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SI.A  Supplementary Figures
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Figure S1. The increase in the number of published scRNA-seq tools almost keeps up
with the number of published scRNA-seq datasets. This plot was created using code adapted
from https://pachterlab.github.io/kallistobustools/tutorials/scRNA-seq_intro/pytho
n/scRNA-seq_intro/ and using data from [1] and [2]. The black diagonal line indicates y = x.


https://pachterlab.github.io/kallistobustools/tutorials/scRNA-seq_intro/python/scRNA-seq_intro/
https://pachterlab.github.io/kallistobustools/tutorials/scRNA-seq_intro/python/scRNA-seq_intro/
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Figure S2. Visualization and pairwise distance recovery on a simulated dataset based
on a perfectly binary tree. A) Ground truth tree (left, see section for information on the
simulation) and visualizations by Bonsai, PCA, UMAP, PHATE, and DTNE. The Bonsai
visualization is shown in the equal-daylight layout on the hyperbolic disk. For PCA, UMAP,
PHATE, and DTNE, the data are preprocessed with a standard loglp-normalization after which a
PCA-projection is performed. To present these methods in the best light, we performed a coarse
parameter scan and for each method used the number of PCA components that performed best.
This resulted in keeping all dimensions for UMAP, projecting to 500 PCs for DTNE, and 100 PCs
for PHATE. The UMAP-embedding into two dimensions was run with parameters:
nneighbors=15, min dist=0.1, n_components=2, metric=‘euclidean’, and we used the default
parameters for DTNE and PHATE. B) Histograms of, for each method, the correlations (Pearson R)
between the ground truth distances from each cell to all other cells and the corresponding distances
in the visualization. For Sanity, we used the specialized distance-calculation program, see |\
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Figure S3. Visualization and pairwise distance recovery on a simulated dataset based
on an unbalanced tree. A) Ground truth (left) and visualizations by different methods of
simulated data of an unbalanced tree (see Section [SL.E.2| for information on the simulation). B)
Histograms of, for each method, the correlations (Pearson R) between the ground truth distances
from each cell to all other cells and the corresponding distances in the visualization.
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Figure S4. Visualization and pairwise distance recovery on a simulated dataset based
on a binary tree with random branch lengths. A) Ground truth (left) and visualizations by
different methods of simulated data of a tree with random branch lengths (see Section for
information on the simulation). B) Histograms of, for each method, the correlations (Pearson R)
between the ground truth distances from each cell to all other cells and the corresponding distances
in the visualization.
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Figure S5. Visualization and pairwise distance recovery on a simulated dataset based
on a binary tree using diffusion according to a covariance matrix estimated from a real
dataset. A) Ground truth (left) and visualizations by different methods of simulated data of a tree
with gene expression correlations matching the covariance matrix of a real dataset (see Section
for information on the simulation). B) Histograms of, for each method, the correlations
(Pearson R) between the ground truth distances from each cell to all other cells and the
corresponding distances in the visualization.
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Figure S6. Visualization and pairwise distance recovery on a simulated dataset based
on an unbalanced tree with random branch lengths. A) Ground truth (left) and
visualizations by different methods of simulated data of an unbalanced tree with random branch
lengths (see Section for information on the simulation). B) Histograms of, for each method,
the correlations (Pearson R) between the ground truth distances from each cell to all other cells and
the corresponding distances in the visualization.
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Figure S7. Visualization and pairwise distance recovery on simulated dataset based on
an unbalanced tree with random branch lengths using diffusion according to a
covariance matrix learned from a real dataset. A) Ground truth (left) and visualizations by
different methods of simulated data of an unbalanced tree with random branch lengths and gene
expression correlations matching the covariance matrix of a real dataset (see Section for
information on the simulation). B) Histograms of, for each method, the correlations (Pearson R)
between the ground truth distances from each cell to all other cells and the corresponding distances
in the visualization.




Perfect binary Unbalanced (Unb)
7 7
'] | s [
E=] i £ i
> 2 |
56 | 56 %H%
o °
c c
> =3 \
<4 <4
25 o3 @
« s
[ [
S S
c c
G4 % T4
o °
< + < :
3 3
2 = 3
I} I}
g 2 = g 2 @
k=3 =5 o
= —t— B
o o
01 —— nl |
0.0 25 5.0 75 10.0 125 15.0 175 20.0 225 0.0 5.0 10.0 15.0 20.0 25.0 30.0 35.0 40.0 45.0
Summed branch lengths (true tree) Summed branch lengths (true tree)
Random branch lengths (Rbl) Real covariance (Reco)
6
E ’ é E
E=] £
5 5 |
s . S5s :
o °
€5 c
5 5
° e
=) o |
~ ~4 |
3 3
o 4 o
2 2
8 o]
o 8,
o °
5 5 | $
© ©
[ (7
= =
E 2 S2 %
o o %
o o
o o
3 g ==
1 1
R & ==
= =
0
0.0 5.0 10.0 15.0 20.0 25.0 30.0 0.0 25 5.0 75 10.0 125 15.0 175 20.0 225
Summed branch lengths (true tree) Summed branch lengths (true tree)
Rbl + Unb Rbl + Unb + Reco
10
— — 8
= =
£ £
5 5
=) =)
N — E
c c
5 5
E é E ’
2 . 2
4 3
S 6 S
2 IS
o] o]
o i
° T4
c c
3 4 g
= =
T I}
1 1
o o
o T2
S g
© ©
E E
o o
w w
0 0
0.0 10.0 20.0 30.0 40.0 50.0 0.0 10.0 20.0 30.0 40.0 50.0
Summed branch lengths (true tree) Summed branch lengths (true tree)

Figure S8. Distances along the ground truth tree accurately match the ground truth
squared Euclidean distances. For the 6 simulated datasets described in Section [SLE.2] we here
show the linear relation between pairwise distances as measured along the ground truth tree (x-axis)
and as measured by the squared Euclidean distance between the ground truth coordinates at the
leaves (y-axis). Because there are 523 776 pairwise distances in these datasets, the scatter plots
suffer from over-plotting. Therefore, we capture the linear relation by binning the data into 10
equal-sized bins along the x-axis, and then show a box-whisker-plot for each bin, indicating the 5,
25, 50, 75 and 95 percentiles.
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Figure S9. Performance of various visualization methods on preserving cell-to-cell
distances. For the 7 simulated datasets described in [SLE] and for which the detailed visualizations
are shown in Figs [S2)[S7] and [ST1] we collect all calculated correlations between true and visualized
cell-to-cell distances. Specifically, for each cell we compute the Pearson-R, value for the correlation
between the true and inferred distances between the cell and all other cells. The distributions of
these Pearson-R values are captured in box-plots (with the box indicating the interquartile range
and the whiskers the 5 and 95 percentiles across the n = 1024 cells). For PCA, UMAP, PHATE,
and DTNE, the data are preprocessed with a standard loglp-normalization, after which a
PCA-projection is performed. To present these methods in the best light, we performed a coarse
parameter scan and for each method used the number of PCA components that performed best.
This resulted in keeping all dimensions for UMAP, projecting to 500 PCs for DTNE, and 100 PCs
for PHATE. The UMAP-embedding into two dimensions was run with parameters:
n_neighbors=15 min dist=0.1, n_components=2, metric="‘euclidean’, and we used the default
parameters for DTNE and PHATE. For Sanity we used the specialized distance-calculation script,
see [3].
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Figure S10. Bonsai reconstructions become less accurate if Sanity-preprocessing is
replaced by conventional preprocessing, but remain more accurate than other
visualization methods. Each row correponds to one of the 7 simulated datasets described in [SL.E]
The columns show from left to right: the ground truth, the Bonsai-tree using default
Sanity-preprocessing , the Bonsai-tree using a widely-used loglp-preprocessing pipeline (see
Methods), box-whisker plots (indicating the 5, 25, 50, 75, and 95 percentile across n = 1024 cells) of
the distributions of correlations between the true distances from each cell to all other cells and the
inferred distances for the two versions of Bonsai and PCA for reference, and the performance on
nearest-neighbor identification. We see that the logIp-based Bonsai-trees have terminal branch
lengths are that notably longer. Because the loglp-preprocessing does not take into account the
biological and technical noise, each cell appears distant from each other cell, even from those that
have very similar ground truth states. Indeed, Sanity-based Bonsai strongly outcompetes
logip-based Bonsai on distance estimation and nearest-neighbor identification. It is remarkable,
however, that even with this suboptimal preprocessing Bonsai is still much more accurate than the
other visualization methods (only PCA is shown here, as it was the best-performing alternative to
Bonsai according to Fig .
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Figure S11. Visualization and pairwise distance recovery on a simulated dataset based
on a pseudobulk dataset. A) Visualizations of a simulated dataset with 7 pseudobulk clusters of
cells (colors) as obtained with different methods. Note that for this simulated dataset with 7
clusters of cells, there is no ground truth tree (see Section for information on the simulation).
B) Histograms of, for each method, the correlations (Pearson R) between the ground truth
distances from each cell to all other cells and the corresponding distances in the visualization.
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Figure S12. The blessing of dimensionality on random data: With increasing
dimensionality, Bonsai-trees get better at representing distances while other visualization methods
get worse. We created simulated datasets with random scatters of 100 cells in spaces of different
dimensionality as follows. For each cell ¢ we sample a variance v, from a uniform distribution in
log-scale between 0.1 and 10 (log o, € [log(0.1),log(10)]) and then normalize such that the average
of the v, equals one, i.e., v, = ﬁ For each gene g we sample a variance v, from an

exponential distribution with mean 2 and then sample log-expression values for each gene-cell pair
(g, ¢) by drawing from a Gaussian with variance vy, = v4v.. Each column of panels corresponds to a
dataset with different dimensionality, increasing from 2 dimensions on the left to 10000 dimensions
on the right. Rows correspond to different visualization methods with, from top to bottom: Bonsai,
PCA, UMAP, PHATE, and DTNE. Each panel shows a scatter of the true pairwise distances
between cells (horizontal axis) versus the inferred distances of the visualization method (vertical
axis). Dotted lines show linear fits with slope and squared Pearson correlation indicated in each
panel. As the dimensionality of the data increases, tree representations get more and more accurate,
already reaching a very good correlation of R? = 0.97 in 100 dimensions. Instead, all other
visualization methods become increasingly worse at representing distances in higher dimensions.
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Figure S13. The blessing of dimensionality on real scRNA-seq data: Tree structures
accurately capture true cell-to-cell distances in real scRNA-seq data, and improve as the
dimensionality of the data increases. We performed analysis analogous to that of Fig. using the
gene expression values from a real scRNA-seq dataset of cord blood cells [4]. We processed the
scRNA-seq data using Sanity [3] and treated Sanity’s estimates of the log-expression values as
ground truth. To investigate the effect of the data’s dimensionality, we created several datasets by
projecting the data on the first 10, 50, 100, 500 and 1000 PCA components. We reconstructed a
tree representation of each dataset using Bonsai, as well as 2-dimensional representations using
PCA, UMAP, PHATE and DTNE. In A) we show scatters of the true squared Euclidean distances
between pairs of cells, versus the squared-distances inferred by Bonsai, i.e., the sum of the branch
lengths connecting the cells in the tree. The dashed line is the line y = z, and the Pearson
R-squared value is reported in each plot. In B) we calculated for each cell the Pearson R?-value
between the true and inferred distances to the other 999 cells. The box-whisker plots show the
distributions of these R2-values (5, 25, 50, 75 and 95 percentile across 7509 cells). Note that the
tree representations get more accurate as the dimensionality of the data increases while all other
visualization methods deteriorate, even though the correlations for Bonsai are already much larger
in the 10-dimensional dataset.
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Figure S14. Tree-structures automatically use nearby cells to obtain more accurate
distance estimates. We created synthetic datasets by first taking the 100 points in the
100-dimensional simulated dataset from Fig. and using these as cluster-centers. We then
sampled either 1, 2, 5, 10, or 20 cells around each cluster-center by adding a noise term drawn from
a normal distribution in 100 dimensions with variance 2.5 in each dimension, see Section for
details. We thus created datasets in which each cell has both a measured position (i.e., with the
noise added) and a true position (i.e., equal to its corresponding cluster-center). We used Bonsai,
PCA, UMAP, PHATE, and DTNE to construct a representation of the measured positions, and
then checked how well these representations capture the pairwise distances between the true
positions. In particular, to keep the test consistent across datasets, we selected only the first cell
around each cluster-center and calculated the Pearson R2-value between true and inferred distances
to the other 99 cells for each of the 100 cells. The box-whisker plots summarize the distribution of
these squared correlation coefficients (5, 25, 50, 75, and 95 percentiles). We see that, apart from
generally dramatically outperforming all other methods, Bonsai’s tree reconstruction approximates
the distances from each cell to its neighbors better and better as the number of cells per cluster
increases. This effect is completely absent or negative for the other methods. This further supports
that the tree structure acts as a regularizer that improves the estimates of each cell’s true position.
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Figure S15. Bonsai outperforms other methods on identifying nearest-neighbor cells
in scRINA-seq datasets. For the 7 simulated datasets described in we show how well
various methods identify the nearest neighbors of each cell. Specifically, for different numbers of
nearest-neighbors k, we calculate what fraction of the inferred k& nearest-neighbors are indeed
among the k nearest-neighbors in the ground truth and show these fractions as a function of k.
Each panel corresponds to one synthetic dataset (described at the top). For PCA, UMAP, PHATE,
and DTNE, the data are preprocessed with a standard logpl-normalization after which a
PCA-projection is performed to the number of components that, for each method individually,
showed best performance in a parameter scan. This resulted in keeping all dimensions for UMAP,
projecting to 500 PCs for DTNE, and 100 PCs for PHATE. The UMAP embedding into two
dimensions was run with parameters: n_neighbors=15, min dist=0.1, n_components=2,
metric=‘euclidean’, and we used the default parameters for DTNE and PHATE. For Sanity we
used the distance-calculation program that takes error-bars into account (see [3]).For the
Pseudobulk dataset, all methods perform equally badly because no clear nearest-neighbor structure
is present until the number of neighbors becomes larger than the typical cluster size. For all other
datasets, Bonsai outperforms all other tools for virtually all values of k, often by a large margin.
Notably, PCA and DTNE tend to perform well only for large k, suggesting that these methods only
capture the large-scale structure in the data. UMAP and PHATE typically have a local peak in
performance for a value of k& somewhere between 30 and 100, reflecting that at these parameter
settings these methods conserve cell-to-cell-structures at one particular scale only. Notably, Bonsai
also outperforms Sanity on all datasets, even though both methods are based on the same inferred
gene expression values. This suggests that Bonsai’s increased performance results from implicitly
using the tree structure as a prior for estimating distances.
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Reverse cumulative distribution of scRNA-seq dataset sizes.
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Figure S16. The distribution of cell numbers of scRNA-seq datasets across four public
databases. We took all the scRNA-seq datasets from the databases Single Cell Portal (624
datasets) [5], DISCO (1323 datasets) [6], Single Cell Expression Atlas (380 datasets) 7], and
PanglaoDB (236 datasets) 8], and here plot the reverse cumulative distribution of the cell numbers
across all datasets, with the horizontal axis on a logarithmic scale. This shows that only a small
minority of the datasets contain over 100 000 cells, and datasets with more than a million cells are
very rare.
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Figure S17. Trees reconstructed with Backbone-Based-Bonsai preserve cell-to-cell
distances almost as well as standard Bonsai. In the time- and memory-scaling tests described
in Fig. 3, there were four simulated datasets on which we ran both the default Bonsai-algorithm
and Backbone-Based-Bonsai. To show that the computationally efficient backbone-based algorithm
is still accurate, we here compare the visualized distances (sum of branch lengths) with the ground
truth cell-to-cell distances. Specifically, the box-whisker plots capture the distribution over cells of
the correlations between the true and inferred distances between the cell and all other cells (5, 25,
50, 75, and 95 percentiles). We see that, in all four datasets, the visualized distances are very
accurate regardless of which algorithm was used to reconstruct the tree.
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Figure S18. Scaling of computation-time for the default Bonsai algorithm, and the
Backbone-Based-Bonsai algorithm. A) The computation times for datasets of different sizes
simulated following the procedure described in Since Bonsai starts by selecting only genes
with a signal-to-noise ratio of 1, datasets differ slightly in their number of genes, although this
number is close to 2000 in all datasets. To get comparable scaling, and because computation time
scales linearly in the number of genes, we therefore correct the actual computation times as if 2000
genes were selected. While the default Bonsai algorithm shows a simple scaling behavior:

T o< C'45, this is more complicated for Backbone-Based-Bonsai because it consists of several steps
with different computational requirements. We therefore fit the computational scaling of these
individual steps in B), so that their sum gives the overall scaling behavior. The 4 steps of
backbone-based Bonsai are: 1) preprocessing the data (blue), 2) using default Bonsai to build a
backbone-tree on 1000 cells (orange), 3) placing the remaining cells on the backbone (green), and 4)
refining the full tree (red). The fits show that the scaling will eventually be dominated by the step
in which remaining cells are placed on the backbone.
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Figure S19. Scaling of peak memory usage for the default Bonsai algorithm, and the
Backbone-Based-Bonsai algorithm. A) The peak memory usage of Bonsai while working on
datasets of different sizes simulated following the procedure described in [SLE.2.1] Note that these
peak memory usages are reached only at specific steps in the computation, while average memory
usage is much lower. Both Bonsai algorithms are not parallelized symmetrically over different
CPUs. Instead, there is a main thread that does most of the simple computations and also requires
access to the data (non-sparse feature and uncertainty matrices) for all cells. The worker threads
are only used for large calculations, and then only need access to the data of a subset of cells. This
keeps the total memory requirement of all CPUs combined lower. Therefore, we separately report
the peak memory usage of the main thread and the average of the worker threads. B) Similar to
the computation time analysis in Figure we fit the memory scaling of the different steps of
Backbone-Based-Bonsai separately, but now the multi-step fit is not given by the sum of the steps,
but by the maximum.
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Figure S20. Bonsai reconstruction of 69359 cells from the Tabula Muris dataset @] A)
We show the Bonsai tree reconstructed for the Tabula Muris dataset in a circular layout on the
hyperbolic disk, with different colors indicating the different tissues that the cells originate from.
We have made these Bonsai results available for exploration using Bonsai-scout at
https://bonsai.unibas.ch/bonsai-scout/?dir=Tabula_Muris|as a resource for the community.
The Bonsai-scout dashboard can for example be used to zoom in on the clade of liver cells B), or to
detect and visualize marker gene expression C).


https://bonsai.unibas.ch/bonsai-scout/?dir=Tabula_Muris
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Figure S21. Bonsai reconstruction of 104 148 epithelial cells from Tabula Sapiens [10]. A
dendogram layout of the Bonsai tree reconstructed on the subset of all epithelial cells from the
Tabula Sapiens atlas, with different colors indicating the different tissues that the cells originate
from. We have made these Bonsai results available for exploration using Bonsai-scout at
https://bonsai.unibas.ch/bonsai-scout/?dir=Epithelial_cells_from_Tabula_Sapiens|as
a resource for the community.
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Figure S22. Performance in recovering reference annotations for Bonsai-scout’s
supervised and unsupervised clustering methods compared with conventional Leiden
and Louvain clustering. We ran Bonsai on all sScRNA-seq datasets with fewer than 100 thousand
cells from the BGee database , which all come with an author-provided cell type annotation. We
then ran both the supervised and unsupervised clustering methods implemented in Bonsai-scout, as
well as two standard clustering methods: Louvain and Leiden. To quantify how well these clustering
methods matched the author-provided annotation, we here show the Normalized Mutual
Information between the inferred clusters and the author-provided annotation for each dataset and
each method (see legend). Datasets were sorted from left to right by average NMI across the
clustering methods. The annotations for the datasets on the right side of the plot thus generally
agree better with all of the clustering methods, which may indicate that these annotations are more
trustworthy. Bonsai’s supervised method generally outperforms the other methods, while, on the
left side of the plot, Bonsai’s unsupervised clustering performs slightly worse than Leiden and
Louvain clustering. However, the user-provided annotations may have often been obtained with
these clustering methods.
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Figure S23. Bonsai accurately detects the absence of structure in a dataset. We
simulated a dataset by randomly picking a count between 0 and 1000 for 512 genes and 1024 cells.
A) Visualizations of this dataset created by Bonsai, PCA, UMAP, PHATE, and DTNE. In such
random high-dimensional data, cells are expected to all be equidistant, which is captured by the
Bonsai tree which connects all cells through long branches with a single root. The other
visualization methods, however, fail at this task. B), Distributions of pairwise cell-to-cell distances
for the different visualizations, where we normalized by the mean to make the histograms
comparable. We indeed confirm that the spread in pairwise distances is almost non-existent in the
ground truth and in Bonsai, while it is quite substantial in the other visualization methods. As a
result, these methods hallucinate structure that is not present in the high-dimensional data.
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Figure S24. Bonsai correct places cells in precursor states near the correponding
internal nodes. Above we simulated a differentiation process by modeling gene expression
dynamics along a binary tree (see Section for details). While this earlier simulated dataset only
contained cells from the tips of the tree, we now create a dataset where cells are added for each of
the internal nodes of the tree. A) Bonsai reconstruction with cells colored by their ground truth
‘depth’, i.e., the number of generations they were from the root in the ground truth. Yellow cells are
thus early progenitors, while dark red cells are terminally differentiated cells. We see that the cells
in precursor states are placed close to the internal nodes that they corresponds to. B) the same
Bonsai tree with cells colored by which of the 32 terminal clades they belong to in the ground truth
tree (i.e., defined by the first 5 branching points). Dark blue cells are upstream of at least 2 of these
clades and thus have no clade membership. The perfect accordance of colors in the 32 clades shows
that the precursor cells are placed next to the correct internal nodes.
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Figure S25. Bonsai places C. elegans cells from earlier developmental stages upstream
of cells from later developmental stages. We reconstructed a Bonsai-tree on the C. elegans
embryogenesis dataset from Packer et al. , restricting ourselves to the 65164 cells from the
Waterston lab (out of 89701 cells total). This dataset contains cells from multiple embryos at
different developmental stages and the authors provide an estimated developmental stage for each
cell (based on comparison with a bulk RNA-seq time series). A) Bonsai-tree with cells colored by
their annotated developmental stage. The tree shows several well-separated clades corresponding to
lineages that give rise to different cell types. The annotation shows that the developmental stages of
the cells tend to increase with distance from the root, i.e. from left to right. B) We quantify this by
showing the distribution of distances to the root of the Bonsai tree for cells at each developmental
stage, confirming that the location in the Bonsai-tree reflects developmental stage. Box-whisker
plots correspond to 5, 25, 50, 75, and 95 percentiles. Cell numbers in each class are in the legend of
panel A.
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Figure S26. Surface marker abundance confirm the myeloid- and T-cell identity of
clades in the cord blood Bonsai tree. Because the Bonsai-tree shown in Figure 4 was
reconstructed solely based on scRNA-seq counts, we can use the second modality in this dataset as
independent validation, i.e., the protein surface marker counts. We here plot the abundance of
myeloid marker CD11c (left panel), and of the T-cell marker CD3 (right panel) on the Bonsai tree.
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Figure S27. Other visualization methods do not recover differentiation trajectories of
blood cell types. We used the visualization methods PCA, UMAP, PHATE, and DTNE, to
create two-dimensional embeddings for the cord blood dataset. The cells are colored by the
RNA-based cell type annotations provided with the original publication. As is typically observed,
cells annotated as the same cell type are often placed close together in ‘blobs’ or ‘streaks’ in these
visualizations, although with large variation in their spread and large disagreements in both the
relative placements and spread of different cell types across the methods, e.g. the shape and
position of the CD34+ hematopoietic stem cells. Crucially, very little of the known differentiation
trajectories can be unambiguously identified in these visualizations, e.g. none of the visualizations
identifies that erythrocytes split off first from the CD34+ HSCs. At best, the visualizations more or
less indicate the major division between the lymphoid and myeloid lineage cells. PCA, UMAP, and
PHATE were computed with Scanpy using standard preprocessing. DTNE was computed by
applying a loglp transformation to raw counts, performing PCA, and then running DTNE on the
top 100 principal components.
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Figure S28. Removing potential doublet cells does not cause major changes to the
predicted differentiation trajectories. We removed all cells flagged as potential doublets by
Scrublet and reran Bonsai on this reduced dataset. In total, 401 (of 7509) cells were excluded,
including 151 that were annotated as T/Mono doublets in the original publication. In contrast,
from the much larger group of NK-cells, only 77 were removed. The tree structure remains
relatively unchanged. In particular, the two NK subgroups remain clearly visible after doublet
removal, confirming that these two subtypes of NK cells are not an artefact caused by doublets.
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Figure S29. A small fraction of bone marrow-NK cells shows strong characteristics of
deriving from the myeloid lineage. A) Histograms of gene expression (log transcription
quotients) for 6 canonical NK marker genes across all 33403 cells in the bone marrow dataset of
Stuart et al. . The black vertical lines indicate thresholds used to classify NK cells: cells are
defined as NK if their gene expression is over the threshold for all six markers (2944 cells). B)
Bonsai-tree colored by the NK cell classification defined in panel A. C-D) Overlaying the surface
marker abundance of CD11c¢ (myeloid marker) and CD3 (T cell marker), and the mRNA expression
of LYZ (myeloid marker) and IL7R (lymphoid marker) genes identifies the myeloid and lymphoid
branches. E) NK cells are found in two clades with one within the lymphoid branch (red, 2467
cells) and one clade within the myeloid branch (blue, 27 cells). F) A scatter plot of ADT expression
for NK surface proteins CD56 and CD16 confirms the increased expression of these surface markers
in the NK-annotated cells, although both subpopulations contain cells where these markers are
absent. G) Four known NK marker genes are indeed upregulated in both the lymphoid-NK and
myeloid-NK subpopulations. Interestingly, these markers exhibit slightly lower expression in the
myeloid-NK population in both this dataset and the cord blood dataset (Fig. 4). H) Four of the
marker genes that were detected to distinguish myeloid-NK and lymphoid-NK cells in the cord
blood dataset also distinguish these populations in this bone marrow dataset.
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Figure S30. Marker genes that are consistently higher expressed in myeloid-NK cells
than lymphoid-NK cells. For the two subpopulations of NK cells identified by the Bonsai
representation of the blood cell dataset (see Fig. 4), we found all marker genes with a marker
score above 0.99 using our specialized marker-gene-detection script. The marker score (MS) is the
probability that the gene is higher expressed in a randomly chosen myeloid-NK cell than in a
randomly chosen lymphoid-NK cell (see Methods). We here present the 10 marker genes that had
the highest mean expression in the myeloid-NK cells. Each panel corresponds to one marker gene,
and the red and blue histograms show the distribution of expression levels (log transcription
quotients) in the 1925 ymphoid-NK and 155 myeloid-NK cells, respectively.
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Figure S31. Marker genes that are consistently higher expressed in lymphoid-NK cells
than myeloid-NK cells. For the two subpopulations of NK-cells that were identified by the
Bonsai representation of the blood cell dataset (see Fig 4), we found all marker genes with a
marker score below 0.01, i.e., the probability that the gene is higher expressed in a randomly chosen
myeloid-NK cell than in a randomly chosen lymphoid-NK cell is less than 0.01 (see Methods). We
then selected the 10 marker genes that had the highest mean expression in the lymphoid-NK cells.
Each panel corresponds to one marker gene (indicated at the top of the panel together with its
marker score). The red and blue histograms show the distribution of expression levels (log
transcription quotients) in the 925 lymphoid-NK and 155 myeloid-NK cells, respectively.
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Figure S32. Bomnsai is applicable to a wide variety of datasets. A) The Bonsai-tree
representing the statistics of 1436 football players from five international competitions in the season
2021-2022 . We preprocessed the data by shifting and normalizing each feature to have zero
mean and unit variance and then projecting the data on the first 50 PCA components. The colors
indicate 12 clusters of players that were found by our tree-based clustering method (see Methods),
which we manually annotated using example players and marker features (see Supp. Figs. .
In addition, names of the 13 most outlying players are shown. B) The same Bonsai tree with
players colored by their annotated position on the field shows that these clearly cluster on the tree.
C) An example of a marker feature identified by Bonsai-scout: central defenders can be
distinguished from the other players based on the number of clearances per match.
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Figure S33. Marker genes distinguishing clusters in the football player dataset. For the
dataset with statistics on 1436 football players , we found 12 player-clusters using our clustering
method that iteratively cuts the tree into smaller subtrees (see Methods). The left panels show,
from top to bottom, the first three cuts, and values of example marker features for each split are
shown on the right. In the first cut, goalkeepers are split from other players with marker ‘Touches
in defensive penalty area’. The second cut splits full backs and wing backs from the others with
marker ‘Throw-ins taken’. The third cut splits center backs from the remaining players (i.e., the
subtree without the goalkeepers and fullbacks) with marker the number of ‘Clearances’. Thus, after
the first three cuts, goal keepers and defenders were split off from the rest.
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Figure S34. Marker genes distinguishing clusters in the football player dataset. For the
dataset with statistics on 1436 football players , we found 12 player-clusters using our clustering
method that iteratively cuts the tree into smaller subtrees (see Methods). The left panel shows,
from top to bottom, cuts 4-6, and values of example marker features for each split are shown on the
right. The fourth split cuts attackers from the midfielders with as the marker a lower number of
‘Touches in the middle’. The fifth cut splits a group of defensive midfielders and midfielding
defenders from the other midfielders using as the marker feature the number of 'Passes between 15
and 30 yards completed’. The sixth cut splits the attackers into deep attacking midfielders and pure
attackers with marker that pure attackers have a lower percentage of successfully received passes.
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Figure S35. Marker genes distinguishing clusters in the football player dataset. For the
dataset with statistics on 1436 football players [15], we found 12 player-clusters using our clustering
method that iteratively cuts the tree into smaller subtrees (see the description in the
Methods-section). The left panel shows, from top to bottom, cuts 7-9, and values of example
marker features for each split are shown on the right. Cut seven splits a group of midfielders from
the other midfielders and is characterized by taking corners more than others. The eighth cut splits
just two outlier players (Messi and Neymar) from the rest, with marker the number of completed
passes that are sent into open space between back defenders of the other team. The ninth cut splits
off a group of attacking midfielders that is characterized by having many ‘Shot-creating actions’.
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Figure S36. Marker genes distinguishing clusters in the football player dataset. For the
dataset with statistics on 1436 football players [15], we found 12 player-clusters using our clustering
method that iteratively cuts the tree into smaller subtrees (see the description in the
Methods-section). The left panel shows, from top to bottom, cuts 10 and 11, and values of example
marker features for each split are shown on the right. The tenth cut splits wing backs from
fullbacks, with wing backs being characterized by more often moving the ball forward at least 5
yards. Finally, the eleventh cut splits what we have called midfielding defenders from defensive
midfielders, where defensive midfielders are characterized by more often applying pressure to an

opposing player that has the ball.
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Figure S37. The homogeneous diffusion prior for gene expression changes does not
inhibit Bonsati from detecting correlations between genes in the data. We can calculate
the correlations in the inferred gene expression changes along the branches of the reconstructed
Bonsai-trees. In A)-B), we show these correlations for all gene-gene pairs for two datasets: 1) for
the blood dataset by Stoeckius et al. [4] that was discussed in the main text, and 2) for the
simulated dataset based on a perfect binary tree. The data in the simulated dataset are purely
based on the homogeneous diffusion prior, and indeed we see only small correlations between genes
that arise because we take a finite sample of expression changes. However, the real dataset shows
much stronger correlations between genes, proving that the homogeneous diffusion prior is easily
overruled by the data if there is evidence for the correlated change of genes. We show the same data
in A) and B), but in A) we show the normalized histogram, while in B) we show the y-axis on a
log-scale. In C)-D), we show an example of two strongly correlated genes, which indeed have a very
similar expression pattern. Since these genes encode for parts of the immunoglobulins, which are
produced by B-cells, it indeed makes sense that these are strongly correlated.
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SI.B The likelihood of the data given a tree

In this section we derive the equations for calculating the likelihood of the data given a tree topology,
T, and its branch lengths, t: P(D|T,¢).

Notational conventions. In the following, we will define a tree by its topology T of a set of
nodes, connected by branches with branch lengths ¢. Even though the likelihood that we will derive
is independent of which node we designate as the root, we will for notational convenience require
that we have defined which node is the root. For a rooted tree, each branch has a unique upstream
node, so that we can conveniently indicate the branch upstream of node i also as branch i with
branch length ;.

The leaf-nodes of the tree correspond to the data points that were provided to the algorithm.
Bonsai assumes that for each leaf-node ¢, the input data provides an estimated position u;, i.e., a
vector in a continuous d-dimensional ‘feature space’ with a vector of error-bars o; that correspond
to the standard-deviations of the ‘noise’ in the measurement of each feature of node i. Although
Bonsai can take any input data of this type, in the following we will use notation and terminology
as if the data points are cells, and the estimated ‘features’ ug; correspond to the log-expression of
gene g in cell ¢, and the error-bars o4; are the corresponding measurement noise levels. We generally
denote the (unknown) ‘true’ positions of each node i as vectors x; in the d-dimensional feature
space (e.g gene expression space). Lastly, we will assume that it is clearly defined which observed
cell data is supposed to come from which node on the tree and use the same index ¢ for the node
corresponding to cell <.

SI.B.1 The likelihood of a tree with given branch lengths

The likelihood of the data D given a certain tree T" with branch lengths ¢ is the product of two
types of terms:

1. The likelihood of observing the mRNA-counts for cell i given a true position of that cell in
gene expression space. We'll denote this term by P(cell;|x;).

2. The likelihood that node ¢ has moved through gene expression space from the position of its
ancestor in the tree 7(4). This term is denoted by P(x;|x ), ).

Compiling these terms, we get the likelihood of the data and all tree node coordinates conditioned
on the tree topology and the branch lengths:

P(D,{x;}|T,t) H P(cell;|x;) H P(xjlxry,tj) P(Troot)
i in cells jE€nodes
jF#root
where the P(@,00t) is the prior probability for the position of the root. We will take a uniform
prior for the position of the root, so that this term will drop out of the likelihood. Based on this,
we can get the likelihood of the data conditioned on the tree topology and the branch lengths by
marginalizing over the positions of all tree nodes:

P(D|T,t) /dml /d;z:n I Pleelilz) [] P@ilzag)t)] . (S1)

% in cells j€nodes
jF#root
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where n is the number of nodes in the tree. In the following subsections, we will provide more detail
on the individual likelihood terms and solve the integrals.

SI.B.1.1 Likelihood of the data at the leaf-nodes given a true position

One part of the likelihood corresponds to factors P(cell;|x;) for the data of object ¢ given an assumed
position x; in the feature space. Bonsai assumes that for each object ¢, the input specifies a vector
of estimated position p,; with error-bars o;, and that this factor in the likelihood is given by a
product of Gaussian distributions:

gt

1 (3? i — M i)2
P(cell;|x;) = | | P(cell;|zg;) = | I ———exp (—g 5 ) (52)
p p V2Tmog; 20y,

That is, we require that the input data is normalized such that the likelihood of the ‘measured’
features p,; is reasonably approximated by a multi-variate Gaussian with standard-deviations o;
and negligible covariances. As we discuss for scRNA-seq data below, this might require a careful
definition of the variables to be inferred, which will depend on the data type. Apart from the specific
application for scRNA-seq, it will be up to the user to provide appropriately normalized data to
Bonsai.

SI.B.1.2 The likelihood of gene expression data given a cell’s true gene expression
state

In scRNA-seq data, the experimental output after preprocessing is a so-called count table, which
is a matrix of mRNA-counts for each gene (as rows) and for each cell (as columns). However, to
normalize this data into estimated positions in gene expression space pg; with error-bars oy; we
need to carefully take both technical and biological noise into account [16H19]. For this, we will use
Sanity [3], a Bayesian method that provides the best guess for a cell’s position in gene expression
space and uncertainty estimates on these guesses. We refer to the Sanity-publication for a detailed
description of this method, but we summarize the key points here.

As described in the Sanity publication [3], the mRNA counts in a cell are the result of the
processes of transcription and mRNA decay, which are intrinsically stochastic due to the unavoidable
thermal noise at the molecular level. Consequently, rather than controlling precisely when how
many mRNAs of which genes are made or degraded, the physical state of the cell only determines
the rates at which each gene is transcribed and its mRNAs are degraded. As the physical state of
the cell changes in time, these transcription and degradation rates will vary as well. Consequently,
the number of mRNAs m,, for gene g in a given cell c is a stochastic function of the transcription
rate A\g.(t) and mRNA degradation rate 4. (t) of this gene in the recent past. In particular, the
expected number of mRNAs is given by

(mye) = /O " dtrge(t) exp (- /0 t Mgc(T)dT> = g, (S3)

with Age(t) and f140(t) the transcription and mRNA decay rates a time ¢ in the past of this cell. We
denote this expected mRNA counts as the transcriptional activity ag. of gene g in cell c¢. The actual
number of mRNAs in the cell will be a sample from a Poisson distribution with mean ag..

To a reasonable approximation, the number of captured mRNA-molecules, ng., in a scRNA-seq
experiment correspond to a random sample of the true mRNA molecule number in the cell ¢ [3,{161/20].
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Consequently, the combined effects of the intrinsic biological and technical noise are that these
counts ng. are still Poisson samples of the transcriptional activities ag4. [3].

Because the efficiency of capture varies from cell to cell, and because it can be argued that two
cells with proportional transcription activities ager = Aage are effectively in the same gene expression
state (i.e., they only differ in the absolute size of their mRNA pool), it is more meaningful to describe
the gene expression state by transcription quotients age = age/(d o ag.). Finally, because absolute
gene expression levels vary over 4 — 5 orders of magnitude between genes, it is generally more
meaningful to express gene expression levels in logarithmic scale (so that the same fold-change in
expression corresponds to the same change, irrespective of the absolute expression level). Therefore,
Sanity expresses the gene expression state of the cell in terms of Log Transcription Quotients or
LTQs:

Tge = log(ozgc) = log <2:agc) ) (84)

g g'e

where the ag. are defined in terms of transcription and mRNA decay rates according to equation
(53).

Sanity uses a Bayesian algorithm to estimate the LTQs, x4, for each gene g in each cell c. In its
output, it reports the means xj, and standard-deviations €. of the posterior distributions of the
LTQs for each gene in each cell. In addition, it also reports an estimate v, of the true variance in
LTQs of gene g across the cells in the dataset. Notably, because of the Poisson sampling noise, and
because absolute expression levels vary over several orders of magnitude, the resulting sizes of the
error-bars €4, vary enormously across genes and even across cells for the same gene. This variation
in measurement accuracy is crucial to take into account in the analysis of scRNA-seq data.

Finally, while Sanity provides posterior estimates, Bonsai requires as input estimated positions
and error-bars of the likelihood instead of the posterior. Fortunately, the posterior is proportional
to the product of the desired likelihood term and Sanity’s prior, such that the likelihood can be
well-approximated from the posterior. We will therefore follow the derivation given in [3] and obtain

the measurement estimates y4. and error-bars o4 from the reported posterior estimates 7, and
posterior error-bars €4, using the identities:
v
% g
Mgc - xgc 2 I
Ug 6gc
v
2 _ g S5
Ugc - egzv 2 ( )
g 6gc

where v, is Sanity’s estimate of the variance for gene g.

Note on computational implementation. Practically, we can thus use the Equations (S5) to
transform the output from Sanity, and then the likelihood term P(cell;|x4;) takes the Gaussian
shape in pg; and o4; as in Equation .

Additionally, to be able to reconstruct this likelihood best, we made a slightly altered version
of the Sanity-implementation. Normally, Sanity returns values that are obtained by integrating
over the possible values of vy, so that the returned v, is the expectation value of v, rather than
the maximum posterior estimate. Although this is the most correct option for obtaining posterior
estimates of the LTQs, the transformation to reconstruct the likelihood can become inaccurate in
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some cases. Therefore, we now adapted Sanity to have a mode in which it returns the values for the
vy that maximize the posterior.

SI.B.1.3 Selecting features with signal-to-noise over a threshold

In scRNA-seq, many genes with relatively low expression are sampled only very sparsely, so that the
error-bars on their expression levels may be much larger than the true variation in their expression
levels across cells. Such genes contain very little information about the similarities of gene expression
across cells (and thus the tree structure) and we have found that including them leads to worse
performance of Bonsai on simulated data. That is, they appear to add more noise than they add
information about the structure in the data. We therefore decided to only include genes (or more
generally, features) that have signal-to-noise over a threshold.

Let zj,; denote the posterior estimate of the LTQ of gene g in cell 4, z, the estimate of the
mean LTQ over the cells, and €2; the error-bar on the deviation d,; = 7, — 2,. We then define the
signal-to-noise ratio, Sy, as the average ratio of the posterior estimate of the squared deviation of

the ‘signal’ and the posterior error-bars 631‘ on this signal, i.e.

1« 0
Sg = C Z 2 (S6)
i 9

with C the number of cells. For scRNA-seq data, Sanity reports the means and variances of the
posteriors on the gene expression values (see Section , so that we can use this output
directly to estimate S,.

For other data, we estimate S, from the input expression estimates 114; with error-bars og; as
follows. If we assume the true expression values z4; are drawn from a Gaussian with variance v,
and mean p  (which are both unknown), then the likelihood of the estimates p4; is given by

P(Dy|vy) = H;exp _ZM (S7)
i y/2m(vg +02) T 209 +0g;)
We now first estimate the mean, 114, by its maximum likelihood value, fi4, which gives
) -1
P Hgi S8
e = - vy + 02, ;vg—koﬁi (S8)

Note that this maximum likelihood estimate, ji4, depends on the variance v, that we still need to
be estimate. We therefore substitute the true mean, u4, by the estimate, iy, in the likelihood given
by Equation 7 and next estimate the variance v, by maximizing this likelihood, P(Dy|vg). The
maximal likelihood value of v, is a solution of the equation

L5 \2
Vg + Ogi

2
i Vg + Ugi

Given the estimated value of the variance vy, the posterior estimate of the ‘signal’ (z4; — 4) in cell

1 is given by ;
Ogi = ((zgi — xg)) = ngngi(ugi — fg), (510)
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and the error-bar on this estimate is )
V0o
=12 (S11)
Vg + 0y
We then finally estimate the signal-to-noise S, using equation (S6]).
By default we select all genes with Sy > 1 to include in the Bonsai analysis. However, if desired,

users can change the threshold value on ;.

SI.B.1.4 The prior probability of movement in gene expression state

The second term in the tree likelihood (Equation is the prior probability of a movement in gene
expression space from a position &, ;) to the position ;. This term captures how likely the inferred
gene expression changes along the branches of the tree are.

It is important to note that P(x;|x.(;)) captures only the prior probability distribution on
gene expression changes, while by reconstructing the tree on the data we try to infer the posterior
distribution of gene expression changes. Since we do not want to impose strong assumptions on
which gene expression changes are more likely than others, we want to take a very conservative
prior. Therefore, we only assume that 1) gene expression changes can be described by a continuous
Markov process, and 2) gene expression changes are a priori equally likely in all genes relative to
the total variation in that gene in the dataset.

The assumption that we can describe gene expression changes by a continuous Markov process
means that we expect no discontinuous jumps in gene expression, and that we expect the current
gene expression state to be predictive of changes in gene expression. E| In [21}/22], it is shown that,
under a mild additional assumptionEl, any continuous Markov process must be a drift-diffusion
process, which can be described by the form

62

9 1
[Ag(“’“t)P(mivﬂww(i)at’>]+gzg:, 2 0xg02g;

8xgi

iairg’i I:ng/(mia t)P(CEZ, 2"‘|m7'r(1)

atP(mia t|x7r(z)7 t/) == Z

g
This equation describes the time evolution of the probability distribution of a cell to be at gene
expression state x; at time ¢ while it was at x.;) at timepoint ¢’. The term A, describes a
deterministic drift that drives the cell’s expression and the term Byg describes stochastic diffusion.
In our prior process, we will set A, to zero so as not to assume any deterministic drift; rather, we
alm to learn gene expression changes from the data instead of imposing uncertain prior knowledge.
Similarly, for the diffusion term B4/, we do not want to assume prior knowledge about any correlation
between the genes, so that we will assume independent diffusion across the genes: Bgg = Bgdggr.
Finally, we set By such that the amount of expected diffusion in a gene is proportional to the total
variation that is observed in the dataset: B, = v,. We thus get

102
P (i, t| (i), t') = Z éﬁng(z,ﬂy,t’),
g Ty

INote that this assumption still allows for a change in gene expression to be caused by a signal outside of the cell,
as long as the change can be predicted from the current gene expression. For instance, a spatial signal may drive
changes in gene expression, but as long as the cell’s spatial position is reflected in its current expression then the
current state may still be predictive of the changes.

2The additional assumption is that the probability distribution of gene expression changes over a very short time
interval §t has a finite mean and variance that scale proportionally to dt.

).
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of which the solution is given by a Gaussian

L )2
P(xi, t|Tq (), —W) : (S12)

Nt ex
)= l;[ V2mog(t —t) P ( 2uy(t — 1)

This gives us the likelihood term for movement in gene expression space where the diffusion time
along the branch t; :=t —t'.

SI.B.1.5 The full tree likelihood expression
Taking together Equations , 7 and (S12), we get an expression for the likelihood of the tree:

P(D|T,t) = H/d:cgl.../dxgn [ 11 \/%agieXp <_(Ig20§‘g)>

i in cells

1 Tgi — Tgn(j))> (S13)
% H exp <_( 97 a7(i) ) .
j€nodes V 27Tvgtj 2vgtj
j#root

It is important to note here that the set of cells is a subset of the set of nodes. Every cell ¢ has an
associated node with coordinates x4; that will show up in the first term, but these will also show up
in the second term.

Practical note: the likelihood is independent on the choice of root. Because we took a
uniform prior over the root position, and because the expression for the likelihood of movement is
symmetric in ; and @ (;), we have the following identity

P(:Bj |ZB7T(j), tj)P(CBW(j)) = P(iL‘,T(j) |£Bj7 tj>P(1:j). (Sl4>

As a result, we can always designate another node as the root without affecting the tree likeli-
hood. We will use this freedom to choose the root node in several derivations and computational
implementations.

SI.B.1.6 The tree likelihood for other types of data

Although we have focused the discussion above on single-cell RNA-sequencing data, the equations
for the tree likelihood generalize to other types of data. Importantly, the assumptions about the
data that we have made above should hold, in particular

e We should be able to ‘normalize’ the data such that each cell or sample can be described
by coordinates z,4;, and the likelihood of the data can be well-described by a multivariate
Gaussian distribution in these coordinates with negligible covariance (analogous to Eq. )

e The prior likelihood of moving from @ ;) to @; in these coordinates can be described by a
Markov process in which we do not expect discontinuous jumps.
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Once these assumptions are met, the rest of the derivations presented here hold for any data type.
To facilitate a clean presentation, we will in the following borrow scRNA-seq terminology (e.g., gene,
cell, LTQ), and we leave it to the reader to translate these terms to analogs for their preferred data

types.

SI.B.2 Analytical solutions for the tree likelihood

In this section, we will analytically solve the integrals from Equation (S13). To facilitate this
derivation we will introduce several variable transformations, and I will give an overview of those
here.

Definition of variables used throughout this SI

Tree variables
e ¢;: the branch length (or diffusion time) of the branch upstream of node i.
e v,: the estimated total variance for gene g across the dataset

e x4 the true LTQ of gene g in node k. If the node-label & matches a cell-label 4, this
cell is associated with that node.

Observed cell variables

® [i4;: the mean of the Gaussian distribution describing the likelihood of the experimental
data given the log-transcription quotient (LTQ) of gene ¢ in cell 4. This mean is only
defined for cell-associated nodes.

° agi: the corresponding variance of the likelihood distribution.

012; the precision for gene g at cell 7, defined as the inverse of the variance.

gi

[ ] wgi:

e wy,;: the precision for gene g at node i when corrected for the uncertainty induced by
diffusing for a time ¢;.

Effective leaf variables

® [igr: the mean of the Gaussian distribution that describes the likelihood for the entire
subtree downstream of node k. This mean is thus also defined for nodes not associated
with a cell. Note that these effective leaf variables depend on the definition of the root
since this determines which nodes are downstream. If this is not clear from the context
this will be indicated by [igr(r), where r is the designated root.

® wgy: the corresponding precision for the effective leaf. The combination wy, indicates
the precision when accounted for the uncertainty induced by diffusion.

e C,(a): the set of leaves that are directly downstream of node a, conditioned on r
being designated as the root.
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SI.B.2.1 Solving the integral for the star-tree

We will first solve the integrals in Equation in the simplified case of a star-tree, which is the
simple tree where all cells have an associated node and these ‘cell-nodes’ are all connected to a single
root. Denoting the number of cells by |C/|, the star-tree thus has |C| + 1 nodes and |C| edges. Later,
we will show that we can use the star-tree result to solve the integrals for any tree. Denoting the
coordinates of the root-node by x4, the equations for the star-tree likelihood become

_ 1 (zgi — Tgr)? 1 (zgi — pgi)?
P(D|Tsar, t) = H [/ dz gy ];[/dxgz /727rvgti exXp <_ 20t; /7271-0—97; eXp | — 20’32‘ .

g

(S15)

The integral over z,4; can be done by completing the squares in the exponent and recognizing the
standard Gaussian shape. This gives

-1/2 (/v“i_x T)2
P<D|Tstar7t) = H/dxgr H (271’(1511}9 + 0‘21)) exp [_ Z m
g i g ! gi

. (S16)

It is useful to here introduce the ‘precision’ of a node, wy; =1/ ng’ which is defined as the inverse
of the variance in the posterior for the node position. We also define wy; as the precision corrected

for the uncertainty induced by diffusion over a time #;: wy, == 1/(tivy + Jgi). We can then write

the likelihood of the star-tree in terms of the distances from all the leaves to a center of mass

fogr = wi‘”“q where Wy, = Z wy;. We will derive this per gene first, and only afterwards take

the product Therefore, we drop the subscripts ¢ for now:

wn 1/2
w; 1
P(D|Tsar, t) = /dl‘,- H (2;) €xXp <_2 E w; (i — 337")2> .

Completing the squares in the exponent and re-writing gives
D wi (i — p)? = @ (w0 — fir)? — iy + Zw
i
= W, (@ — Jir)? + W2 — 20,02 +Zw*f 2
— fir) +Zw i — 2urzw uZ+Zw* 2
— [ir) +Zwi fir — 11)?,
i
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and inserting this gives
PO t) = [ 4, T] (;‘;)/ exp [“; (o =) = 5 3wl e mﬂ
= (27)~(CI=D/25—1/2 H (w?)? exp [_; Xi:wi*(ﬁr _ M)Q]
= (M) - exp [—; > wiir - ui)ﬂ :

For all genes together this becomes

_ _ Hiw*i 1z 1 * [ —
P(D|Tyar, t) = (2m)~GUC 1>/2H<w9> exp —izz%i(pgr—ugi)? : (S17)
g gr g i

Note that the dependence on the branch lengths ¢; enters through:

* .
_ _ 21 wgilu’QZ
Hgr = — y
wgr
. *
Wy = E Wi,
i€Cr (1)
1

*
w,. =
gt ) 20
thg—&—ogi

where we use the notation C,(r) to indicate the nodes directly downstream of r when the root is r.

SI.B.2.2 Summarizing a sub-tree in an effective leaf

We will here show that the contribution to the tree likelihood of a subtree consisting of one ancestor
(to) with several leaves as children, can be summarized by replacing this sub-tree by a single effective
leaf. This can be used recursively to reduce any tree to a simple star-tree consisting of a root
connected to effective leaves that summarize the different sub-trees. This provides an efficient way
of calculating the tree likelihood.

For deriving this, we will focus on the set of leaves downstream of an ancestor that we will label
a. Wihtout loss of generality, we can designate the node upstream of a as the root (r), because
the tree likelihood is independent of the choice of root. In the following, we will denote by C,.(a)
the set of children of ancestor a when r is considered the root. The sub-tree downstream of a we
will denote by Ty, and R will be the set of all nodes other than r, a, and the nodes in Tys. The
likelihood contribution of the nodes in R only depends on the position of the root r, such that we
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can gather this contribution in a term P({z € R}|z,,). We get

P(D|T,t) = H/dxgr

$ — X k 2
/dzga“ztvg gr ga) ) H Uiexp — w;k(xga*,ugk) ,

k€C,(a) keC (a)
(518)

P({z € R}|zyr)

where the integral over the leaf positions x4, was already performed. We will again do the derivation
for one gene at a time, so that we can drop the corresponding subscripts. As before, we can complete
the squares in the second exponent. We will denote the effective precision of the effective leaf
that summarizes the subtree downstream of a as @, := kec, (a) Wiy and the effective mean as
=L Ekec,.m) Wy Lk

a B , we get
1 1 (z, — z4)?
P(DI|T,t) = /da:r P{z e R}|xr)/dxa[ 51 g OXP <_2<tv))
W 1_ _\2 erC%(a) w;: 1 %[ — 2
X \/gexp (—210(1(% — fla) ) mexp 3 Z wy,(fia — k) .
keCyr(a)
Performing the integral over x,, we get
We 1 Wq —\2
P(D|T,t)= [ dz, | P RMzp )y | m———————— —— (% — [l
D10 = [ dny| Pz € By [t oo (g e o o)

[iec, () wi 1 _
m eXp | 735 Z w (fla — )’
keCyr(a)
We can see that the second line in this expression only depends on the sub-tree below a and not
on the root position z,. In fact, it is exactly what one would get for the likelihood of a star-tree
built from the leaves in C,.(a). We can expose this by writing the likelihood in a form that shows
that the subtree downstream of a is now just summarized by an effective leaf with position fi, and
an effective precision w,. Here, we recognize that this effective precision becomes wy, = H_t:’ﬁ
when accounting for the uncertainty induced by diffusion to node a. For easy reference, we here also
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write out all the definitions we used and re-introduce the product over genes:

P(DIT, t) = P(D|Ty(a / dxgr\/i

HkGCT(a) Wy, _
P(D|Tys(a),t) = | T] ‘(27T)|c?,?(a‘)\f1f,—f exp | —3 § Y whklugk — figa)®
g

( ;w;a (zgr — uga)Q) P{z € R}|agr)

9 keC, (a)
w
Wy, = ————
1+ t,v4Wgq
*
o ZkECT(a) WopHgk
Hga = —
Wyq
U}ga = E qu
keCr(a)

(S19)

In these expressions, we have denoted by P(D|Tys(a),t) the likelihood that we would get if the
sub-tree downstream of a would be the full tree.
SI.B.2.3 The loglikelihood of a general tree.

Equation (S19) shows that we can write the likelihood of a general tree in terms of the likelihood of
smaller sub-trees. This means we can now perform all the integrals for a general tree recursively. It
is useful to here collect the general expression for the resulting loglikelihood:

LDt = Y LDITw(k). ) — S(GIICr)| ~ 1)log(2r)

keC,(r)

1

+§Z S dog(wy) —log| D @l | = D ) (igr — figr)?
9 keCr(r) keC,.(r) keC,(r)

L(D|Tus(k), ) = > L(D\Tds(m)vt)—%(\Gllck(r)l—l)log(%)

meC, (k)

1
+ 5 Z Z 10g (m;m) - IOg Z U_};m - Z w;m (p’gk - ﬂgm)2
g meC, (k) meC, (k) meC, (k)
(S20)

In these equations we have written @}, , but it should be understood that if m is a cell-associated

node, this should be replaced by wy,,

gm>

Note on the factors of 27. By doing the accounting correctly, one can see that the number of
factors of —1|G|log(2m) will always be exactly the total number of observed cells minus one. This
is thus mdependent of the tree topology, and we can (and will) therefore leave out these factors in
the following derivations and in the computational implementation.
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Note on the influence of the gene variances v,. Recall that the diffusion rate for different
genes in the diffusion prior was scaled to the observed variance in that gene in the dataset, i.e., the
variance in the Gaussian prior for movement in gene expression space was t;v,. We can now see
how these variances influence the loglikelihood. The v, enter the expression through the effective
precisions wy, and wg,. These effective precisions take two different forms:

1

e for nodes associated with an observed cell we get: w*, = ————-.
gc tC’L)_q+G'gC

> ) Uy _ . ..
kSl _9E—  where Wy, are the effective precisions of
HtevVg Dkecy (o) Dok

e for internal nodes we get: wy, =

the child-nodes.

It is now useful to perform the following transformation of the means and variances for the observed
cells, i.e., of the raw input that Bonsai uses:
Ogc . Hgc
and fige = . (S21)
VY

ch =

5

As a consequence, we get E|

* 1 1 1 1~

° - i : = = = = = — .
for cell-associated nodes: wy, TovgT0%, = vy 1o (507 — vy Wae

- 1 = %
o _ Ykeop@ Wak  _ vg 2keC(a) War 1
ga L+tkvg Dopecy (a) Dok I+tk Yopec, (a) Wik vg - ga’

e for internal nodes: w

As a consequence, for the loglikelihood we get

L(D|Tv t) = Z L(D|Tds(k)>t) + % Z Z IOg(w;k) — log Z w;k - Z w;}c(ﬂgr - ﬂgk)2 ’

keC,.(r) g keC,(r) keCr(r) keC,(r)
L(D|Tas(k). 1) — S =15 . log (7;) — 1 i b (s — i)
Z ( ‘ ds( )7 ) - f Z Og(vg) + 5 Z Z Og(wgk) — 10g ngk - ngk(ﬂgr - /u'gk) )
k g g k k k

and similarly for the sub-tree likelihoods L(D|Tys(k),t). Just as for the factors of 27 we see that
the variances will add a term to the loglikelihood that is independent of the tree topology (only
scaling with the number of cells). We can thus, without loss of generality, perform this variable
transformation and after that discard the v,-terms, which is what we will use in the following.

Choosing a new root. We have pointed out before that the tree likelihood is independent of
the choice of root. This means that the recursive expression for the loglikelihood (Eq. (S20)) can
be written around any internal node. For this, it is important to realize that the definitions of the
effective mean and precision of node ¢ (wy;, fig;) depend on which set of nodes is downstream of this
node, which depends on the choice of root. When choosing a new root, we can use that the new
means and precisions can be efficiently computed from the old means and precisions.

31t is timely to here apologize for the combined usage of a bar and a tilde in this notation.
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SI.B.3 Optimization of the branch lengths

To learn the diffusion times, or branch lengths, that maximize the likelihood of the data, we will
optimize the branch lengths, t. For this optimization, it works best to use a quasi-Newton method
that uses both the loglikelihood and its derivatives with respect to all branch lengths. For this, it is
essential to have a fast way to calculate this loglikelihood and its gradient.

In section we derived that we can summarize the likelihood contribution of any sub-tree
by replacing it by an effective leaf. We will now use this to calculate the derivative of the loglikelihood
with respect to one of the branch lengths, t;. We start by picking the corresponding edge (let’s
say it connects nodes ! and k) and we summarize the sub-trees downstream of [ as seen from node
k, and vice versa. Here, we can denote the nodes neighboring k without node [ as C;(k), and the
converse by Cj(l). The likelihood (again for one gene) becomes:

1 T — Xy 2
P(D|T,t) = H P(D|Tys(m), 1) /dxkdl'l\/mexp <_(2tk))
meC; (k)UC (1) (S22)

0 1 0 1
XA/ % exp <—2wk($k - Mk)g) \/ % exp <—2wl($z - ,Ul)g)

Then performing the integrals, we get

1 = .)2
P(D|T,t) = H P(D|Tys(m),t) ———exp <_N> 7
meC (k)UCk (1) \/27T(tk + ot ) )
(523)
resulting in an alternative expression for the loglikelihood (up to factors of 2):

L(D|T,t) = S L(D|Tus(m), 1) —% log (tk + wik + }> ! (W‘“)Q) . (S24)

1 1
meC; (k)UCk (1) w ) 2 \tp+=—+ =

Wi w)
In this form, we can easily find the derivative w.r.t. t;:

OL(D|T,t) 1 1 <1 (ks — m)* ) '

o, 2+ =+ L1 tet =+ L

(S25)
This can be done for all branch lengths in the tree to get the full derivative.

SI.B.4 Optimally placing a new cell on an existing tree

During the tree reconstruction, we will at two points need a method for attaching a new cell to an
existing tree such that the resulting tree likelihood is maximized: in the SPR-moves (see ,
and in Backbone-based-Bonsai (see Methods). Here, we will therefore first derive an expression for
the change in likelihood when cell n with coordinates ji4, and uncertainty a;n is added to node
k with branch length ¢,,. We will again use that we can summarize the likelihood contribution of
any sub-tree by replacing it by an effective leaf, in this case by viewing the entire existing tree as a
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sub-tree downstream of node k. Learning from Equation (S24)), we get (for each gene)

LD|TUn,t)= | Y L(D|Tus(m),t) | - Diog (tp+ —+ =) -1 (e —n)® (S26)

) ds ) 2 g n Wy, D) tn i ; T 1 ’
meCy, (k) Wi Wn
while if cell n is not attached to the tree, we would only get the first term
LIDIT,t)= [ >  L(D[Tu(m),t)
meC, (k)

The loglikelihood change induced by adding cell n downstream of node k with branch length ¢, is

thus
1 1 1 1 (ﬂk_ﬂn)2
dL = —=1 t+—+— |-z | ————— . S27
20g(+wk+wﬂ> 2<tn+wlk+l (527)

W

Note that the derivative w.r.t. the branch length ¢,, is the same as in Equation (S25]), which we can
use for numerically optimizing the length of this attachment-branch.

SI.B.4.1 Strategies for finding the optimal attachment node

Now that we can calculate the loglikelihood change of adding cell n to a specific node in the existing
tree, we can start our search for the optimal attachment node. In the Bonsai-implementation, we
have added three possible strategies. First, one can simply exhaustively calculate the attachment
likelihood-change for all nodes in the existing tree and pick the best node. Clearly, however, this is
not feasible for large datasets if many cells need to be added.

Second, we can start at the root of the existing tree, and follow the tree-structure by always
following the edge that leads to the neighbor with the best attachment likelihood-change. To be
precise, we start at the root as the ‘current node’ and then search the tree like below. During this
search, we always keep track of the best attachment likelihood seen thus far, which we call dLqpt.

1. Calculate the attachment likelihood for the current node dLcurr. If dLcurr > dLops, then we
update this value.

2. Calculate the attachment likelihood for all neighbors of the current node, dL;.

3. Continue the search at step [I] for all neighbors that are within a tolerance A of the best
attachment likelihood seen so far, i.e., whenever dL; > dLop — A.

Following this procedure, we search the tree, starting at the root, by following all paths that maintain
a high enough attachment-likelihood, as defined by the tolerance, A, which can be set by the user.

As a third strategy, we can start this same search from several starting points to ensure that our
tree-search does not get stuck in local minima. To be precise, we use our minimal-distance-based
clustering described in the Methods-section, to find log(n) cluster-centers spread over the tree, where
n is the number of nodes in the tree. We then follow the search described above from each of these
cluster-centers, and only use the best attachment node that is found.
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SI.B.4.2 Attaching the new cell to an edge

In the above, we have only calculated the loglikelihood change when the new cell was attached
directly to a node, but it is of course possible that the likelihood is maximized when the cell is
attached to an edge. Indeed, by attaching the cell to its optimal attachment node, we create a
polytomy at this node, since it already had at least three connecting nodes. We therefore always
follow a cell-attachment by resolving this newly created polytomy according to the general method
that we will describe in Section [SL.C.3l

SI.C Finding the tree with maximum posterior

In Section [SI.B] we have derived an expression for the likelihood of the data given a single tree.
However, we are interested in finding the tree with maximal posterior probability. For this, we
should first choose a prior distribution over tree topologies and branch lengths, which we will just
take to be uniform. Therefore, we get

P(T,t|D) x P(DI|T, ). (S28)

Finding the most likely tree thus boils down to finding a tree that maximizes the likelihood of the
data. We have already mentioned that we can maximize the branch lengths for a given topology
using the gradient derived above, so the problem remains to find the best tree topology. However,
the number of possible tree topologies is extremely large, and it is computationally infeasible to
do a brute-force search for the maximal tree. Therefore, we will use the following scheme which is
based on tree space search strategies learned from phylogenetics.

1. Start from a star-tree

2. Tteratively add the most likely internal node
Further resolve polytomies

Optimize branch times

Perform Subtree Prune and Regraft (SPR)-moves

Interchange nearest neighbors

A A o

Optimize branch times a final time

On the following pages, I will explain the separate steps.

SI.C.1 Start from a star-tree

To start, we create a leaf-node for each cell, and connect these leaves to a single root-node. We thus
have a tree with |C| + 1 nodes, and |C| edges. For this tree, we can calculate the loglikelihood and
its gradient with respect to the branch lengths, which we use to do a first optimization of these
branch lengths.
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SI.C.2 Iteratively add the most likely internal node

Starting from the star-tree, we use a tree space search strategy loosely based on the popular
‘Neighbor-Joining’ heuristic [23]. For a pair of leaves in the tree, we can propose to add an ancestor
between the root and the leaves (see Figure [S38B). The new tree would then have |C| — 2 leaves
connected to the root (r), while the other 2 leaves are connected to an ancestor a, which is in turn
connected to the root. We here search for the pair of leaves for which adding an ancestor increases
the likelihood most. We will describe below (Section how to calculate this increase in tree

likelihood.
A) leaf i B) leaf i C) /’ leaf i

/
/

/proposed / effective
node a leaf a
\\ \\
\\ . \\ .
@ leafj ~@leafj
root r

leaf j
root r

Figure S38. The iterative procedure of adding internal nodes to a star-tree. A) The
iterative procedure starts from a star-tree in which all leaves are connected to a root-node. B) We
can calculate the increase in tree likelihood that would result from adding an internal node to any
pair of leafs. Here, we would add node a upstream of leafs i and j. Once we pick the optimal
internal node to add, we can summarize the likelihood of the subtree downstream of a in the
properties of an effective leaf a. Viewed from the root, we thus have a star-tree again, such that we
can start again from A).

After this ancestor is added, we can summarize the newly created subtree in an effective leaf for
the ancestor a, as described in Section (see Figure )) In this way, we have created a
star-tree again and we can again search for the best pair of (effective) leaves to merge into a new
ancestor. This is repeated until either the root has only 3 children left, or when no pair can be
found that increases the tree likelihood.

SI.C.2.1 Finding the ancestor that increases the likelihood most

We want to calculate the likelihood increase of merging a pair of leaves k, [ into an internal node a
that connects to the root r. We thus want to calculate the likelihood for the tree Ti,erge Where this
ancestor is added, and compare it to the likelihood of the tree T, without the added ancestor. In
the following, we will again use that we can summarize subtrees in effective leaves (Section ,
and we will denote all leaves other than k,[ as a set R.

The likelihood for T,yg. It is convenient to summarize the subtree (Tr) comprising the root
and all leaves other than k,[ into an effective leaf. We get a star-tree with three leaves:

P(D|Torig, t) = P(D|Tg,t)

Vwi wr ol 1, ., . _ _
x [ o lH o (—2 (Wi (r = )+ wi (e = pu)* + 0f uf)Q)ﬂ ’

(27)3/2
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where pff = w and wk = > icrw;. We also need to be explicit about the time-dependence
of the precisions, we have w}_,, = m, and similar for w;_,;. We have here written ¢, to
distinguish it from the branch length ¢,_,; that we will introduce later. Using the expression for the

star-tree loglikelihood we get

1 * * _ * * _
L(D|Toyig, t) = L(D|Tg,t) + 3 [log(wrﬁkwrﬁlwf) — log(wrﬁk +w'_, + wﬁ) (529)
i = ) = w0l (i = ) = o — )]

The likeilhood for Tierge. When we do merge the leaves £, into an ancestor a, it is best to
designate the new ancestor as the new root. The likelihood then takes a very similar shape, although
the term w,” is replaced by w}_,,. = m to account for the added diffusion time from the root
to the ancestor:

P(D|Tmerge, t) = P(D|Tg,t)

Wk Wa—s1Wasr Lo s . . _
X /d.’Ea [ ?2ﬂ)372 e exp (_2 (wa%k(l.a - /j‘k)2 + wa%l(xa - /1’1)2 + wa%r(xa - uﬁ)Q))] .

Performing the integral gives

1 * * * * * *
L(D|Tm€rg67 t) = L(D|TR7 t) + 5 [log(wa%kwa%lwaﬁr) - ]'Og(wa%k + We—s1 + wa%r) (830)

- w;‘%k(ﬂa - Mk>2 - wZHl(/ja - :ul)2 - w;—)r(ﬂa - ﬂf)ﬂ

The increase in loglikelihood. Combining Equations (S29) and (S30)), we can calculate the
increase in loglikelihood caused by merging leaves k,[ into an ancestor:

ALy = L(D|Timerges t) — L(D|Torig, t)

1 * * " . . .
- 2 Z [IOg(waﬁkwa%lwaﬁr) — log(wg . + wg s + w5 )
g

_ * — S31
— log (w:ﬁkw:%lwﬁ) + IOg(w:ak T Wy + wﬁ) (S31)
— Wy, (Fa — Mk)z — Wy (fla — :ul)2 — Wy, (fla — ﬂﬁ)Q
* — 2 * — 2 —R/- —R\2
+wr~>k(:u’7“ _ﬂ’k) +wr—)l(ur _/j’l) + W, (/’LT _:u"r) :|’
where we thus have the following differences between the two tree topologies:

w = w, = ———

ok to—sk + 0']% Tk tr—k + 0'1%
1 -R
Ve SireE T (532)
T
1, = Wamklt T Wo i+ Waellr 1, = Wrokbh Wt 0
a — T

* * * * * *
We sk + Wq 1 + We—ypr Wk + Wy 1 + Wq—r
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Optimizing the branch lengths after the merge. Adding an internal node to the tree could in
principle change the optimal branch lengths across the whole tree. However, performing a tree-wide
branch length optimization after every proposed merge would quickly become computationally
infeasible. Therefore, we assume that the optimal branch lengths are well-approximated by only
optimizing the branch lengths in the subtree that is changed, i.e., we only optimize t, sk, tq—s1, tasr
for calculating ALy ;.

In addition, since we will iteratively add more and more ancestors to the tree, there is a large
chance that the branch length t,_,, will have to be re-optimized later, either because another
ancestor (a’) is added upstream of a so that we optimize a branch length ¢,/ _,,, or because t,—,
simply becomes sub-optimal because the root changes position when merges are done in different
parts of the tree. The same does not hold for the connection between the merged leaves k and [. As
a result, it turns out that our tree-reconstruction yields the highest likelihood trees if we do the
following time-optimization scheme:

1. First we optimize the sum ¢, + t,—; by assuming that the ancestor a is not attached to the
root. This will ensure that the sum of these times (which will thus not change in the following
steps in the iteration) is optimized to capture the distance between the leaves k and .

2. Then optimize all three times t,—k,tq—1, ta—, While constraining the above sum.

SI.C.3 Further resolve polytomies

In the previous step we have iteratively merged pairs of child-nodes of the root into new ancestors,
until no pair could further increase the tree likelihood. It turns out, however, that this procedure
can result in downstream nodes that have more than 2 child-nodes, so-called polytomies. This for
example happens when first an ancestor a is added upstream of leaves k and [, and then another
ancestor (a') is added upstream of a and a leaf m, but the optimal times are such that ¢, —, = 0. Of
course, an edge with zero length doesn’t change the likelihood of the tree, so we can remove the node
a and directly connect a’ to k, I, m. Since this tree results from an optimization, this configuration
is indeed the best given the root-position at that point in the optimization. However, later in the
iterative optimization, the root-position may have changed enough to warrant reconsideration of
the topology a — k,l,m. This turns out to be often the case. Therefore, we add a step in the
procedure where we go over all nodes that still have more than 2 child-nodes, and we greedily add
the ancestors downstream of these nodes that are mostly increasing the likelihood. Note that the
necessary calculations are exactly the same as in the original merging procedure (Section ,
except that now we don’t only consider the children of the root for merging, but also the children in
other polytomies.

SI.C.4 Optimize branch lengths

Since in the iterative procedures above, we only maximized the branch lengths directly connected
to the new ancestor, we may have drifted away from the global optimum for all branch lengths.
Therefore, we do another round of gradient-based optimization of all branch lengths (see Section
SI.B.3)).
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SI.C.5 Subtree pruning and regrafting

In phylogenetic tree reconstruction, tree moves are often used to search the tree space. These moves
change the tree topology after which a new tree likelihood is calculated. An often-used tree move is
the Subtree Prune and Regraft move. In this move, we pick a node and detach it from the tree,
thereby also removing the subtree that hangs downstream from the node (Subtree Pruning). Then,
this subtree is attached somewhere else in the tree (Regrafting).

SI.C.5.1 Pruning a subtree

In Bonsai, we have implemented two strategies for picking the subtree that is pruned. First, we can
pick a random node and detach its downstream subtree. Second, we order the nodes by the length
of their upstream branch, and then sequentially try to prune and regraft the subtrees downstream
of these nodes. This strategy is based on our finding that nodes that are connected through a
long upstream branch are typically least sure about their position on the tree. Indeed, the long
branch signals that the gene expression is dissimilar between the two nodes, and there may thus be
a position where this subtree fits better. In the current Bonsai-implementation, we use the second
strategy by default.

SI.C.5.2 Regrafting the subtree

For re-attaching the subtree, we summarize the subtree as an effective leaf as described in [SLB.2.2]
and then follow the strategy outlined in [SI.B.4] to optimally place this subtree back on the resulting
tree.

SI.C.6 Interchange nearest neighbors

Another well-known tree move is a so-called Nearest Neighbor Interchange (NNI). In this move, we
pick an arbitrary edge in the tree that is not connected to a leaf, let’s say the edge connects nodes k
and [. We then consider the sub-trees connected to the nodes k and . In a fully binary tree, i.e.,
a tree without any polytomies, we would always have 4 sub-trees. Now an NNI-move consists of
reconnecting these 4 sub-trees in different ways. For example, if subtrees T4, T were downstream
of k and T, Tp downstream of [, an NNI-move could connect T4, T to one node and Tg,Tp to
another. The nearest-neighbors of these sub-trees have thus been interchanged.

The trees that are reconstructed by Bonsai often have polytomies, so we need a way to generalize
this NNI-move to having more than 4 sub-trees. We chose to do this by doing the following:

1. We pick an arbitrary edge that connects two internal nodes, say k and .

2. We remove the edge and node k by taking all sub-trees that were attached to node k and
attach them to node I.

3. We now consider the node [ as the root of a star-tree. We can now apply the same procedure
of iteratively adding ancestors as described in

It can be seen that this is a generalization of the NNI-move in the case of 4 sub-trees. In that case, we
can maximally add one ancestor, and all possibilities are to group the subtrees as (T4, T5), (Tc,Tp),
(Ta,Tc), (T, Tp) or rather (T4, Tp),(Tr,Tc).
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Randomly interchanging nearest neighbors. To make sure we are not getting stuck in a local
optimum, we do several rounds of random NNI-moves. We follow the steps as outlined above, but now

we randomly pick a pair of child-nodes for which we add an ancestor. This random choice is weighted
P(D|Tmerge q,rs5t)
ijec,(ty P(DlTmerge i,j:t) "

by the tree likelihoods, such that the probability of merging ¢, is py,, = =

Greedily interchanging nearest neighbors. We end by performing NNI-moves in a greedy
fashion. That is, we determine the loglikelihood increase that an NNI-move would bring for every
edge in the tree and perform the NNI-move that maximizes this increase. This is repeated until no
NNI-move significantly increases the likelihood.

SI.C.7 Optimize branch lengths a final time

Again, in the NNI-moves, only the connected branch lengths are optimized. We therefore do another
round of branch length optimization to end with the tree that is most likely to describe the data.

SI.D Speeding up the tree reconstruction

Current single-cell datasets can have over 10 million cells, a number that can even complicate running
a method that scales quadratically in this number. The above described Bonsai implementation
needs to compare the loglikelihood increase for merging all pairs of cells at every addition of a
new internal node. Since the number of internal nodes that will be added is also proportional to
|C|, and because the calculation of one loglikelihood increase scales with the number of genes |G|,
the computational scaling is O(|C|?|G|). This is clearly problematic. In this Section we show two
computational tricks that speed Bonsai up to a manageable scaling.

SI.D.1 Calculating upper bounds for merging likelihoods given a change
in the root’s position

In the tree reconstruction procedure, we repeatedly have to calculate the likelihood increase upon
merging pairs of leaves into an ancestor. In every iteration, we calculate the likelihood increase for
merging many possible pairs, but only one of these pairs leads to the largest likelihood increase,
say pair m,n. We will thus only merge the maximal pair m,n into a new ancestor. Because this
merge will influence the position of the root, Equation (S31|) shows that this will also affect the
loglikelihood increase due to merging all other pairs of leaves. In principle, all calculations should
thus be repeated.

However, Equation (S31) also shows that adding an ancestor somewhere else will only affect
the likelihood increase for pair (k,l) through the effective position and precision of the root
when accounting for all other leaves, i.e., through jiZf, and @wZ. In turn, these depend on the
effective position and precision when accounting for all leaves via if = % and
wh = w, — wj, —wj. We can therefore try to estimate an upper bound on what ALy ; can maximally
become given a certain amount of movement in the root position. For this, we will first compute a
linear approximation of ALy ; as a function of (fi,, w,). Then, we will take an ellipsoid-region around
the current ([, w,) and calculate the maximum for the linear approximation in this region. This, we
will use as an upper bound for ALy ; as long as the effective root position does not leave the ellipsoid
ball. When it does leave the ellipsoid ball, we should recalculate the upper bounds. Note that this is
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not a strict mathematical upper bound, because the values of AL ; could be underestimated by the
linear approximation, but this underestimation will be very small because for small ellipsoid regions
this linear approximation will be very good. Even stronger, any underestimation will be completely
offset by the much larger overestimation we do by taking the maximum in the ellipsoid. Indeed, for
calculating the maximum we will assume (see below) that the root position and precision travelled
to exactly the right point at the border of a very high-dimensional ellipsoid. Since this will happen
only with probability zero, we will in all real cases overestimate the possible ALy ;.

A linear approximation of ALy ;. To get the derivative of ALy ; with respect to i, and w,, it
is convenient to re-write the expression for ALy ; using the following identity:

2
Zwl (,Ufi - Zf?;?) = le Z wiw; (s — p)°. (S33)
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Using this, we get
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The derivative with respect to ji, is given by
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Let us now denote the original position and precision of the root by the usual fi,., and w4, and
the movement in these variables by /' and £;’. With the above derivatives we then get the linear
approximation:

ZaALkl aA klfw

ALkJ(ﬂgT + gga Wyr + gg ) — AL ( ) /Lgra ng of g
gr

(S37)

g

Choosing ellipsoid regions around the root position and precision. The above linear
approximation allows us to estimate the increase in loglikelihood given a certain root movement
(€4,€y). We now want to constrain the allowed movements to a certain ellipsoid around (fig;., W)
to be able to estimate an upper bound. It is important to note that the validity of the upper bound
will not depend on the choice of the ellipsoid. This choice will however determine for how many
steps the upper bound will remain valid. We thus want to pick the ellipsoid such that the root
position and precision remain within the ellipsoid for as many steps as possible, while still allowing
for a tight upper bound.

It is a reasonable choice to assume that the change in root position upon merging two leaves
into an ancestral node scales with the standard deviation in the current position of the root and the
current number of children of the root (n.), i.e.:

1

&l ox ngr. (S38)
The reasoning behind this is that z,4. is the weighted average of the positions of n. positions, and
we know (when subtracting the mean) that x4, ~ N(0,0% = W) If we make the approximation
that the weights are all the same and that the original positions are drawn from some Gaussian,
we get that these individual positions must be distributed as x4 ~ N (0, o? = %) Now, we are
taking two of these x4; out of the average and we add more or less the average of the two. We want
to know the distribution of the change:

1
gy = Zatm Tt sln ) sl tem) (o L) g L)
g T, -1 N, 4n Wyr 2N, Wgr
For a typical change in root position, we therefore expect £ to scale according to (S38]). Therefore,

we pick the dimensions of the ellipsoid to follow the same scaling.
Similarly, for the change in root precision, a good assumption is that it will scale as
€Y o 22 ($39)

e

because we know wg, =), w;. Removing two of these w; and replacing it by one precision for the
wg'r‘

ancestor, we can approximate §;’ oc 2.
c

In addition, we would like the root to remain in the ellipsoid for a certain number of merges
(Nsteps). We here assume that the root position follows a random walk in each gene-dimension with
steps in both the positive and negative direction. This would lead to a scaling of £} o | /Misteps- In
contrast, the root-precision will only decrease when child-nodes are merged, so there we expect
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5;“ X Ngteps- We thus get
Nt Nst W g
&l oc /ﬁ and &y o< % (540)
cWgr c

Taking this into account, we choose ellipsoids for the position and precision as

B, = {5g| ZW<55)2<1},
g

Nsteps

2
E, = {g;;’ | Z# (€)? < 1}.
g

gr'"steps

(S41)

Note that with the ngeps parameter we can tune the size of the ellipse, and with that, the trade-off
between for how many steps the upper bound can be used and how tight the upper bounds are.

The final expression for the upper bound. Let us now introduce new variables

new n
Bopy = [ = en < w . 542
<ng ng ) ( nsteps gg wgrnsteps fg ) ( )

E, = {175 | Z (7]5)2 < 1} and E, = {7);" | Z (7);“)2 < 1} (543)

For any (¢£#,€Y) € E,, x E,, we get that the linear approximation becomes
9°5g w

We then get
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We can now recognize this as a dot product when we define the vectors v/ = TIM‘ / % and
gr cWgr
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in the ellipsoid by picking 7/ of length 1 and in the direction of v}, and similarly for n;’. This yields

_ _ w _ _ aALk,l Nsteps
ALpi(Rgr + &4, Wgr + &) — ALk (Rgr, Wyr) < ‘ i \/E +

. This means we can get an upper bound for the possible loglikelihood increase
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Using the upper bound information. To use the upper bound information to speed up the
tree reconstruction, we will follow the following steps:

1. We will in the first round of adding an ancestor calculate the maximal loglikelihood increase
for all pairs ALy, and a corresponding upper bound ALE}? for a given ellipsoid size set by

nsteps .

2. To prepare for the next round, we make a list of all pairs, sorted in decreasing order for their
upper bound. These upper bounds were thus calculated for the original root-position and
-precision: (g2, w?).

3. In the next round we calculate the true loglikelihood increase given the new root position and
precision: (fl,w?) for the first pair in the list. For this pair, we thus estimated the largest
upper bound for its loglikelihood increase. We compare its true loglikelihood increase with the
upper bound for the second pair in the list. If the loglikelihood increase for the first pair is
larger than the upper bound of the second pair, we know that we have found the best pair to
merge. We can add the corresponding internal node and move on to the next round. If not,
we proceed to calculating the loglikelihood increase for the second pair, and so forth until we
have found the best pair.

4. After each addition of an internal node, we need to re-calculate the root position and precision.
At that point, we test if these position and precision still fall within the ellipsoid region for
which we estimated the upper bounds. If not, we need to calculate new upper bounds in the
next round. In addition, for each new internal node, we need to calculate the loglikelihood
increase of merging this node to all existing child-nodes. We then also calculate upper bounds
for these new pairs and add them to the sorted list.

SI.D.1.1 Dynamically setting the ellipsoid size

It is hard to determine the optimal setting of the ellipsoid size (as controlled by the parameter
Nsteps ). Lherefore, in the Bonsai implementation, we monitor for every round how many pairs we
needed to check from the sorted list of upper bounds. If this becomes too large, we decrease the
ellipsoid size, as the upper bounds are not sufficiently tight. If the number of checked pairs is small,
we increase the ellipsoid size, because we can probably get away with performing fewer calculations
of new upper bounds.

SI.D.2 Limiting the number of candidate-pairs

Although the above described usage of upper bound estimates make sure we do not have to compute
|C]? increases in likelihood at every round of adding an internal node, it is still necessary to perform
this computation several times, i.e., every time that the root has moved outside of the ellipsoid. It is
therefore necessary to further reduce Bonsai’s computational footprint to run the largest datasets.

We will here use that, for every round of adding an internal node, we only need to find the best
pair of nodes to merge into an ancestor, i.e., we don’t need a full ranking of all pairs of nodes. We
therefore suggest to limit the search for the best pair by calculating the k nearest neighbors for
every node based on a simple Euclidean distance in LTQ-space. We have seen in Equation (S34))
that the precise loglikelihood increase for merging a certain pair of nodes is a complicated function
of the positions and the uncertainties on these positions for the two nodes and the root. However, it
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is clear that nodes that are close together and far from the root are likely candidates for having a
high loglikelihood increase. Correspondingly, a node-pair that is far away from each other is never
going to be the best pair to merge in the next round.

In practice, before the first round we calculate the k nearest neighbors based on Euclidean
distance for every child-node of the root, where k-values as low as 5 — 10 have been found to give
the optimal tree-reconstruction on simulated datasets. Then we calculate loglikelihood increases
only between each node and its nearest neighbors. The best pair of nodes is connected to a new
ancestor, and this new ancestor inherits the union of the nearest neighbors of its downstream nodes.
The nearest-neighbor relations are re-computed after a certain number of new ancestors has been
added (typically after 0.1|C| new ancestors).

It is important to stress that we use the nearest-neighbors only to find the one pair of nodes that
is most beneficial to merge, and for that we restrict our search to |C|k candidates. This is a safe
restriction to make, even though it is important to acknowledge that it is generally very hard to
capture the full structure of a dataset by calculating a nearest-neighbor graph, and that it is even
hard to correctly call nearest neighbors given the typical noisyness of single cell data. In other words,
the likelihood that the one best pair in the whole dataset is among the many nearest-neighbors that
we calculate is still very close to 1.

SI.D.3 The effect on Bonsai’s computation time

These computational advancements drastically reduce the computational footprint of the Bonsai-tree
reconstruction. In Figure 3 one can see that Bonsai scales sub-quadratically in the number of cells.

SI.LE Creating simulated scRNNA-seq datasets

We have tested the performance of Bonsai on various simulated datasets. In particular, in Figure
2, and Supplementary Figures [S2| we describe the results of Bonsai on simulated scRNA-seq
data. In general, the creation of such simulated datasets consists of two steps: 1) generating
ground truth values, and 2) adding realistic measurement noise to these ground truth values.
As explained in Section for scRNA-seq data, the true underlying physical variables are
the Log Transcription Quotients (LTQs). Step 1) of simulating the datasets thus consists of
generating an LTQ vector for each cell, while step 2) comprises simulating measured mRNA
counts given these LTQ values. Whereas the first step depends on the simulator’s choice of
what is a reasonable way to mimic a true dataset, there is a principled way of performing the
second step. We will therefore first describe the second step, which remains the same across
the seven simulated scRNA-seq datasets, and then describe how the LTQs were generated for
the different datasets. Note that the simulation scripts can also all be found in the GitHub-
repository (https://github.com/dhdegroot/Bonsai-data-representation [24]) in the subfolder
paper_figure_scripts_and_notebooks/simulating_datasets!

SI.LE.1 Sampling mRNA-counts given LTQ-values
Remember that the LTQs are defined as

—1o <mg0>
Lge = log <Zg/ <mg’c>> s (846)


https://github.com/dhdegroot/Bonsai-data-representation
paper_figure_scripts_and_notebooks/simulating_datasets
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This means that exp (zg.) = % To get a realistic estimate of the sum of expected mRNA-
g’ g'c

counts that appears in the denominator, we chose to just sample the sum of mRNA-counts per cell
from a real dataset, specifically a human pancreatic dataset by Baron et al. [25]. In this dataset, the
mean total mRNA-count per cell is 5828, but it varies from 1201 to 34 509. Once we have picked
a total count (N.) for each cell and use it as a proxy for 3 ,(mgc) we get Neexp(zge) = (myge),
so that now the expected mRNA-number is fixed for each gene and each cell. As mentioned in
Section and in [3], and as experimentally proven in [16], the true counts are then Poisson
samples with these given means. Thus, for every gene-cell pair, we sample a count, ng., from a
Poisson distribution with mean N, exp{x4.}. These counts ny. are the data on which we can now
test Bonsat, and the LTQs x4, are stored as the corresponding ground truth information about the
cells” gene expression states.

SI.LE.2 Simulating LTQ-values for each cell

We chose to simulate 7 datasets, 6 of which are based on an underlying tree structure, while the other
mimics a dataset with 7 strongly separated celltypes. The reason that we based six datasets on a
tree structure is that trees provide a way to create non-trivial structure in high-dimensional datasets,
while other sampling schemes often result in equidistant data points. The first simulated dataset
is based on a binary tree with constant branch lengths, after which we generate more datasets by
1) sampling varying branch lengths, 2) creating an unbalanced tree, 3) enforcing a realistic lower-
dimensional covariance structure, or combinations thereof. These simulations can all be reproduced
using the script paper_figure_scripts_and_notebooks/simulating_datasets/simulate_unba
lanced_randomtimes_realcovariance.py that can be found in the Bonsai-data-representation
GitHub-repository [24]. The basic ingredients for the simulated datasets are:

e All simulated datasets will have 17499 genes, and 1024 cells.

e For each gene, we pick a random gene from the Baron-dataset |25], and use its corresponding

mean log-transcription quotient, here estimated as py = log (%)
g’ Vg’

e In the extensive analysis done in [3], it was noted that the gene variances in the Baron dataset
were roughly exponentially distributed with mean 2. For the simulated datasets, we therefore
randomly sample a gene variance, vy, from an exponential distribution with mean 2 for each
gene.

SI.LE.2.1 A binary tree with constant branch lengths

To simulate the generation of gene expression states along a binary tree with constant branch lengths,
we take the following steps:

1. We assign the zero vector of length 17499 as the root coordinates: y,,.. = O.

2. To generate the coordinates for the two children of the root, we sample a change in gene
expression for each gene from a Gaussian distribution with variance tv4, where the branch
length ¢ is always equal to 1 in this dataset. The two child-nodes of the root are thus given
coordinates Y.piigo = Yroot T 00, A Yepiia1 = Yroot + 01, Where the gene expression changes
dog are drawn from a Gaussian distribution with variance vg.


paper_figure_scripts_and_notebooks/simulating_datasets/simulate_unbalanced_randomtimes_realcovariance.py
paper_figure_scripts_and_notebooks/simulating_datasets/simulate_unbalanced_randomtimes_realcovariance.py
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3. We repeat the previous step for 10 generations. For example, we generate coordinates for the
child-node downstream of child 0 as Y uj1q00 = Yo + 000- As such, we end up with 1024 cells in
the last generation. For the simulated dataset, we only take the coordinates of the cells from
this last generation.

4. Now that each cell in the dataset is assigned a coordinate vector, we ensure that the means
and variances are realistic for gene expression data. For each gene, we center the data by
subtracting the mean across cells, after which we rescale the coordinates such that the variance
becomes the prescribed variance vy, and add pg to match the prescribed mean.

5. Finally, the definition of log-transcription quotients demands that for any LTQ-vector, x, we
have > exp(z,) = 1. We thus subtract a constant for each cell’s LTQ vector that ensures
this.

Given the simulated LTQ-values per cell, we now sample the captured mRNA counts as outlined in
Section [SLE.]]

SI.E.2.2 Varying branch lengths

For the dataset based on a tree with varying branch lengths, we follow the same steps as for
the simple binary tree, except that the gene expression changes are not drawn from a Gaussian
distribution with variance 1v4, but with a variance t;v4, where ¢; is independently drawn for each
new child-node. We draw these branch lengths between 0.5 and 2, and uniformly in log-scale, i.e.,
log(t;) € Unif[log(0.5),log(2)]

SI.E.2.3 An unbalanced tree

To create a dataset based on an unbalanced tree, i.e., a tree with different numbers of leaves on
different sides of the tree, we modify the scheme outlined in [SLE.2:1] because we will no longer add
two children to every internal node for 10 generations. Instead, we create a list of leaf-nodes, which
we initialize with only the root-node. Then, at each step, we take a random leaf-node from the list
and make it an internal node by adding two child-nodes downstream of it. These two child-nodes
then also replace their parent in the list of leaf-nodes. We repeat this 1023 times, such that 1024
leaves are created.

SI.E.2.4 A tree embedded in a lower-dimensional subspace

In two of the datasets, we mimic the covariance structure of a real scRNA-seq dataset. This is
to address the possible criticism that the above-created datasets were created by an independent
stochastic process in each gene, while in a real dataset, the gene expression changes may occur in a
lower-dimensional subspace. This could create a non-trivial covariance structure between the genes,
and we want to test with this dataset if Bonsai can still reconstruct a faithful representation despite
that.

To find a realistic covariance structure between genes, we start by taking the Baron dataset
again [25], and we infer the log-transcription quotients (LTQs) for this data using Sanity [3]. Since
Sanity infers a Gaussian approximation of the posterior distribution of the LTQs, we get the most
realistic LTQs by sampling from this Gaussian posterior. We therefore sample an LTQ-value for
every gene-cell-pair from the posterior distribution, getting realistic LTQs in a matrix Xg.. We
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center X . by subtracting the mean LTQ per gene to get X'gc, and then perform a singular value
decomposition to get matrices Uy, ok, Ver, that satisfy for all gene-cell-pairs:

Xoe =Y UgrorVik. (S47)
k

sim

We now want to create an LTQ-matrix X ge  that results from a ground truth tree-structure, and
that has a similar covariance structure as X,.. For this, we are using that the columns of Uy, contain

the PCA-components in gene-space, and that % captures the variance along the k-th component.
In the following, we will keep these two components the same. In contrast, the columns of Vj,
contain the coordinates of the cells in the PCA-basis. We will simulate a matrix V;I by modeling
diffusion along a binary tree. This is thus the same as in Section [SLE.2.1] except that now the
diffusion happens in the PCA-basis rather than in the gene-basis. Given the resulting cell-vectors in
the PCA basis, we scale each component to have a variance of \%EI’ after which we left-multiply with

Uygr. to rotate the simulated vectors back from the PCA-basis into the gene-basis. The resulting
dataset, by construction, has the same covariance structure as the original real dataset.

SI.E.2.5 A pseudo-bulk-based dataset

To create a simulated dataset not based on a tree, we start by taking a single-cell dataset of the
mouse cortex and hippocampus (Zeisel et al. [26]), of which the cells were annotated into 7 clusters.
We create so-called pseudobulked counts by summing all mRNA counts for cells from the same
celltype. We thus obtain 7 mRNA count vectors, one for each celltype, on which we run Sanity
to obtain the corresponding ‘celltype LTQs’. Subsequently, we assign each of the 1024 simulated
cells to one of the 7 celltypes in proportion to the abundance of the celltype in the original dataset.
The final cell-type abundances range from 34 cells for the rarest to 320 cells for the most abundant
celltype. We then create the LTQs for each cell by taking its celltype-LTQ vector and adding
a contribution drawn from a Gaussian with variance 0.05. This small amount of intra-celltype
variation is to be expected in biological datasets, and ensures that the kNN-test presented in is
well-defined. Finally, we again ensure that the LTQs satisfy the constraint ) exp(zy) =1, and we
sample the mRNA counts as described in

SI.F Creating more general simulated datasets

In Section [SLE] we describe how we simulated scRNA-seq datasets including the sampling of
mRNA counts. However, we have also used three test datasets in which we directly simulated the
input coordinates that were given to the various visualization methods that we test. We will here
shortly outline how these data were simulated. The simulation scripts and the necessary commands
to run them can also all be found by reading through the Jupyter Notebooks provided in the
GitHub-repository (https://github.com/dhdegroot/Bonsai-data-representation/[24]) in the
subfolder paper_figure_scripts_and_notebooks.

SI.F.1 Noise-free datasets with increasing dimensionality

Using Figure we argued that distances between objects can be captured better and better
at increasing dimensionality. For this figure, we simulated a set of datasets with 100 objects in


https://github.com/dhdegroot/Bonsai-data-representation
paper_figure_scripts_and_notebooks
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either 2, 10, 100, 1000 or 10000 dimensions. For each gene, we sample a gene-variance v, from
an exponential distribution with mean 2. Then, for each cell, we draw a cell-variance t. uniform
in log-scale between 0.1 and 10, i.e., logt; € Unif[log(0.1),log(10)], after which we rescale all the
t; such that 1—50 211201 t; = 1. Finally, we just draw the coordinate for object i and gene g from a
Gaussian distribution with mean zero and variance ¢;v4,. These coordinates are stored as the input

to Bonsai.

SI.F.2 Noisy datasets with an increasing number of objects

Through Figure we showed that tree-structures can automatically use nearby cells to get more
accurate distance estimates in noisy datasets. For this, we will use the 100 points in 100 dimensions
from the simulation in as cluster-centers; these will correspond to the true positions. Then, we
mimic having noisy readouts from these cluster-centers by creating either 1, 2, 5, 10, or 20 objects
around each center, thus creating in total 100, 200, 500, 1000 or 10000 objects. The measured
coordinates of these objects are given by the cluster-center-coordinates plus a noise term drawn from
a Gaussian with variance 2.5. When Bonsai is used to reconstruct a tree and infer the distances,
it is given the measured coordinates and the correct size of the measurement noise as input. The
inferred object-to-object-distances are compared to the distances between the true positions, i.e.,
between the cluster-center-coordinates.

To make the task of inferring distances between objects perfectly comparable across the datasets
with increasing numbers of objects, we use random seeds. In this way, we make sure that the first
object around each cluster-center always has the exact same coordinates in each dataset, that the
second object around each cluster-center has the same coordinates in the last 4 datasets, and so
on. The distance-comparison presented in Figure is done only on the distances between the
first objects around each cluster-center, such that both the true coordinates (i.e., the cluster-center-
coordinates) and the measured coordinates are the same for the ‘test-set’ in the 5 datasets.

SI.G Tree visualization

Through Bonsai-scout, we offer an interactive dashboard with which the Bonsai tree can be
visualized and explored interactively. We will here shortly discuss some core aspects of the available
visualizations.

SI.G.1 Tree layout algorithms

In Bonsai-scout, we offer three layout-types that can be used to plot the tree in two dimensions: the
ladderized dendrogram, the equal-angle layout, and the equal-daylight layout. The full algorithms
can be found in the Bonsai GitHub-repository [24] in the file bonsai_scout/my_tree_layout.py.

The dendrogram layout may be the most common way to visualize trees and does not require a
description. We here choose to ladderize the dendrogram, which means that, from any node, we
choose to sort the branches form top-to-bottom based on how many leaves there are below those
branches.

The equal-angle and equal-daylight algorithm were proposed by Felsenstein in his excellent
book Inferring phylogenies on pages 578 to 584 [27]. These are circular layouts that are especially
suitable for unrooted trees like the one that Bonsai produces. The equal-angle algorithm works
well for trees of all sizes, and will never lead to crossing edges. The equal-daylight algorithm can be
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used to improve the equal-angle tree by more homogeneously distributing the leaves over the circle.
Although the equal-daylight algorithm leads to considerably better results for small trees, it can
become computationally intense for large trees, and can, in the implementation suggested originally,
even lead to crossing edges. We have re-implemented the equal-daylight algorithm to streamline its
computation and to avoid crossing edges, but on large trees the benefits are modest. Therefore, we
only offer the equal-daylight layout for trees with less than 2000 nodes.

SI.G.2 The interpretation of tree distances

It is important to note that distances between tree-nodes should always be measured by adding up
the branch lengths along the path that connects the nodes on the tree, rather than by measuring
the 2-dimensional distance between the positions of the nodes in the figure. This has a number
of consequences. First, as long as we keep the tree topology and the branch lengths fixed, we
can visualize the tree in different ways without changing the tree’s content. We benefit from this
by offering different tree layouts. Second, the tree is independent of the order in which branches
are connected to a node. For example, when a node has two downstream nodes, say A, and B,
the tree-likelihood is independent of ordering these as AB, or as BA, even though it affects the
2-dimensional visualization. To aid users in gathering intuition for the effects of these meaningless
changes, we offer a ”Layout tweaking”-tab in Bonsai-scout, where one can change the ordering of
downstream branches around a selected node.

SI.G.2.1 Distances in the dendrogram layout

One of the layouts that is offered in Bonsai-scout is the dendrogram layout. In the dendrogram
layout, it should be noted that vertical distances are uninformative for the actual distances between
tree-nodes. Indeed, in the dendrogram layout, distances should be measured by only summing
horizontal branch lengths along the path on the tree between the objects.

SI.G.2.2 Distances on a disk with hyperbolic geometry

For trees that have large variation in the branch lengths, it can be difficult to visualize the whole
tree while still being able to resolve details on a part of the tree. To accommodate this, we project
the tree on a hyperbolic disk on which distances near the edge of the disk get more and more
compressed. To offer the user some intuition for this, when we visualize a hyperbolic disk, we always
include a number of equal-sized squares on the background that appear to get smaller towards the
edges of the disk. Branch lengths can thus be visually measured by how many of the equal-sized
squares the branch crosses.

Technically, the projection to the hyperbolic disk uses a mapping from the 2-dimensional reals to
the 2-dimensional unit ball. The projection is dependent on two parameters, an origin @y = (2o, o)
and a zoom z. Given the position of any 2-dimensional point (z,y), we first subtract the origin, and
then scale by the zoom: (z,y) — (Z,§) = (2(x —x0), 2(y —yo0)). Next, we switch to polar coordinates,
(r,0), such that T = r cos(d), and § = rsin(f). The hyperbolic mapping leaves 6 unchanged, while it
maps rfto ﬁ Note that this mapping sends an infinitely large r to 1, and the origin (r = 0)
to itself.
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SI.H Analysis of football player statistics

To illustrate that Bonsai can robustly identify the structure of any high-dimensional dataset, looked
for a dataset that is maximallly different in nature from the single-cell omics datasets we looked at
so far. We decided to apply Bonsai to a dataset with statistics of professional football players [15].
Although somewhat tongue-in-cheek, this application is illustrative because these non-scientific data
are very different in nature, are not expected to fall on a tree, but are nonetheless familiar enough
to allow us to judge whether the results make sense.

As shown in Suppl. Fig. even though we do not use any specifically tailored data pre-
processing, emphBonsai’s tree identified 12 well-separated groups of players and visualization of
marker features identified by Bonsai-scout (Suppl. Figs. shows that these groups indeed
correspond to players that fulfill distinct known roles in their teams. Additionally, Bonsai identified
some players as clear outliers, indicating that they show exceptional statistics, and, remarkably, we
find that these were indeed some of the highest-reputed football players in the season of 2021-2022.
In summary, although we are not claiming that Bonsai ’s analysis identifies new structure in
football player statistics that is not already known to experts, the results do support that Bonsai
automatically identifies subtle and meaningful structures in a dataset of a wildly different nature.
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