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Abstract 
Understanding cellular birth rate differences is crucial for predicting cancer progression and interpreting tumor-
derived genetic data. Lineage tracing experiments enable detailed reconstruction of cellular genealogies, offering 
new opportunities to measure branching rate heterogeneity. However, the lineage tracing process can introduce 
complex tree features that complicate this effort. Here, we examine tree characteristics in lineage tracing-derived 
genealogies and find that editing window placement leads to multifurcations at a tree's root or tips. We propose 
several ways in which existing tree topology-based metrics can be extended to test for rate heterogeneity on 
trees even in the presence of lineage-tracing associated distortions. Although these methods vary in power and 
robustness, a test based on the 𝐽! statistic effectively detects branching rate heterogeneity in simulated lineage 
tracing data. Tests based on other common statistics (�̂� and the Sackin index) show interior performance to  𝐽!. 
We apply our validated methods to xenograft experimental data and find widespread rate heterogeneity across 
multiple study systems. Our results demonstrate the potential of tree topology statistics in analyzing lineage 
tracing data, and highlight the challenges associated with adapting phylogenetic methods to these systems. 

Introduction  
Differences in cancer cell division rates drive the expansion of specific cell populations and determine 

the genetic patterns observed in cancer sequencing efforts. The extent and timing of asymmetric growth in tumor 
development is an active area of study, examined via cell staining for division markers (1–3), transcriptomics (4–
6), and phylogenetic (7–9) and population genetic analysis (10–12) on naturally occurring genetic variation. 
Nearly all tree-based analyses focus on the relationships between cancer subpopulations or “clones”, with limited 
opportunities to reconstruct higher resolution genealogical relationships from most sequencing data. 
 

Evolvable barcode-tracked xenografts permit higher resolution reconstruction of tumor growth and spread 
dynamics compared to reconstructions from naturally occurring mutations (13–15). In these experiments, 
modified cancer cells contain specific genomic regions engineered to rapidly mutate via CRISPR-based 
targeting. When inserted into mice, these cells record their division history as they grow, allowing lineage 
reconstruction through barcode sequencing. While these experiments have yielded insights into cancer plasticity 
(14–17), metastasis (18,19) and progression (1,5,20), the branching structures of lineage tracing trees are 
underexplored, despite their potential to reveal cell division heterogeneity. 
 

While existing phylogenetic approaches such as tree balance statistics (8,9,21–26) and multi-state birth-
death models (7) have previously detected rate heterogeneity in cancer trees, their application to higher 
resolution lineage tracing data has been limited (27). One potential reason is that lineage tracing introduces 
multiple new complexities into tree structures. First, lineage tracing systems typically permit only single, 
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permanent edits on a small number of editing regions. These regions often saturate by the time of barcode 
sequencing, generating multifurcations near tree leaves where no additional edits can be recorded. Second, 
lineage tracing systems are often designed to be inducible to capture more divisions in recent genealogical 
history, leading to multifurcations at the tree root. These issues pose challenges in applying rate heterogeneity 
tests requiring branch lengths. While there are important advances in designing higher resolution editing systems 
(28–30) and modeling more complex clocks to incorporate branch lengths (27,31,32), opportunities remain to 
quantify cellular division heterogeneity in these systems using existing tree topologies.  
 

As recognized since Yule 1925 (33), tree topology and balance encodes important information about 
branching process dynamics. However, many tree balance statistics cannot be applied to multifurcating trees 
and lineage tracing’s impact on the statistics that are applicable is unknown. In particular, because both rapid 
lineage expansion and lineage tracing technologies generate multifurcations (34), disentangling these signatures 
will be necessary to detect branching rate heterogeneity.  
 

In this paper, we investigate how tree balance statistics enable the detection of branching rate 
heterogeneity in lineage tracing data. We first demonstrate how lineage tracing distorts tree features predictably 
across multiple branching rate models but retains information about the underlying branching model. Second, 
we propose how new and existing tree balance statistics can be employed to test for deviations from branching 
rate uniformity and evaluate their power and robustness. We identify a test based around the 𝐽! statistic as most 
robust across sample sizes, branch rate heterogeneity types and lineage tracing systems, while the widely used 
Sackin index underperforms in lineage tracing settings. Finally, we apply these tests to existing lineage tracing 
datasets, finding widespread but not ubiquitous evidence of branching rate heterogeneity in vivo.  

Results  
First, we introduce two models of branching rate heterogeneity that produce distinct signatures in 

bifurcating genealogical trees. Second, we describe how lineage tracing systems impact the shapes of lineage 
trees under both heterogeneous and equally branching rates. Third, we evaluate the power and type I error rate 
of existing and modified tree shape statistics to determine how sample size and branching rate heterogeneity 
strength impact our ability to reject rate uniformity. Fourth, we apply these methods to intra-host lineage tracing 
data to assess branching rate heterogeneity in vivo in the presence of lineage tracing distortions. 

1. Models of branching rate heterogeneity in cancer data 
We consider two ways in which cellular branching rates could diverge from an equal branching rate (EBR) 

Yule process. The models mimic different biological processes through which the branching rate heterogeneity 
can emerge in cancers. The first model assumes a continuous, gradual change of branching rate over time, 
referred to here as continuous rate heterogeneity (CRH). For simplicity, we assume that the log-transformed 
branching rate follows Brownian motion without directional drift over time. This model mimics branching rate’s 
dependence on gradual expression changes with small effects. The second model assumes discrete transitions 
between branching rates following a Poisson process, referred to here as discrete rate heterogeneity (DRH). 
The discrete rate model mimics branching rate’s dependence on mutations or transitions between stably 
inherited cell states with large effects. In both models, past branching events have no direct impact on branching 
rate and we consider ultrametric trees in which all extant descendants are sampled. 
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2. Lineage tracing distorts tree shapes  
In both models described above and in cellular division in the body, a single lineage splits into exactly 

two descendant lineages. However, lineage tracing often incompletely recovers those bifurcations, leaving 
unresolved polytomies in which the branching event order is unknown. We examine how lineage tracing distorts 
bifurcating trees into those with multifurcations and other complexities. To simulate lineage tracing, we generate 
bifurcating trees and stochastically introduce permanent, unique edits into a simulated genetic barcode over 
time. Edits begin a set period of time (𝑡"#$) after the start of population growth, and occur at rate𝑟%&'( creating a 
window in which edits are possible. Once the population reaches the desired size, we collapse adjacent nodes 
with identical barcodes into unresolved multifurcations. 
 

For our three models of branching rate (EBR, CRH, DRH), we simulated multiple lineage tracing 
conditions on true binary trees (Figure 1, Figure S1) which created visually distinct patterns according to the 
barcode editing window size and placement. We summarized these patterns with four tree characteristics: 
normalized maximum pendant clade size 𝑛)#*, normalized outdegree at root 𝑚+,,(, fraction of binary nodes 
𝜂-,&% and degree of multifurcation 𝜂('. (i.e., the proportion of nodes as compared to a fully bifurcating tree). We 
found that early editing windows generated large pendant clades near the leaves of the tree (high 𝑛)#*) but 
preserved early binary splits (low 𝑚+,,() while late editing windows generated the opposite pattern (small 
pendant clades with large multifurcating root). We also found that the length of the editing window matters (Figure 
S1, S2): a long editing window retained the most internal nodes in the multifurcating tree and produced a tree 
shape that is most similar to a bifurcating tree, while a short editing window distorted tree shape significantly. In 
general, we found that the lineage tracing parameters altered the four summary statistics to a greater degree 
than the mode of branching rate heterogeneity. Nevertheless, differences in tree statistics between models of 
rate heterogeneity remained across lineage tracing settings, suggesting EBR and rate heterogeneity can 
potentially be disentangled.    

The lineage tracing settings 𝑡"#$∗ 	= 	0.5, 𝑟%&'(∗ = 	0.5 create trees that match empirical lineage tracing trees 
from (15) (Figure S2). We therefore use these parameters as defaults for translating binary trees into lineage 
tracing trees in the next section unless otherwise marked. We note that the trees from (14) showed slightly 
shorter latency periods (average 𝑡"#$∗ 	= 	0.25). We explore robustness to lineage tracing editing parameters in 
section 3.5.  

3. Evaluating the power to reject EBR in simulated lineage tracing trees 
3.1 Brief descriptions of tested approaches  
 Above, we demonstrate that lineage tracing distorts tree structures but lineage tracing trees with and 
without rate heterogeneity retain distinct features. We now evaluate if these features permit rejection of an EBR 
null hypothesis. We considered four approaches leveraging tree topologies without branch lengths (schematic 
representations of the four tests can be found in Figure S3). In all cases, we propose specific ways to deconvolute 
the signal of branching rate heterogeneity from that of lineage tracing so tree shape statistics, either new or pre-
existing, can be used to reject EBR. 
 Three of our tested approaches involved computing a scalar statistic and comparing it against a null: 

1. �̂�, the sum of log daughter clade sizes (each minus 1) (35).  
2. J1, the clade-size weighted average Shannon equitability of daughter clade sizes across all internal 

nodes (36).  
3. Sackin index, the sum of the number of ancestral nodes across all tips in a tree (37). 

In all three cases, tree statistics are compared to an EBR null. In the case of �̂�, this null is normal with an 
analytically-described mean and variance (38). In the case of J1 and the Sackin index, an empirical null 
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distribution is generated from simulated EBR trees of matching sizes. However, these nulls only represent EBR 
expectations for the statistic in fully bifurcating trees – multifurcations generated via lineage tracing alter tree 
shape (Figure 1, S1, S2) and therefore the expected EBR null. Therefore, these null distributions require 
translation into lineage tracing space, a task complicated in practice by unknown lineage tracing parameters. We 
apply two strategies: for �̂�, the focal multifurcating lineage tracing tree is randomly resolved into a binary tree for 
comparison against the binary null, as recommended by an �̂� implementation in R package apTreeShape (39). 
For 𝐽! and the Sackin index, we first infer the lineage tracing parameters from the focal tree and transform the 
EBR bifurcating trees with these parameters before calculating the statistics to generate the null distribution. As 
we demonstrate below, this inference step introduces additional error that affects the power of the tests, so we 
also include the nulls generated under the true (but generally unknown) lineage tracing parameters for 
comparison.  

The previous methods summarize the tree into a scalar statistic for comparison against an EBR null. Our 
final test instead summarizes the tree into distribution over its internal nodes:  
 

4. Uniform Nodal Probability (UnifNP) summarizes, for each node, the probability that EBR generates a 
less balanced daughter clade split than observed, controlling for outdegree and the total number of tips.  

 
We define the nodal probability for a multifurcating node with an outdegree m as the probability that the m 
lineages descending from the focal node have their clade sizes less evenly distributed than expected under EBR. 
We expect a uniform distribution of the nodal probabilities under EBR and that the nodal probabilities skew 
towards lower values (i.e., an excess of asymmetrical node splits) under branching rate heterogeneity. We test 
the distribution of nodal probabilities against the uniform distribution using a Kolmogorov-Smirnov test (see 
Methods for full details). 
  
3.2 Power and type I error rate 

We evaluated performance of the four tests described above in trees with either CRH or DRH of various 
strengths and sizes ranging from 50 to 6250, intended to span current lineage tracing experiments. For each set 
of conditions, we generated 100 binary trees which were then transformed with the lineage tracing system 
described above (𝑡"#$∗ 	= 	0.5 and 𝑟%&'(∗ = 	0.5). We evaluated the power of the tests on both the transformed 
lineage tracing trees and the untransformed binary trees for ease of comparison, and report the proportion of 
tests detecting significant deviation from EBR (𝛼	 = 	0.05). We also applied each test to 100 EBR trees 
transformed by the same lineage tracing procedure to evaluate the type I error rate.  
 
Tests showed good power and type I error rate on binary trees 
 On binary trees, we found that all tests yielded a type I error rate aligning with the alpha level across 
modes of branching rate heterogeneity (Figure 2, dashed lines). All tests had increasing power to detect 
branching rate heterogeneity at more extreme rate heterogeneity and larger tree sizes, although there were a 
small number of exceptions (Figure 2, Figure S2, solid lines). Overall, branching rate heterogeneity, if present, 
can be reliably detected by some, if not all, tests in binary trees with sufficiently large tree size (usually N≥250) 

and sufficiently strong BRH, regardless of its mode. 
 
Tests varied in robustness to multifurcations introduced by lineage tracing systems.  

We found that 𝐽! and UnifNP were relatively robust to multifurcations introduced by lineage tracing in the 
range of experimental lineage tracing systems. UnifNP showed very similar power between binary trees and 
multifurcating trees across all modes of branching rate heterogeneity and tree sizes (Figure 2), and had a type I 
error rate somewhat above expectations (on average 8% as opposed to 5% in trees with 𝑁	 ≥ 	250 tips, but rising 

.CC-BY-NC 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted August 6, 2024. ; https://doi.org/10.1101/2024.06.27.601073doi: bioRxiv preprint 

https://doi.org/10.1101/2024.06.27.601073
http://creativecommons.org/licenses/by-nc/4.0/


 

 

to 16% for trees with N=50). 𝐽!showed the expected type I error rate across conditions, and had nearly identical 
power between binary and multifurcating trees generated under CRH (Figure 2A). Surprisingly, the 𝐽!  test gained 
power on multifurcating trees generated under DRH (Figure 2B), especially when the true lineage tracing 
parameters were known. This increased power possibly derives from the uneven distribution of branching rate 
heterogeneity signals across the phylogeny: recent, small clades contain weaker rate heterogeneity signal 
compared to those in older, larger clades, and the lineage tracing process merges these recent clades into 
pendants when barcodes saturate, reducing their relative contribution to the 𝐽!.  

In contrast, the Sackin index and �̂� had poorer performance in multifurcating trees relative to binary trees 
across a range of CRH and DRH conditions. The Sackin index with estimated lineage tracing parameters showed 
decreased power across most CRH and DRH conditions relative to the binary trees (Figure 2) and an elevation 
of type I error rate in very large trees (Figure S4, N = 6250 leaves). Using the true rather than inferred lineage 
tracing parameters to generate EBR null distributions restored the type I error rate to the expected level and 
increased test power in the case of DRH, demonstrating lineage tracing parameter inference substantially 
harmed test performance. The �̂� test consistently suffered from an inflated type I error rate across all tree sizes 
for multifurcating lineage tracing trees (Figure 2, Figure S4, dashed lines). This inflated type I error rate led to 
falsely increased power in CRH and DRH conditions with weak rate heterogeneity, although power was not 
especially high at strong rate heterogeneity, especially for CRH. This inflated type I error rate suggests that the 
random resolution of multifurcating trees into binary trees before the computation of �̂� is inappropriate for 
evaluating branch rate heterogeneity in lineage tracing trees.  

 
Tree size and branching rate heterogeneity strength determine test power 

Tree size and the strength of branching rate heterogeneity (effect size) are the two primary determinants 
of tests’ power to detect deviations from EBR. In general, tests possessed greater power to detect branch rate 
heterogeneity in larger trees (Figure S5) and in trees with stronger rate heterogeneity (Figure 3). However, 
responses to stronger rate heterogeneity were not uniform across tests: the Sackin index and the �̂� test did not 

show increasing power as heterogeneity strength increased in larger trees (N≥1250) under CRH (Figure 3A), 

while the �̂� and UnifNP tests were insensitive to rate heterogeneity effect size in DRH trees with low transition 
rates (Figure S4). 

All methods performed best with strong rate heterogeneity in very large trees (N = 6250 leaves), although 
power varied between tests and across different modes of BRH. For CRH with a scaling coefficient of 10, all 
tests had power >70% with 𝐽! and UnifNP approaching a power of 100% (Figure 3A). For DRH with a fold change 
of 10 and a transition rate of 1, all tests had power >95% with the exception of the Sackin index (power <50%, 
Figure 3B).  

As effect sizes became weaker, large trees were required to maintain good power. For example, under 
CRH (Figure 3A), power dropped below 0.5 only when the scaling coefficient became less than 0.5 (for N = 
6250) or 1 (for N = 1250). Similar trends were observed in DRH (Figure 3B). Even the largest set of examined 
trees (N = 6250) had very limited power with weak effect sizes (CRH 0.1 and DRH 1.1 fold-change). This effect 
was present in both binary and multifurcating trees, suggesting these topological tree statistics are in general 
not powerful enough to pick up small effect sizes, and the impact of lineage tracing-associated uncertainty does 
not drive test power in these instances. 

Similarly, only very strong rate heterogeneity was detectable in small trees. Under CRH, only the 
strongest effect sizes (c = 10) were detectable in trees with 250 nodes or fewer, apart from those EBR rejections 
likely associated with an elevated false discovery rate. Under DRH, even strong effect sizes (fold change of 10) 
were not often detectable in trees with 250 nodes or fewer. 
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Power generally stronger in CRH versus DRH 
Throughout our testing, we noted that our power to detect deviations from EBR was higher in trees 

generated by CRH than that in trees generated by DRH (Figure 3 and S4). This is perhaps unsurprising given 
that the summary statistics examined in Figure 1 showed less departure from EBR under DRH rather than CRH. 
Specifically, we observed that the power of tests was more sensitive to tree size under DRH than under CRH. In 
addition, when the power plateaued over effect sizes, this plateau was usually higher in CRH trees than DRH 
trees. We further note the power in DRH trees became weaker if the transition rate among DRH states increased 
or decreased (Figure S4). These trends were consistent in both binary and multifurcating lineage tracing trees, 
suggesting that they stem from the intrinsic properties of the rate heterogeneity model, and not lineage tracing 
distortions. One possible explanation is that the finite states in the DRH model defined in this study effectively 
constrained the variation in the average branching rate between large sister clades, while the continuous 
spectrum in the CRH model did not.  
 
Advantages and disadvantages of using 𝐽! versus UnifNP 

In multifurcating trees, 𝐽! and UnifNP clearly outperformed �̂� and the Sackin index for detecting deviations 
from EBR, although we note that �̂� had among the best power in bifurcating trees across BRH modes and the 
fastest computational time (Figure S6). Between 𝐽! and UnifNP, each test had specific situations in which it 
outperformed the other. 𝐽! had the best power under CRH across sample sizes and scaling coefficients, and 
weakly outperformed UnifNP under DRH when the transition rates between branching rates were low (Figure 3, 
Figure S4). On other hand, UnifNP weakly outperformed 𝐽! under DRH under faster switching rates, with this 
effect being slightly pronounced in larger tree sizes (Figure S4D). In aggregate, 𝐽! has the best robustness of 
power in the greatest number of scenarios. UnifNP outperforms 𝐽! in computational time (Figure S6), given that 
it does not require whole-tree simulations to build an empirical null distribution and estimate lineage tracing 
parameters. UnifNP has the potential to be useful over 𝐽! at some scales of data (e.g., hundreds of trees with 
thousands of tips), if the lineage tracing settings are in a regime with reasonable type I error rate. 
 
3.3 Robustness across different lineage tracing types 

We repeated the analysis on trees transformed by different relative latency and editing rate settings with 
a fixed tree size of N = 1250 tips (Figure S7). We found that certain lineage tracing settings substantially impacted 
the performance of all four tests. All tests were particularly sensitive to the latency timing, where edits permitted 
only in the last 10% of the population growth resulted in non-linear power with respect to strength of rate 
heterogeneity under CRH and >90% type I error rates in the case of both UnifNP and �̂�. Short latency periods 
and very low editing rates also resulted in elevated type I error rates for both UnifNP and �̂� in both CRH and 
DRH. In general, although UnifNP had generally strong performance in the lineage tracing settings explored 
above, its performance suffered considerably under more varied settings, especially when those settings led to 
strong reductions in the number of internal nodes (Figures S1, S2). Because UnifNP relies on the aggregated 
signal across internal nodes on a tree, elimination of these nodes strongly affected test performance. The 𝐽!  
statistic was consistently the most powerful test and with the best calibrated type I error rate across lineage 
tracing settings, but also showed nonlinearities with respect to branch rate heterogeneity under some conditions. 
We note that the trees resulting from these extreme lineage tracing settings generally did not resemble the actual 
trees derived from xenograft data, but an important conclusion of our work is that depending on the specific 
lineage tracing-specific settings, topology distortion is extreme enough so as to render these tests unreliable.  
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4. Applications to in vivo data reveal branching rate heterogeneity is 
widespread but not ubiquitous in cancer genealogical trees 
To evaluate the presence of rate heterogeneity in cancer proliferation in vivo, we applied the 𝐽! statistic 

and UnifNP to two sets of cancer genealogical trees derived from lineage tracing experiments: a murine xenograft 
study of pancreatic ductal adenocarcinoma (PDAC (15)) and a murine xenograft study of lung cancer (14). We 
found widespread evidence of proliferation rate heterogeneity among tumor clones in the lung cancer xenografts 
but less evidence in the PDAC xenografts (Table 1 and S1). Specifically, the J1 test indicated that all but one 
(69/70) cancer clone (3520_NT_T1) exhibited significant signatures of rate heterogeneity. UnifNP showed more 
conservative but confirmatory results, estimating that 93% (65 out of 70) of trees showed rate heterogeneity. 
These discovery rates approximately mirror the power of 𝐽! and UnifNP on trees of these approximate sizes 
(~250-1250 tips) with CRH and 1 < c < 5, suggesting widespread rate heterogeneity in these lung cancer 
samples.   

In the PDAC xenografts, only a small proportion of trees exhibited significant signals of branching rate 
heterogeneity. We observed significant branching rate heterogeneity via both tests in the composite tree M1 but 
not in M2, reflecting divergent evolutionary trajectories of the same cell line in two distinct mice. The M1 rate 
heterogeneity signal is driven by the largest clone (M1_Clone_1) but some smaller clones also showed 
significant signals. In M2, the J1 statistic showed significant signal in two small clones (N = 70 and 209) while the 
UnifNP statistic showed significant signal in the composite tree and a different small clone (N = 121). However, 
the estimated lineage tracing parameters suggest that UnifNP’s significant signal in that small clone tree might 
be an artifact due to increased type I error rate.  

The contrast in the prevalence of branching rate heterogeneity between the two studies and between the 
PDAC biological replicates suggests that proliferation rate heterogeneity is widespread but not ubiquitous. We 
recommend formal testing for branching rate heterogeneity when analyzing tree topologies emerging from 
lineage tracing experiments.  

Discussion 
Tree-based cancer data from patient samples and experiments have already yielded extensive insights 

into cancer evolutionary dynamics (7,40–43). Borrowing from a rich literature preceding mass cancer 
sequencing, researchers have used tree balance to suggest departures from uniform growth in cancer data via 
well-established statistics (8,9,21,22,24,25,44). However, the application of these methods to lineage-tracing 
trees has been limited. Major obstacles include a lack of understanding about how the lineage tracing process 
itself distorts tree shape and the degree to which tree balance signatures are retained.  
 In this paper, we find that although lineage tracing distorts genealogy shapes, these trees can retain 
substantial signals of growth rate heterogeneity. We demonstrate that several statistics leveraging tree balance 
are well-powered and well-calibrated to detect deviations from an EBR null, particularly 𝐽! and UnifNP (under 
lineage tracing settings matching empirical data). Although an a priori understanding of lineage tracing 
parameters improves test performance, these tests can perform well even when this information is unknown. 
Despite the Sackin index being the most widely used tree balance statistic among cancer trees with naturally 
occurring variation (8,9,22–24), we found it to be relatively underpowered when testing for EBR departures in 
lineage tracing data. Application of the 𝐽! and UnifNP test to evolving barcode lineage tracing experiments 
reveals that branching rate variation is widespread but not ubiquitous in xenograft experiments, and its presence 
can vary between systems and biological replicates. In future analyses, tests for rate heterogeneity applied to 
tree subclades with specific characteristics may permit the robust identification of conditions that associate with 
branch rate heterogeneity.  
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We note several caveats with our analyses. 1) We consider only ultrametric trees with all extant taxa 
sampled. Incomplete and especially biased sampling stands to distort the proposed statistics and tests. We likely 
encountered incomplete but relatively balanced sampling in the lineage tracing data we analyzed. New 
approaches to account for biased sampling would extend the applicability of these tests. 2) We do not consider 
tree uncertainty from the reconstruction process beyond the collapsing of nodes with identical barcodes in 
simulated data. We note that tree reconstruction from lineage barcodes is an active area of research 
(27,31,32,45) with additional technical challenges that were not directly modeled here, including barcode 
deletions, and late edits that mask earlier ones. While we considered a general model of evolvable barcode 
lineage tracing, extensive consideration of system-specific features could further improve our understanding of 
method applicability. 3) Despite our ability to detect deviations from EBR, our tests cannot distinguish if these 
deviations derive from CRH or DRH (Supplemental Figure 8) or if their basis is genetic, transcriptional, 
environmental or combination thereof. These tests also will not detect temporal branch rate heterogeneity 
affecting all lineages of the tree simultaneously (for example, branching rate deceleration as the population 
reaches carrying capacity (46)). 4) While we examined two models of rate heterogeneity with a range of rate 
strengths, rate heterogeneity can emerge via a variety of complex modes not considered here, and the model 
specifics likely alter the power of the tests reported.  

Although here we consider the specific problems and perform benchmarking specifically in the case of 
lineage-tracing based tumor xenograft data, the method modifications we propose are general and could 
potentially be applied in other instances where trees have widespread multifurcations. While the future of lineage 
tracing trees will likely involve experimental and interference systems that tightly interweave longer division 
tracking periods, system-specific reconstructions and branching rate modeling, existing topological data 
continues to represent a rich source of biological information about underlying evolutionary processes, albeit 
with its own complexities.   
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Materials and Methods 
Tree simulations 
We simulated binary trees under three different branching rate models: equal branching rate (EBR), continuous 
branching rate heterogeneity (CRH) and discrete branching rate heterogeneity (DRH). In all models, branching 
events occur according to a Poisson process with rate 𝛌 that can vary over time. For EBR, we used a constant 
rate Yule model with 𝜆 = 1	branching events per unit time. For CRH, we modeled a trait x that varies according 
to Brownian motion over time and determines the branching rate via an scaled exponential transformation(𝜆	 =
	𝑒0*) where the scaling coefficient 𝑐	 ∈ 	 {	0.1, 0.5, 1, 5, 10	}. This is similar to ESsim (47), but we here employ an 
exponential rather than bounded linear function to examine an idealized scenario with no branching rate 
constraints. The Brownian diffusion coefficient D is set to 0.1 and the initial cell starts with 𝑥	 = 	0. Because we 
constrained tree size, variation in D and c have the same effect on tree shape, so we did not vary D across trials. 
For DRH, we modeled branching rate transition between two discrete states following another Poisson process 
with rate 𝑟	 ∈ 	 {	0.1, 1, 10	} transitions per unit time, mirroring the structure of multi-state speciation extinction 
models (48). One branching rate is fixed at 𝜆 =	1 and we examine tree patterns emerging when the other is 𝜆 =
	1.1, 2 or 10. The common ancestor starts at 𝜆 =	1, leading to identical initial conditions across the three models. 
For all models, we simulated trees of size 50, 250, 1250 and 6250 with 100 replicates each using the R package 
‘diversitree’ (49).  
 
Simulating tree structures under lineage tracing 
To evaluate our ability to reject the EBR hypothesis in lineage tracing data, we transformed our binary 
genealogical trees into simulated lineage tracing trees using three parameters: the number of editing sites k, the 
latency of editing tlag, and the rate of editing redit. Lineage tracing only begins after time tlag, representing the non-
editing time preceding lineage tracing induction and branching events preceding tlag are collapsed into a 
multifurcating node at the root. After lineage tracing induction, barcode editing occurs according to an 
independent Poisson process in each cell lineage at a constant rate of mean redit events per cell per unit time. 
Each editing event permanently and uniquely marked one of the cell’s k edit sites, which could not then be edited 
again. All barcodes are inherited by both the daughter cells. If all of a cell’s k edit sites are edited, no more edits 
are permitted and that node and its descendants form a pendant clade. Because the absolute rate of cell 
proliferation and the barcode editing rate are often unknown, we normalize the stochasticity in the root-to-tip 
distance T among simulated trees of the same size by parameterizing these rates in time relative to root-to-tip 
distance. Specifically,  

𝑡"#$∗ =	
𝑡"#$
𝑇

 

 

𝑟%&'(∗ 	= 	1	 −	
𝑘

𝑟%&'( 	 ⋅ 	 𝑡"#$∗ ⋅ 	𝑇
 

 
We simulated tree structures with 𝑡"#$∗  ranging from 0 to 0.9 and 𝑟%&'(∗  ranging from -0.5 to 0.9, both at parameter 
intervals of 0.1, and k equal to 20. To generate lineage tracing trees for power and type I error rate estimation, 
we simulated tree structures with 𝑡"#$∗ ∈ 	 {0.0, 0.5, 0.9}, 𝑟%&'(∗ ∈ 	 {	0.0, 0.5, 0.9} and k equal to 20. We present the 
results with 𝑡"#$∗  and 𝑟%&'(∗  both equal to 0.5 as this combination of parameters produced EBR trees that best 
matched the proportion of multifurcating nodes (see detailed definition below) as Simeonov et al’s M2 tree (Figure 
S2). To generate lineage tracing trees for empirical null distributions for each given tree, we estimated the 
parameters as described below. 
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Estimating latency and rate parameters from a lineage tracing tree 
For both the  𝐽! and Sackin index tests, we compare an observed statistic to a distribution of statistics generated 
under EBR to test for divergence from EBR. The trees forming this empirical null also require lineage tracing 
transformation to be comparable to the observed tree. We infer the parameters of the lineage tracing system 
from the focal tree and the experimental design as follows: first, we take the number of edit sites, k, as a known 
parameter from the construction of the lineage tracing system. For the simulated data, we set k = 20. For the 
empirical trees, we matched k to the number of editing sites from the raw data, which ranged from 5 to 78 with 
a median of 30 (see Table S1).  
Second, although in principle the latency and rate parameters can also be determined from the experimental 
design, we treated the latency and rate parameters as unknown and estimated them from the observed lineage 
tracing trees. We matched lineage tracing transformed EBR binary trees and empirical trees according to four 
statistics: 1) the outdegree at the root node 𝑚+,,(, 2) the maximum pendant clade size 𝑛)#*, 3) the proportion 
of multifurcating nodes 𝜂-,&%, calculated as the ratio between the multifurcating nodes and the total number of 
nodes in the tree and 4) the degree of multifurcation 𝜂('., calculated as the ratio between the number of nodes 
in the observed tree and in a binary tree of the same size. We normalized 𝑚+,,( and 𝑛)#* by dividing them with 
the tree size N to produce 𝑚C+,,( and 𝑛D)#*. We simulated 20 binary trees of the same size as the lineage tracing 
tree and transformed them combinatorially with 𝑡"#$∗  ranging from 0 to 0.9 and 𝑟%&'(∗  ranging from -0.5 to 0.9, both 
at parameter intervals of 0.1. We summarized the transformed trees with the same four summary statistics, and 
selected the combination of latency and saturation parameters that yielded the smallest unweighted average 
sum-of-square error to the observed lineage tracing tree. We then used that parameter combination to transform 
EBR binary trees into multifurcating trees from which we calculated the empirical null distributions for the 𝐽! and 
Sackin index tests. Note, we also attempted to use tree distance metrics for parameter matching but found few 
options that could compute distances in multifurcating trees of these sizes, and the best candidate metric (50) 
failed to produce trees that matched most summary statistics (results not shown).  
 
Tests for departures from EBR 
𝐽! statistic 
The 𝐽! statistic is the clade-size weighted average Shannon equitability of daughter clade sizes across all internal 
nodes (36). In the context of the genealogical trees in this study, 𝐽! can be computed as  

𝐽! =	
∑ 𝑆 ⋅ 𝐻1!"#$
'	3! 		
∑ 𝑆1!"#$
'	3! 	

 

 
where S is the number of tips descending from the focal node and H is the Shannon equitability of the daughter 
clade sizes at the focal node. In a perfectly balanced tree, 𝐽! = 1 and in a maximally imbalanced tree, 𝐽! = 0. 
We compute a null distribution for 𝐽! by simulating 1000 size-matched EBR trees, applying the lineage tracing 
settings inferred for the focal tree, and then computing 𝐽! on the resulting lineage-tracing transformed trees.  We 
then test the one-sided alternative hypothesis that the observed 𝐽! statistic is smaller than expected under EBR 
(i.e., more unbalanced due to rate heterogeneity).  
UnifNP 
In a bifurcating EBR tree, the size of a randomly selected daughter clade is uniformly discretely distributed 
between 1 and n-1, the total clade size with its sister minus 1, providing a null expectation against which 
branching rate heterogeneity trees depart (51). The corresponding statistic, nodal probability, is the probability 
that a node splits into n daughters in a way that is less balanced than expected under EBR. We refer to this 
method as UnifNP (Uniform Nodal Probability). Here, we generalize the standard bifurcating nodal probability to 
multifurcating trees. To evaluate the balance of split on a multifurcating node with an outdegree of m, we calculate 
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an intermediate statistic d as half the sum of the absolute differences between descending clade sizes 𝑛' and 
their rounded average 𝑛H': 

𝑑	 =
1
2
	J|𝑛' 	− 	𝑛H' 	|
)

'	3	!

 

where 𝑛H' is rounded up for 𝑖 ≤ 	𝑛	𝑚𝑜𝑑	𝑚 and rounded down for 𝑖 > 	𝑛	𝑚𝑜𝑑	𝑚. 
Slowinsky and Guyer provide an analytic solution for the distribution of d in bifurcating trees (51). For 
multifurcating trees, we generate node-specific empirical distributions of d through 999 Monte Carlo simulations 
of clade size splits expected under EBR. For a node with n descendants separated into m clades, we repeatedly 
and randomly partition n tips into m groups, sort them in ascending order and compute d. This distribution of ds 
forms the node’s empirical null distribution (for extended justification that this represents the null clade size 
distributions under EBR, see Supplemental Note). We then compute p, the count of times that the observed d 
for a given node is less than its empirical null, with a greater p reflecting a lesser divergence from the most 
balanced split than expected under random chance. Because the maximum of d’s possible values, 𝑑)#*, is 
constrained by n and m, p can only take on at most 𝑑)#* 	+ 	1 possible values. If 𝑑)#* is small across many 
nodes, this presents a problem when aggregating quantile values across nodes. We resolve this by redistributing 
p into p*, a random uniform quantile position within its bin of tied d statistic quantiles. Specifically, if the observed 
d is tied with 𝑘	 > 	0 values from the empirical null, we set 𝑝∗ = 	𝑝	 + 	𝜀𝑘, where 𝜀 is a random uniform number 
draw between 0 and 1. In the case of no tie, 𝑝∗ 	= 	𝑝 + 𝜀 − 0.5. We then compute the nodal probability as 𝑛. 	=
	(𝑝∗ 	+ 	0.5)/1000. We exclude small clades (n < m + 8) from the distribution of nodal probabilities, as branching 
rate heterogeneity leaves little imbalance signature. Under EBR, the distribution of 𝑛. across all internal nodes 
will be uniform. We test against this null hypothesis via a Kolmogorov-Smirnov test.  
Sackin index 
The Sackin index is the sum of the number of ancestors (internal nodes) across all tips in a tree (37). For size-
matched trees, larger Sackin indices indicate less balanced trees. We used the same procedure to generate null 
distributions for the Sackin index as for J1. The one-sided alternative hypothesis is that the observed Sackin 
index is greater than expected under EBR. 
�̂� statistic 
The �̂� statistic is calculated as the sum of log clade size minus 1 across all internal nodes on a fully bifurcating 
tree (35), and we use the implementation of �̂� in the R package apTreeShape (39). �̂� asymptotically follows a 
normal distribution with mean 1.204𝑁	 − 	𝑙𝑜𝑔(𝑁	 − 	1) 	− 	2 and variance 0.168𝑁	 − 	0.710, where N is the size of 
the tree (38). We randomly resolved multifurcating nodes under EBR following apTreeshape’s documentation 
before testing for departures from EBR. The one-sided alternative hypothesis that the observed �̂� is greater than 
expected under EBR is tested. 
 
Estimating power and type I error rates 
The power of each method in detecting branching rate heterogeneity was determined by counting the frequency 
that a method yielded a significant (𝛼	 = 	0.05) p-value to reject the null hypothesis when the focal tree is 
generated under a non-EBR model. The type I error rate is estimated by calculating the frequency of significant 
(𝛼	 = 	0.05) test results when the focal tree is generated under the EBR model. 
 
Benchmarking the computation time of various methods 
The computation time of each method was estimated by the average time used to finish one test with no pre-
computed Monte Carlo trees. For null distributions, we generated 1000 trees in each set of simulations, and for 
lineage tracing parameter estimation, we generated 20 trees in each set. We estimated the computation time for 
binary and multifurcating trees (with lineage tracing parameters 𝑡"#$∗ 	= 	0.5, 𝑟%&'(∗ = 	0.5 and 𝑘	 = 	20) of size 50, 
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250, 1250, and 6250 with 10 replicates (half from EBR and half from CRH with 𝑐	 = 	1) in each combination. The 
benchmarking was done on a Mac mini (macOS Ventura 13.2, Apple M2) using a single core. 
 
Empirical trees 
We examined lineage tracing trees from two murine xenograft studies of tumor proliferation and metastasis 
(14,15). In Simeonov et al’s data (15), we subsetted the data to only examine subtrees from the primary tumor 
site (both individual clone trees and the composite tree that aggregates the clone trees together). For Yang et 
al’s data (14), we used the lineage tracing trees with no metastases. We excluded trees with less than 50 tips. 
We obtained 12 trees from Simeonov et al and 70 trees from Yang et al. For both studies, we used the tree 
structures originally inferred by the authors. Simeonov et al used TreeUtils (52) to infer the maximum parsimony 
phylogeny via PHYLIP (53). Yang et al reconstructed tumor phylogeny using Cassiopeia (45). We used 
customized scripts and the R package “ape” to parse the phylogeny deposited by the authors to “phylo” class 
objects in R (54). 
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Tables  
 

Table 1. The prevalence of branching rate heterogeneity in tumor genealogical trees. Full test results broken 
down by individual lineage (including the number of tips/lineage) can be found in Supplemental Table 1.  
 

Reference 
(number of trees) 

Dataset subgroup 
(number of trees) 

#significant by J1 
(proportion) 

#significant by UnifNP 
(proportion) 

Simeonov et al 2021 
(12) 

M1 (6) 3 (50%) 2 (33%) 

M2 (6) 2 (33%) 2 (33%) 

Yang et al 2022 
(70) 

Apc (22) 22 (100%) 21 (95%) 

Lkb1 (23) 23 (100%) 22 (96%) 

NT (25) 24 (96%) 22 (88%) 
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Figures 

 
 
Figure 1. 
Branching rate heterogeneity and lineage tracing distorts the shape of phylogenetic trees. (A) Binary tree shapes 
under EBR and two different modes of branching rate heterogeneity (CRH, DRH). Branching rate is marked on 
the tree in color. (B) Distinct multifurcation patterns result from lineage tracing depending on the timing of the 
editing window. Editing windows shown are left: 𝑡"#$∗ 	= 	0,	 𝑟%&'(∗ 	= 	0.5	; middle: 𝑡"#$∗ 	= 	0.2,	 𝑟%&'(∗ 	= 	0.3	; right: 
𝑡"#$∗ 	= 	0.5	 𝑟%&'(∗ 	= 	0	. (C) Summary statistics (𝜂-,&% , 𝜂('., 𝑚C+,,(	, 𝑛D)#*	) vary under different lineage tracing 
parameters; error bars represent interquartile range over 100 simulated trees. For (A) and (B), the rows from top 
to bottom depict trees under EBR, CRH (c = 1) and DRH (fold change = 2, transition rate = 1), respectively. All 
trees show N = 250. 
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Figure 2. 
The effect of lineage tracing on 𝐽!, UnifNP, Sackin index and �̂�-based tests. The power (solid lines) and type I 
error rate (dashed lines) of the tests are plotted at tree size N=1250 for (A) continuous branching rate 
heterogeneity and (B) discrete branching rate heterogeneity at 1.0 transitions per unit time, both over a range of 
branching rate heterogeneity strengths. See Supplemental Figure S4 for additional DRH transition rates and tree 
sizes. The test was performed on binary trees (green) and multifurcating trees transformed by the lineage tracing 
process (orange and blue). The null distributions of the 𝐽! statistic and the Sackin index were generated using 
either estimated (orange) or true (blue) lineage tracing parameters. 
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Figure 3. 
Performance of 𝐽!, UnifNP, Sackin index and �̂�-based tests on multifurcating lineage tracing trees. The power 
(solid lines) and type I error rate (dashed lines) of the four tests are plotted at tree sizes of 𝑁	 =
	50, 250, 1250, 6250 for each mode of branching rate heterogeneity: (A) continuous branching rate heterogeneity 
and (B) discrete branching rate heterogeneity with 1.0 transitions per unit time, respectively. See Supplemental 
Figure S4 for additional DRH transition rates. Lineage tracing was simulated under relative latency 𝑡"#$∗  = 0.5 
and relative editing rate 𝑟%&'(∗  = 0.5, and these parameters were estimated for each tree to generate the null 
distributions of the test statistics for 𝐽! and the Sackin index. 
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Supplementary Figures 
 

 
Figure S1. 
Timing and length of the lineage tracing window distorts the shape and characteristics of phylogenetic trees. 
Left: tree shapes under EBR, CRH (c = 1) and DRH (fold change = 2, transition rate = 1), shown in rows top to 
bottom, and under different lineage tracing settings, shown in columns. Editing windows shown are left: 𝑡"#$∗ 	=
	0,	 𝑟%&'(∗ 	= 	0.9	; left-middle: 𝑡"#$∗ 	= 	0,	 𝑟%&'(∗ 	= 	0.5	; middle: 𝑡"#$∗ 	= 	0,	 𝑟%&'(∗ 	= 	0	; right-middle: 𝑡"#$∗ 	= 	0.5,	 
𝑟%&'(∗ 	= 	0	; right: 𝑡"#$∗ 	= 	0.9,	 𝑟%&'(∗ 	= 	0	. All trees show N = 250.  Summary statistics(𝜂-,&% , 𝜂('., 𝑚C+,,(	, 𝑛D)#*)	 
vary under different lineage tracing parameters; error bars represent interquartile range over 100 simulated trees. 
For summary statistics under a full combinatorial array of 𝑡"#$∗  and 𝑟%&'(∗ , see Figure S2.  
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Figure S2. 
Tree summary statistics across diverse lineage tracing settings. The four tree statistics 
(𝜂-,&% , 𝜂('., 𝑚C+,,(	, 𝑛D)#*)	are computed for 20 trees each with all combinations of lineage tracing latencies 𝑡"#$∗ 	=
	0, 0.1, . . . , 0.9 and 𝑟%&'(∗ 	= -0.5,-0.4, … 0.4, 0.5. Bars represent interquartile range, and a curve interconnects all 
means within a latency parameter. We compare these values to the tree statistics of mouse M2 from Simeonov 
et al (15) plotted in red, dashed horizontal lines. We highlight the lineage tracing parameters that were used in 
the central power analysis (Figures 2, 3, S4) in red (𝑡"#$∗ 	= 	0.5,	 𝑟%&'(∗ 	= 	0.5	). We selected this set of parameters 
as the ones that best matched 𝜂-,&% to the M2 tree. We highlight the additional lineage tracing parameters that 
were used in the robustness power analysis (Figure S7) in light blue.  
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Figure S3. Schematic representation of the four tests based on �̂�, 𝐽!, the Sackin index, and UnifNP of the 
examined tests for tree balance.  
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Figure S4 
Performance of 𝐽!, UnifNP, Sackin index and �̂�-based tests on multifurcating lineage tracing trees. The power 
(solid lines) and type I error rate (dashed lines) are plotted at tree sizes of 𝑁	 = 	50, 250, 1250, 6250 for each 
mode of branching rate heterogeneity: (A) continuous branching rate heterogeneity and (B-D) discrete branching 
rate heterogeneity at transition rates of 0.1, 1.0 and 10.0 transitions per unit time, respectively. The lineage 
tracing process was simulated under relative latency 𝑡"#$∗ 	= 	0.5 and relative editing rate 𝑟%&'(∗ 	= 	0.5. Tests were 
performed on the binary trees (green) and multifurcating trees transformed by the lineage tracing process 
(orange and blue). The null distributions for the 𝐽! statistic and the Sackin index were generated using either the 
estimated (orange) or true (blue) lineage tracing parameters. A subset of these conditions are shown in Figures 
2 and 3.  
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Figure S5. 
The effect of tree size on the power of 𝐽!, UnifNP, Sackin index and �̂�-based tests. The power (solid lines) and 
type I error rate (dashed lines) of the four tests are plotted at tree size 𝑁	 = 	50, 250, 1250, 6250 for each mode 
of branching rate heterogeneity: (A) continuous branching rate heterogeneity and (B-D) discrete branching rate 
heterogeneity at transition rates of 0.1, 1.0 and 10.0 transitions per unit time, respectively. The tests were applied 
to multifurcating trees and the null distributions of the 𝐽! statistic and the Sackin index were generated using 
estimated lineage tracing parameters. 
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Figure S6. 
Computation time benchmarking for the four tests on binary and multifurcating trees. The computation time was 
averaged across 10 trees (with lineage tracing parameters and the null distribution calculated from scratch). Bars 
represent the 95% confidence interval of the mean. The multifurcating 𝐽! computation time is nearly identical to 
the Sackin index computation time, and is not clearly visible.   
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Figure S7.  
Robustness of 𝐽!, UnifNP, Sackin index and �̂�-based tests to diverse lineage tracing parameters. The power 
(solid lines) and type I error rate (dashed lines) are plotted for each mode of branching rate heterogeneity and a 
fixed tree size of N = 1250: (A) continuous branching rate heterogeneity and (B-D) discrete branching rate 
heterogeneity at transition rates of 0.1, 1.0 and 10.0 transitions per unit time, respectively. The lineage tracing 
process was simulated under all combinations of relative latency 𝑡"#$∗ 	= (0, 0.5, 0.9) and relative editing rate 
𝑟%&'(∗ 	= 	 (0, 0.5, 0.9), generating editing windows as marked in the red and blue-colored bars. The null distributions 
of the 𝐽! statistic and the Sackin index were generated using estimated lineage tracing parameters.  
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Figure S8. 
The empirical distribution of the 𝐽! statistic under different tree types and branching rate models. The empirical 
distribution was sampled from 100 trees (N=6250) in each model (CRH: c=0.5, DRH: 10-fold rate change and 
1.0 transition per unit time). The multifurcating trees were generated under relative latency 𝑡"#$∗ 	= 	0.5, relative 
editing rate 𝑟%&'(∗ 	= 	0.5 and barcode length 𝑘 = 	20. 
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