspects of tree topology and branch-length structure
(details on the metrics are in Supplementary Material).

In the benchmark setting with 1024 cells, 128 characters and 20% dropouts (Fig. 2c), LineageMap achieves
the best overall performance, having the best RF distance and Nye Similarity, and second to Startle for path
length correlation. To comprehensively compare the performances of the methods under various conditions,
in Fig. 2d-f, we further compare the methods with a smaller number of cells (128 cells), a smaller number of
target sites (16 target sites), or higher dropout rate (up to 80%).

When the number of cells is reduced, most methods improve due to the reduction in tree complexity.
Nevertheless, LineageMap maintains leading performance across all three metrics, with LinRace being the
second best. Surprisingly, Startle fails to recover meaningful topology, producing near-random topologies
revealed by RF distance and Nye Similarity.

With only 16 target sites, the mutation signal becomes extremely sparse, creating a challenging inference
scenario. As expected, all methods show reduced accuracy, but the performance gap widens. LineageMap
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a. b.

c. d.

e. f.

Fig. 2. (a–b) Visualization of the default simulation dataset (replicate 1).(a) 2D scatter plot of cell spatial coordinates
(X–Y), colored by Clone ID (major sub-lineages from hierarchical clustering on the reconstructed tree; average linkage
on cophenetic distances, k=10), showing clear spatial segregation.(b) Plotly 3D visualization of the reconstructed
lineage tree, with X–Y denoting spatial position, Z denoting evolutionary depth, and colors indicating clone ID.(c–f)
Benchmark results for LineageMap, NJ, Cassiopeia (two modes), and Startle across simulated conditions. LineageMap
consistently achieves the best or near-best performance in RF distance (lower is better), Nye similarity, and path-
length correlation (higher is better). Panels show results for (c) 1024 cells, 128 characters, 0.2 dropout; (d) 128 cells,
128 characters, 0.2 dropout; (e) 1024 cells, 16 characters, 0.2 dropout; and (f) 1024 cells, 128 characters, 0.8 dropout.
Under high dropout (f), LineageMap shows markedly superior robustness.

again achieves the best RF and Nye scores, recovering substantially more topological structure than any
baseline. For path length correlation, LinRace, Cassiopeia and NJ remains relatively similar performances
as LineageMap. These results highlight that LineageMap is uniquely effective in low-information settings,
preserving stable reconstruction accuracy even when mutations are scarce.

With a high dropout rate as 80%, most mutations are masked which creates another complex inference
scenario. LineageMap remains the top performer by a large margin, with the lowest RF distance, highest Nye
similarity and the best path length correlation alongside Cassiopeia. However, Cassiopeia, alongside with
other methods, fall short in terms of inferring the overall topology. One thing to mention is that we observe
a severe performance collapse of Startle from the default settings to the varied settings, and we think that
such inconsistency might be due to some fatal error in the program or the model’s unable to handle different
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barcode qualities. We also performed additional analysis on varying dropout rates (0, 0.2, 0.4, 0.6, 0.8) to
characterize the trend of the performances when the barcode data gets increasingly corrupted (Supplementary
Fig. 2). Across three metrics, LineageMap is the most consistent and best performing method, especially
when the dropout rate are higher, presenting the best robustness (≥ 0.4).

Across all four benchmarking conditions—varying cell count, barcode complexity, and dropout - Lin-
eageMap consistently achieves the best or near-best performance on every metric, with notably higher sta-
bility across replicates. The method performs particularly strongly in the most challenging scenarios (low
target-site count and high dropout), where competing tree-reconstruction algorithms frequently fail to re-
cover meaningful structure. These results show that LineageMap is a robust and accurate approach for
lineage reconstruction across a wide range of experimental settings.

3.2 LineageMap reconstructs spatially-resolved lineage tree of baseMEMOIR mESC cell
population

baseMEMOIR3 is a method that combines CRISPR base editing with in situ imaging of engineered “record-
ing” arrays and sequential hybridization readout, allowing high-resolution recording of lineage barcodes in
spatial context. Because baseMEMOIR provides spatially-indexed barcode data, it offers a direct testbed
for benchmarking the ability of our algorithm (LineageMap) to resolve complex lineages in space, to test
polytomy resolution, and to validate spatial-state coupling in inferred trees.

Given the observed lineage barcode, cell state, and spatial location of single-cells on grown mESC dishes,
we use LineageMap to infer the lineage tree and the ancestral spatial locations at the same time (Fig. 3a).
This spatially resolved lineage tree can illustrate how the population is grown from a single mESC cell at the
root to the observed leaf cells. If we compress all generations into a 2D visualization (Fig. 2b-c), we can see
that LineageMap can preserve the spatial clustering of each cell type, with naive mESC cells in the middle
and formative mESC cells around the boundary of the population. Results on other samples can be found
in the supplementary Fig. 3-4.

a. b. c.

Naive

Naive/Formative

Formative

Cell State

Fig. 3. LineageMap infers spatially-resolved lineage on baseMEMOIR mESC data (colony 2). (a) A ploty 3D visual-
ization of the reconstructed lineage tree projected into spatial and temporal dimensions. X and Y axes represent the
spatial coordinates of the cells, while Z axis represents the evolutionary depth from the root, and cells are colored with
cell types. (b) 2D visualization of spatial coordinates of observed leaf cells, colored by cell states. (c) 2D visualization
of spatial coordinates of both observed leaf cells, and inferred ancestral cells, colored by cell states. The cell states
and spatial coordinates of ancestral cells are inferred using LineageMap’s likelihood function.

We can also perform quantitative analysis to demonstrate the accuracy of the inferred lineage trees by
comparing them to the consensus tree using BEAST2 analysis, as described in the original paper. From the
benchmark results in Table 1, we can observe that LineageMap outperforms other methods in lineage tree
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accuracy with the three metrics we described before. This result shows the advantage of utilizing comple-
mentary spatial and gene expression information to resolve polytomies in the lineage trees.

Table 1. Benchmarking reconstruction accuracy across colonies for all methods and metrics.

Robinson–Foulds (lower better) Nye Similarity (higher better) Path-Length Corr. (higher better)
Colony NJ LM LinRace Cass. Startle NJ LM LinRace Cass. Startle NJ LM LinRace Cass. Startle

2 0.815 0.185 0.815 0.889 0.852 0.528 0.872 0.528 0.423 0.497 0.516 0.939 0.516 0.435 0.524
4 0.600 0.467 0.600 0.933 0.800 0.656 0.705 0.656 0.451 0.578 0.589 0.750 0.549 0.591 0.743
5 0.583 0.333 0.583 0.833 0.750 0.654 0.810 0.654 0.500 0.545 0.923 0.888 0.895 0.643 0.511

4 Discussion

In this paper, we developed a new computational method, LineageMap, to infer spatially-resolved lineage
trees from jointly profiled lineage barcode, gene expression and spatial coordinates data. This design specif-
ically addresses core challenges in lineage reconstruction, including utlizing spatial location modality, high
dropout rates, sparse mutation profiles, homoplasy, and barcode-induced polytomies.

LineageMap introduces two main advances: (i) barcode-based community detection combined with a
cluster-constrained Neighbor Joining strategy to generate an efficient and robust global topology, and (ii)
a unified likelihood model that integrates irreversible barcode mutations, spatial evolution, and cell-state
transitions to refine local subtrees and infer ancestral states and locations.

Results on synthetic datasets demonstrate that LineageMap achieves consistent improvements across all
major evaluation metrics, particularly in regimes where barcode quality decreases due to factors such as
dropouts. Competing methods often show degraded or unstable performance under these challenging condi-
tions, whereas LineageMap maintains both accuracy and robustness—indicating that spatial and transcrip-
tomic information provide meaningful complementary signal for resolving ambiguous lineage relationships.

Analysis of the baseMEMOIR dataset further shows the utility of LineageMap in real experimental set-
tings. The method reconstructs lineage topologies that better agree with consensus phylogenies while inferring
spatially coherent ancestral positions and state transitions. This joint inference reveals the correspondence
between lineage structure and spatial organization, a property that is inaccessible to barcode-only methods.

Current limitations include simplified spatial models that may not fully capture tissue-specific migration
patterns. Future extensions incorporating richer spatial priors, accelerated likelihood evaluation, or contin-
uous latent-state models may expand applicability and scalability.

Overall, LineageMap provides a scalable and statistically principled solution for reconstructing spatially
resolved lineage trees from emerging tri-modality single-cell datasets. Although publicly available spatially
resolved lineage tracing datasets are currently not widely available, given the increasing number of publica-
tions on such data,11–13,29 methods that integrate lineage, spatial, and cellular-state information will play
an essential role in high-resolution analysis of developmental and tissue dynamics in the coming future.

5 DATA AVAILABILITY

LineageMap is available at: https://github.com/ZhangLabGT/LineageMap.
SpaTedSim is a simulator for paired lineage barcode,spatial location and gene expression data available at:
https://github.com/ZhangLabGT/SpaTedSim.
Cassiopeia is an end-to-end pipeline for single-cell lineage tracing experiments available at: https://github.
com/YosefLab/Cassiopeia.
Startle is a set methods for lineage tree reconstruction by infering the most parsimonious tree under the star
homoplasy evolutionary model available at: https://github.com/raphael-group/startle.
LinRace is a R package for lineage tree reconstruction, which can integrate the lineage barcode and gene
expression data available at: https://github.com/ZhangLabGT/LinRace
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