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Supplementary Methods

Eigenvalue decomposition of s 3
g

Let C correspond to the (LK) x L(L — 1)M/2 matrix that defines the linear contrasts of interest for the
patternTest, i.e., every column of C corresponds to the comparison of two points for a pair of lineages.
Tests for the contrasts are performed using a Wald test statistic defined as

AT T _1~T A
W, =p8,C(C EBQC) C B8,
with 3 3 the estimated variance-covariance matrix of the estimated smoother coefficients. Letting &, =
g
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B, C and X5, = CTEB C, we can rewrite the Wald statistic as
g
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Taking the eigendecomposition of ﬁldg,
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where Vg isan L(L — 1)M/2 x L(L — 1)M/2 matrix with columns corresponding to the L(L — 1)M/2
eigenvectors of f)dg and A, the L(L — 1)M/2 x L(L — 1)M/2 diagonal matrix of eigenvalues \; € [0, 1]
of iag, in decreasing order. Note that, since Ag is a diagonal matrix, we can simply invert its diagonal
elements instead of inverting the full matrix. We determine the rank r of f]dg by calculating the number
of eigenvalues that are larger than le=8\1, with A\ corresponding to the largest eigenvalue. When the
rank r of X4, is less than L(L — 1)M/2 (i.e., the matrix is not of full rank), we only use the first
r eigenvectors from Vg, associated with the largest r eigenvalues from Ag. This provides an efficient
computation of the test statistic and avoids singularity problems with the estimated variance-covariance
matrix of the contrasts®.

Defining Z based on user-supplied weights

If one has user-supplied weights W = (W;; € [0,1] : l € {1,...,L},i € {1,...,n}) for the assignment of
cells to lineages, one can construct the binary matrix Z from W as follows.

First, note that the weights W may be defined differently depending on the TI method that was used
to estimate them. For example, slingshot? defines weights based on the distance from a cell to a particular
lineage; hence, the sum of the weights across all lineages for a particular cell may be greater than 1. As
such, these weights cannot be interpreted as probabilities. GPfates®, however, does return posterior

L

probabilities that a cell ¢ belongs to a particular lineage [, where > W;; = 1 for each i. We therefore first
=1

normalize the weights for each cell, such that, for normalized weights W};, the sum across lineages equals

L
one, i.e., Y Wit =1 for each cell i. Next, we assign each cell 7 to a lineage by sampling one observation
from a mﬁléinomial distribution with L groups and probabilities W};. The lineage assignments are then
encoded in the L x n matrix Z, by setting all elements of the i*" column equal to zero except for a 1 in
the row corresponding to the sampled lineage for cell i.

The multinomial sampling to assign each cell to a lineage may introduce variability in the results
if the models are fit multiple times, due to differing cell allocations. This is especially so if there is
a high uncertainty about the lineage allocation (e.g., a cell is equally likely to belong to each of two
lineages), which typically occurs around the inception of a trajectory. While we ensure computational
reproducibility by setting a seed in the software implementation, the results may vary slightly over
different seeds. To quantify this variability, we use the data of Paul et al.* and allocate cells to lineages
using 10 different seeds. Since we expect the variability across different assignments to be largest at the
inception of the lineage, we evaluate DE using tradeSeq’s startVsEndTest. Using a global test across
the two lineages, the number of DE genes at a 5% nominal FDR level varied between 1,990 and 2,049,
with 1,739 DE genes shared across all 10 assignments (Supplementary Figure 31). For each assignment,
at least 93% of the top 1,000 DE genes are shared with the top 1,000 DE genes of any other assignment.



Supplementary Note 1: Computation time and memory usage
benchmark

To assess time and memory requirements, scRNA-seq datasets with a bifurcating trajectory were simu-
lated using the same framework as in the simulation study. Three datasets with 100, 1,000, and 10,000
cells were simulated (small, medium, and large datasets), each consisting of 5,000 genes. For BEAM and
GPfates, only the fitting and DE testing part was assessed for each method, not the trajectory inference
part. All methods were ran with default options. For tradeSeq, the £itGAM function was assessed with 4
knots, as determined in the simulation study. The different tests implemented in tradeSeq were bench-
marked separately (Supplementary Figure 16). Their running times are very small (always below 30
seconds), as compared to the £itGAM function, and do not increase for datasets with increasing numbers
of cells.

To benchmark time requirements, the microbenchmark package was used, and each method was run
10, 2, and 2 times on, respectively, the small, medium, and large datasets. Variations in running times
were very small (always under the minute), especially in comparison to between method differences.
Methods that reached the 4-hour mark without finishing were killed. This is the case for ImpulseDE2
on the datasets with 10® and 10% cells, and for GPfates on the largest dataset. Memory benchmark was
assesses using the Rprof function; maximum memory usage was recorded.

Results are shown in Figure 4. ImpulseDE2 is by far the slowest, taking over 3.5 hours to finish on
a small dataset of 100 cells. GPfates runs in about 30s on the small dataset but scales poorly. BEAM,
edgeR, and tradeSeq are quite fast and scale very well, even to large datasets, with BEAM scaling the
best. In terms of memory requirements, all methods scale well to 10,000 cells. It should also be noted
that tradeSeq, ImpulseDE2, and BEAM can utilize multiple cores but were benchmarked using only one
core.



Supplementary Note 2: Bulk RNNA-seq time-course dataset

While in this manuscript we focus on DE analysis downstream of T1T, the applicability of tradeSeq extends
beyond this setting. We demonstrate this by using tradeSeq on a bulk RNA-seq time-course study from
Kiselev et al.®, where we compare gene expression between wild type and PIK3CA H1047R cell lines upon
stimulation of epidermal growth factor (EGF). Gene expression was measured for three replicates in each
condition over six time-points, ranging from 0 to 300 minutes post EGF stimulation. The original analysis
in the manuscript assessed DE between the cell lines for each time-point separately using DESeq2, and
found 7,486 DE genes at a 1% nominal FDR level (Benjamini-Hochberg® FDR-controlling procedure).
We perform an analogous analysis using tradeSeq, by modeling gene expression measures as smooth
functions of time and looking for differences in expression patterns with patternTest. This yields 7,184
DE genes at a 1% nominal FDR level. Around 89% of these genes overlap with the original DE list of
7,486 genes, demonstrating that the utility of tradeSeq goes beyond scRNA-seq applications.



Supplementary Note 3: Adipocyte differentiation dataset

As final case study, we reanalyze a 10x Genomics scRNA-seq dataset from Merrick et al.”, studying
adipocyte differentiation from the developing sub-cutaneous inguinal white adipose tissue (iWAT) of 12-
day-old mice. We use tradeSeq to fit NB-GAMs with 8 knots (Supplementary Figure 17) based on the
trajectory inferred by slingshot in 2-dimensional (2D) UMAP space. As in the original manuscript, the
progenitor cells differentiate into two different cell populations (Supplementary Figure 18). While we
confirm Dppj+ and Wnt2 as interstitial progenitor markers, we discover several other markers as top
genes from our startVsEndTest procedure that are even more pronounced, e.g., Pil6, Akricl8, Fnl,
and Fbn1 (Supplementary Figure 19). In addition, we search for markers distinguishing between the two
differentiated cell populations. Since these are relatively large heterogeneous groups of cells, diffEndTest
is not representative for the entire set of cells. However, earlyDETest can be used to discover DE
across their developmental range. This reveals several interesting patterns, such as genes upregulated
in the adipocyte precursor stage and subsequently downregulated in only a single differentiated cell
population (e.g., Mgp and Meoz2; Supplementary Figure 20), as well as genes that are sporadically
highly expressed across the entire lineage for one of the two differentiated cell populations (e.g., H19 and
Coll4al; Supplementary Figure 21)).



Supplementary Note 4: Mouse bone marrow dataset

Dimensionality reduction. We observed that the biology of the ICA dimensionality reduction does
not fully preserve the underlying biology. Indeed, a 2-dimensional visualization of the ICA dimensionality
reduction (Figure 5a) shows that there is a seemingly large gap between the multipotent progenitors and
the remaining cell types, and that a number of erythrocytes and granulocyte-macrophage progenitors
(GMP) are misclassified as multipotent progenitors. In addition, megakaryocytes, which are thrombocyte
progenitors and as such should not belong to any of the two lineages, seem to be split between the
erythrocyte and leukocyte lineages. However, when applying UMAP dimensionality reduction (Figure
5b), these issues are resolved and the underlying biology seems better preserved than with ICA.

Discovering cell type markers. The diffEndTest procedure from tradeSeq finds 2, 233 significantly
differentially expressed genes at a 5% nominal FDR level,while BEAM discovers 584 genes at a 5% nominal
FDR level when testing whether the association between gene expression and pseudotime depends on the
lineage (Benjamini-Hochberg® FDR-controlling procedure). Since the identification of a larger set of DE
genes does not necessarily imply more relevant biology, we select carefully constructed gene sets from
de Graaf et al.® to perform gene set enrichment analysis (GSEA) on blood cell types. As we are comparing
erythrocytes with a mixture of leukocytes, we expect gene sets related to erythrocytes to be significant.
Indeed, the erythrocyte gene set is the only one to be found significant by fgsea® for the tradeSeq analysis
(FDR adjusted p-value < .001, with normalized enrichment score of 1.49), while no significant gene sets are
found for the BEAM analysis (as reference, the FDR adjusted p-value for the erythrocyte gene set is 0.58).
In this case, tradeSeq is therefore better able to recover a meaningful biological signal (Supplementary
Figure 24). If one assumes that the cell type labels are known for all cells in the dataset, a cluster-
based comparison is possible, where the different clusters correspond to the identified cell types. We use
edgeR !0 to assess differential expression between erythrocytes and neutrophils, since this comparison is
most analogous to tradeSeq’s diffEndTest. Only edgeR finds evidence for gene sets related to eosinophils
and T-cells (FDR adjusted p-values of 0.042 and 0.049, respectively), however, the eosinophil cells were
removed from this dataset prior to analysis (see Methods, subsection ‘Case studies: Mouse bone marrow
dataset’). The GSEA results for edgeR also provide less evidence for erythrocytes (FDR adjusted p-value
of 0.043, normalized enrichment score of 1.21) as compared to the tradeSeq analysis (Supplementary Figure
24). None of the methods, however, recover evidence for the neutrophil cell types that are identified at the
end of the lineage (Figure 5b; FDR adjusted p-values piradeseq = 0.99, pgeam = 0.86, and pedger = 0.81).

Discovering progenitor population markers. It might be interesting to examine genes with sig-
nificantly different expression patterns, that show little evidence for DE at the endpoints. We therefore
select genes with both a high Wald test statistic (low p-value) for the patternTest and a low test statis-
tic (high p-value) for the diffEndTest. Following the approach described in ‘Case studies: Mouse bone
marrow dataset’ (Methods), we assign a score for each gene. Remarkably, within the top eight genes,
four genes (Erp29, Irf8, Psap, and ApoE) were previously found to be major regulators of hematopoiesis.
Indeed, Irf8 has previously been identified as a major transcription factor involved in myeloid lineage
commitment®!!. Erp29 and Psap are direct targets of the IrfS transcription factor®'213, while ApoE
regulates stem cell proliferation in atherosclerotic mice'# and was also identified as a marker gene in the
original manuscript of Paul et al.*. The remaining four genes include Nedd/, Srrm2, Gatm, and Acinl.



Supplementary Note 5: Mouse olfactory epithelium dataset

Within-lineage DE. The top 20 gene sets as derived by the startVsEndTest procedure across all
three lineages in a ZINB-tradeSeq analysis confirms the biology of the experiment. The HBCs were
primed for differentiation and the top gene sets include responses to (organic, external, and endogenous)
stimuli. In addition, neurogenesis and tissue development are the first and third most significant gene
sets, respectively, while the remaining list contains sets related to cell development, differentiation, and
epithelium development, amongst others. Although the neuronal and microvillous cell lineages undergo
mitotic division, it is worth noting that cell cycle related gene sets are absent from the startVsEndTest
results, since this process occurs during differentiation, but not in the resting HBC or differentiated cell
populations.

Between-lineage DE. The only relevant comparison is between the diffEndTest procedure from
tradeSeq and a discrete DE test between the differentiated cell types using ZINB-edgeR as introduced in
Van den Berge et al. . For both methods, we use a global test to compare mean expression between all
three differentiated cell types. While a ZINB-edgeR analysis discovers 1,984 genes, the ZINB-tradeSeq
analysis discovers 3,719 genes, which include ~ 86% of the genes also discovered by the ZINB-edgeR
analysis. In order to assess the relevance of the extra 1,994 genes discovered with ZINB-tradeSeq, we
perform GSEA on this gene set (Supplementary Table 3). The top 20 significant gene sets contain rel-
evant biological processes for the system under study, such as “regulation of multicellular organismal
development”, “positive regulation of biosynthetic process”, and “tissue development”.

We can also identify genes that drive the branching based on the earlyDETest applied around the
first branching point, i.e., between knots 1 and 3 (see Supplementary Figure 29 and Figure 6d). We
apply stage-wise testing!® (see Methods) to first assess any difference across the three lineages using
a global test. We discover 2,083 genes to be DE between any of the three lineages at a 5% nominal
FDR level. Among these 2,083 genes, we then discover 634 significant genes between the neuronal and
microvillous lineages, 1,068 significant genes between the microvillous and sustentacular lineages, and
1,312 significant genes between the neuronal and sustentacular lineages (Supplementary Figure 30). In
total, 151 genes are significant in all pairwise comparisons (Supplementary Figure 30), and these genes
may be potentially important regulators of the transcriptional program involved in olfactory epithelium
development. In these early stages of development, one could expect transcription factors to drive the
differences between the three developmental lineages. Out of all 2,083 significant genes, we recover 84
transcription factors, as identified by TFcheckpoint !7. Interestingly, aside from their general functionality
as regulators of gene expression, the list of 84 transcription factors is enriched for gene sets related to
epithelial cell differentiation, cell fate commitment, neuron differentiation, amongst other relevant gene
sets (Supplementary Table 4).



Supplementary Tables and Figures

Gene set Overlap Genes in set g¢-value
1 neurogenesis 46 1402 1.31E-21
2 response to external stimulus 51 1821 1.41E-21
3 tissue development 47 1518 1.41E-21
4 cellular response to organic substance 49 1848 7.41E-20
5 regulation of multicellular organismal development 46 1672 3.5E-19
6 neuron differentiation 35 874 3.69E-19
7 response to endogenous stimulus 43 1450 4.07E-19
8 regulation of cell differentiation 43 1492 1.05E-18
9 regulation of cellular component movement 32 771 5.84E-18
10  cell development 41 1426 8.94E-18
11 cellular response to endogenous stimulus 35 1008 1.91E-17
12 regulation of intracellular signal transduction 43 1656 3.5E-17
13 organ morphogenesis 31 841 4.86E-16
14 negative regulation of response to stimulus 38 1360 4.86E-16
15 positive regulation of cell communication 40 1532 5.3E-16
16 regulation of phosphorus metabolic process 40 1618 3.24E-15
17 response to oxygen containing compound 37 1381 4.61E-15
18 circulatory system development 29 788 5.19E-15
19 epithelium development 31 945 8.78E-15
20 locomotion 33 1114 1.44E-14

Supplementary Table 1: Mouse olfactory epithelium dataset. The top 20 significant GO sets for the
top 250 genes when assessing global differential expression between the progenitor and differentiated cell
populations using the tradeSeq startVsEndTest procedure. The “Overlap” column records the number
of genes, out of the 250 top genes, that are included in a particular gene set. The significance of a gene set
is measured by a g-value, assessing the significance of the overlap of the DE genes with the gene set, as
obtained from the Molecular Signatures Database v6.2 (http://software.broadinstitute.org/gsea/
msigdb).
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Gene set Overlap Genes in set ¢-value

1 cell cycle 121 1316 3.97E-57
2 cell cycle process 108 1081 2.66E-54
3 mitotic cell cycle 86 766 1.16E-46
4  establishment of localization in cell 108 1676 2.37E-36
5 cell division 59 460 1.33E-34
6 chromosome organization 79 1009 1.3E-31
7  cellular response to stress 97 1565 3.59E-31
8 organonitrogen compound metabolic process 104 1796 3.59E-31
9 regulation of cell cycle 75 949 2.53E-30
10 organelle fission 54 496 3.91E-28
11  cytoskeleton organization 68 838 4.64E-28
12 microtubule based process 55 522 4.9E-28
13 cellular catabolic process 84 1322 1.31E-27
14 regulation of cell differentiation 89 1492 2.03E-27
15 neurogenesis 86 1402 2.68E-27
16 catabolic process 97 1773 3.09E-27
17  mitotic nuclear division 46 361 6.11E-27
18  positive regulation of molecular function 96 1791 2.65E-26
19 protein complex subunit organization 88 1527 3.81E-26
20 positive regulation of gene expression 94 1733 3.94E-26

Supplementary Table 2: Mouse olfactory epithelium dataset. The top 20 significant GO sets for the 827
genes that were found to be significant in all pairwise comparisons between the three trajectories using
the tradeSeq patternTest procedure. The “Overlap” column records the number of genes, out of the
827 top genes, that are included in a particular gene set. The significance of a gene set is measured by a
g-value, assessing the significance of the overlap of the DE genes with the gene set, as obtained from the
Molecular Signatures Database v6.2 (http://software.broadinstitute.org/gsea/msigdb).

Gene set Overlap Genes in set g¢-value
1 phosphate containing compound metabolic process 225 1977  3.42E-53
2 protein localization 211 1805 8.95E-52
3 regulation of anatomical structure morphogenesis 154 1021 5.52E-51
4  positive regulation of molecular function 207 1791  3.41E-50
5 positive regulation of catalytic activity 186 1518 1.59E-48
6 regulation of multicellular organismal development 193 1672 1.34E-46
7 single organism biosynthetic process 169 1340 1.29E-45
8 lipid metabolic process 153 1158 1.35E-43
9 small molecule metabolic process 193 1767 3.5E-43
10 positive regulation of biosynthetic process 194 1805 1.95E-42
11  positive regulation of gene expression 189 1733  3.31E-42
12 regulation of protein modification process 187 1710 6.25E-42
13 positive regulation of response to stimulus 199 1929 4.54E-41
14 cellular macromolecule localization 154 1234  5.03E-41
15 regulation of phosphorus metabolic process 178 1618  3.29E-40
16  catabolic process 187 1773 7.94E-40
17 intracellular signal transduction 174 1572 1.2E-39
18 regulation of response to stress 167 1468 1.59E-39
19  regulation of transcription from rna polymerase ii promoter 187 1784 1.59E-39
20 tissue development 170 1518 2.08E-39

Supplementary Table 3: Mouse olfactory epithelium dataset. The top 20 significant GO sets based on
the unique 1,994 genes that were only discovered with the ZINB-tradeSeq analysis with the diffEndTest
procedure, and not the ZINB-edgeR analysis, when comparing mean expression between the endpoints
of the lineages. The “Overlap” column records the number of genes, out of the 1,994 top genes, that are
included in a particular gene set. The significance of a gene set is measured by a g-value, assessing the
significance of the overlap of the DE genes with the gene set, as obtained from the Molecular Signatures
Database v6.2 (http://software.broadinstitute.org/gsea/msigdb).
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Gene set Overlap Genes in set ¢-value
1 regulation of transcription from RNA Pol. II promoter 68 1784 1.01E-77
2 positive regulation of gene expression 57 1733  6.09E-58
3 positive regulation of biosynthetic process 57 1805 4.12E-57
4 positive regulation of transcription from RNA Pol. II promoter 48 1004 1.06E-54
5 transcription from RNA Pol. IT promoter 40 724 1.01E-46
6 negative regulation of transcription from RNA Pol. IT promoter 34 740  3.94E-36
7 negative regulation of gene expression 40 1493 2.33E-34
8 negative regulation of nitrogen compound metabolic process 40 1517 3.8E-34
9 tissue development 33 1518 1.42E-24
10  epithelium development 25 945 7.63E-20
11 muscle structure development 19 432 1.24E-18
12  epithelial cell differentiation 19 495 1.46E-17
13 regulation of cell differentiation 27 1492  1.55E-17
14 cell fate commitment 15 227 4.56E-17
15 embryo development 22 894 1.18E-16
16  cell development 25 1426 8.58E-16
17 neuron differentiation 20 874 2.14E-14
18 neurogenesis 23 1402  9.12E-14
19  positive regulation of cell differentiation 19 823 1.07E-13
20 positive regulation of developmental process 21 1142 2.11E-13

Supplementary Table 4: Mouse olfactory epithelium dataset. The top 20 significant GO sets based on
the 84 transcription factors that were discovered with earlyDETest around the branching of the OE
trajectory. The “Overlap” column records the number of genes, out of the 1,994 top genes, that are
included in a particular gene set. The significance of a gene set is measured by a ¢-value, assessing the
significance of the overlap of the DE genes with the gene set, as obtained from the Molecular Signatures

Database v6.2 (http://software.broadinstitute.org/gsea/msigdb).
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Supplementary Figure 1: Mouse bone marrow dataset: The NB-GAM is robust to the number of knots k.
Gaussian kernel density plot of the percentage of deviance explained by the NB-GAM applied to each of
the genes in the dataset from Paul et al. , with number of knots k ranging from 3 to 14. The distributions
are nearly identical for the different numbers of knots, except for 3 knots, suggesting we might want to
select more than 3 knots for this dataset.
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Supplementary Figure 2: Mouse bone marrow dataset: Outlying dendritic cells and eosinophils in UMAP
space for TI with Monocle 3.
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Supplementary Figure 3: Bifurcating simulation scenario: GPfates only recovers meaningful trajectories if
the true pseudotime is provided as input. Example of a bifurcating dataset from the dynverse framework.
The dataset is represented in low-dimensional space using Gaussian process latent variable models as
implemented in GPfates. Cells are colored according to their assignment probability to the blue lineage.
Trajectories inferred by GPfates are shown when (a) pseudotime is estimated by GPfates and (b) true
pseudotime is provided as input to GPfates.
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Supplementary Figure 4: Cyclic simulation scenario: Selecting the optimal number of knots k using the
AIC. Selecting the optimal number of knots, k € {3,...,10}, using the Akaike information criterion (AIC)
for a random subset of 250 genes, as implemented in the evaluateK function in tradeSeq. The left panel
shows boxplots (center line, median; box limits, upper and lower quartiles; whiskers, 1.5x interquartile
range) of the differences in AIC value with respect to the gene-wise average AIC for the range of k. The
middle panels show the evolution of the average AIC (second panel) and relative AIC (third panel) across
k. The relative AIC is defined as the relative change with respect to the average AIC at k = 3. The
barplot in the right panel shows the number of genes which achieve their lowest AIC value for a given k.
Here, only genes for which the AIC value varied substantially enough across & (i.e., range in AIC greater
than 2) are considered.
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Supplementary Figure 5: Cyclic simulation scenario:

Component 1

Monocle 3 inferred trajectories for each of the 10

simulated datasets. The first two components from UMAP dimensionality reduction, as implemented in
Monocle 3, are plotted along with the Monocle 3 ipferred trajectories. Cells are colored according to a
Louvain clustering implemented in Monocle 3. Monocle 3 often fails to recover the cyclic pattern.
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Supplementary Figure 6: Cyclic simulation scenario: PCA plots with slingshot inferred trajectory and
FDP-TPR performance curves for trajectory-based differential expression analysis for each of the 10
simulated datasets. Monocle 3 errored on three datasets. edgeR_assoc is the edgeR-based version of the
associationTest.
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Supplementary Figure 7: Simulation study results, including edgeR-based associationTest for the cyclic
scenario. PCA plots for the (a) cyclic, (b) bifurcating, and (c) multifurcating simulated trajectories.
The plotting symbol for each cell is colored according to its true pseudotime; trajectories (in black) were
inferred by princurve in (a) and slingshot in (b) and (c). (d-f) Scatterplot of the true positive rate (TPR)
vs. the false discovery rate (FDR) or false discovery proportion (FDP) for various DE methods applied
to the simulated datasets. Panel (d) displays the average performance curves of DE methods across
seven out of 10 cyclic datasets for which all DE methods worked (Monocle 3 errored on three datasets).
The associationTest from tradeSeq has superior performance for discovering genes whose expression
is associated with pseudotime, as compared to Monocle 3. When investigating differential expression
between lineages of a trajectory, the patternTest of tradeSeq consistently outperforms the diffEndTest
across all three TT methods, since it is capable of comparing expression across entire lineages. Panel
(e) displays the average performance curves across the three bifurcating datasets where all TT methods
recovered the correct topology. Here, all tradeSeq patternTest workflows, tradeSeq_slingshot_end, and
edgeR have similar performance and all are superior to BEAM, ImpulseDE2, and GPfates. Note that the
performance of tradeSeq_Monocle2_end deteriorates as compared to tradeSeq_slingshot_end; the curve for
tradeSeq_GPfates_end is not visible in this panel due to its low performance. For the multifurcating dataset
of panel (f), tradeSeq_slingshot has the highest performance, closely followed by tradeSeq_Monocle2 and
edgeR.
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Supplementary Figure 8: Bifurcating simulation scenario: Selecting the optimal number of knots k using
the AIC. Selecting the optimal number of knots, k € {3,...,10}, using the AIC for a random subset of
250 genes, as implemented in the evaluateK function in tradeSeq. The left panel shows boxplots (center
line, median; box limits, upper and lower quartiles; whiskers, 1.5x interquartile range) of the differences
in AIC value with respect to the gene-wise average AIC for the range of k. The middle panels show the
evolution of the average AIC (second panel) and relative AIC (third panel) across k. The relative AIC is
defined as the relative change with respect to the average AIC at k = 3. The barplot in the right panel
shows the number of genes which achieve their lowest AIC value for a given k. Here, only genes for which
the AIC value varied substantially enough across k (i.e., range in AIC greater than 2) are considered.

16



Dataset 1

Dataset 2
.
.
£ :
8o §
Components.
Dataset 3 Dataset 4
.
.
5 ;
8 &
o
Conponent 1
Dataset 5 Dataset 6
2
5
8
Gonponent 1 Component 1
Dataset 7

milestone + M1+ M2 s M3 - W

Dataset 8

milestone + ML+ M2 ¢ M3 . Me

5 5
"t
RALIE I Y ERRA AL
Dataset 9 Dataset 10
50 ULl LI
e )
< oo o
5 5

¢ i
Mrreepi. wy g

Component 1

Supplementary Figure 9: Bifurcating simulation scenario: Monocle 2 inferred trajectories for each of the
10 the simulated datasets. Cells are plotted in two-dimensional space using DDRTree dimensionality re-
duction'®. The simulated trajectory starts at milestone 1 and then continues into milestone 3, generating
the two lineages that consist of milestone 2 and milestone 4. The trajectory is correctly recovered in,
for example, Dataset 1 (top left panel). Dataset 4, on the other hand, wrongly assigns milestone 2 and

Component 1

milestone 4 to the same lineage, hence failing to recover the true bifurcation point.
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Supplementary Figure 10: Bifurcating simulation scenario: GPfates inferred trajectories for each of the
10 simulated datasets. Two-dimensional representation of the datasets for the bifurcating simulation
scenario (dynverse toolbox) using Gaussian process latent variable models, as implemented in GPfates.
Cells are colored according to their assignment probability to the blue lineage.
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Supplementary Figure 11: Bifurcating simulation scenario: Mean FDR-TPR performance curves for

trajectory-based differential expression analysis across all 10 simulated datasets. ImpulseDE2 is not plotted
since we were unable to run it on several datasets.
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Supplementary Figure 12: Bifurcating simulation scenario: FDP-TPR performance curves for trajectory-
based differential expression analysis for each of the 10 simulated datasets. Note that the BEAM and
tradeSeq_Monocle2 methods are not plotted for Datasets 3, 6, and 9, since Monocle2 failed to discover a
branching trajectory for these datasets. We were unable to run ImpulseDE2 on datasets 4,5,6,9, and 10

due to errors.
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Supplementary Figure 13: Bifurcating simulation scenario: FDP-TPR performance curves for trajectory-
based differential expression analysis based on the simulation ground truth. To allow a comparison with
the BEAM approach, which fits smoothers using 3 knots, we fitted the tradeSeq NB-GAM once with 3
knots and once with 4 knots. We found the latter to provide an optimal fit in terms of AIC. The tradeSeq
patternTest is unaffected by the number of knots, hence the performance curves overlap. tradeSeq
consistently outperforms both BEAM and ImpulseDE2 in all datasets. Note that we did not include the
GPfates method in this evaluation, since we were unable to provide the simulation ground truth as input
to the method.
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Supplementary Figure 14: Multifurcating simulation scenario: GPfates inferred trajectory on one simu-
lated dataset. Two-dimensional representation of the dataset for the multifurcating simulation scenario
using Gaussian process latent variable models, as implemented in GPfates. Cells are colored according to
their assignment probability to the blue lineage.
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Supplementary Figure 15: Multifurcating simulation scenario: Selecting the optimal number of knots k
using the AIC. Selecting the optimal number of knots, k € {3,...,10}, using the AIC for a random subset
of 500 genes, as implemented in the evaluateK function in tradeSeq. The left panel shows boxplots (center
line, median; box limits, upper and lower quartiles; whiskers, 1.5x interquartile range) of the differences
in AIC value with respect to the gene-wise average AIC for the range of k. The middle panels show the
evolution of the average AIC (second panel) and relative AIC (third panel) across k. The relative AIC is
defined as the relative change with respect to the average AIC at k = 3. The barplot in the right panel
shows the number of genes which achieve their lowest AIC value for a given k. Here, only genes for which
the AIC value varied substantially enough across k (i.e., range in AIC greater than 2) are considered.
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Supplementary Figure 16: Computational time benchmark for the various tests implemented in tradeSeq.
Datasets of increasing size (in terms of number of cells) were simulated, each consisting of 5,000 genes.
The £itGAM function of tradeSeq was ran with 4 knots. The computational time required to run the tests
for all genes is benchmarked using the microbenchmark package, with 10 iterations each. patternTest
and earlyDETest are slower than associationTest, diffEndTest, and startVsEndTest, but all take
under 30 seconds to run. The time requirement is constant with respect to the number of cells.
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Supplementary Figure 17: Adipocyte differentiation dataset: Selecting the optimal number of knots k
using the AIC. Selecting the optimal number of knots, k € {3,...,10}, using the AIC for two random
subsets (top and bottom rows represent one subset each) of 200 genes, as implemented in the evaluatek
function in tradeSeq. The left panel shows boxplots (center line, median; box limits, upper and lower
quartiles; whiskers, 1.5x interquartile range) of the differences in AIC value with respect to the gene-wise
average AIC for the range of k. The middle panels show the evolution of the average AIC (second panel)
and relative AIC (third panel) across k. The relative AIC is defined as the relative change with respect to
the average AIC at k = 3. The barplot in the right panel shows the number of genes which achieve their
lowest AIC value for a given k. Here, only genes for which the AIC value varied substantially enough
across k (i.e., range in AIC greater than 2) are considered.
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Supplementary Figure 18: Adipoyte differentiaion dataset: Inferred trajectory. The scRNA-seq data are
plotted in 2D UMAP space, and each cell is colored according to its cluster membership as derived by
k-means clustering with k& = 6 clusters. The black solid line represents the trajectory as estimated by
slingshot.
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Supplementary Figure 19: Adipocyte differentiation dataset: Top markers for progenitor cell population.
The scRNA-seq data are plotted in 2D UMAP space, and each cell is colored according to the expression
of one of six genes (the expression range is divided into 4 bins, where blue corresponds to low expression
and red corresponds to high expression). The top row corresponds to two marker genes, Dpp4+ and
Wnt2, from the original manuscript”. Other plots are top genes identified with the startVsEndTest
procedure from tradeSeq.
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Supplementary Figure 20: Adipocyte differentiation dataset: Genes upregulated in the adipocyte precursor
stage and a single differentiated cell type. The scRNA-seq data are plotted in 2D UMAP space, and each
cell is colored according to the expression of one of two genes (the expression range is divided into 4 bins,
where blue corresponds to low expression and red corresponds to high expression).
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Supplementary Figure 21: Adipocyte differentiation dataset: Genes sporadically upregulated across the
entire lineage for a single differentiated cell type. The scRNA-seq data are plotted in 2D UMAP space,
and each cell is colored according to the expression of one of two genes (the expression range is divided
into 4 bins, where blue corresponds to low expression and red corresponds to high expression).
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Supplementary Figure 22: Mouse bone marrow dataset: Selecting the optimal number of knots k using
the AIC. Selecting the optimal number of knots, k € {3,...,20}, using the AIC for two random subsets
(top and bottom rows represent one subset each) of 250 genes, as implemented in the evaluateK function
in tradeSeq. The left panel shows boxplots (center line, median; box limits, upper and lower quartiles;
whiskers, 1.5x interquartile range) of the differences in AIC value with respect to the gene-wise average
AIC for the range of k. The middle panels show the evolution of the average AIC (second panel) and
relative AIC (third panel) across k. The relative AIC is defined as the relative change with respect to
the average AIC at k = 3. The barplot in the right panel shows the number of genes which achieve their
lowest AIC value for a given k. Here, only genes for which the AIC value varied substantially enough
across k (i.e., range in AIC greater than 2) are considered.
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Supplementary Figure 23: Mouse bone marrow dataset: tradeSeq recovers markers for the progenitor
cell population. This figure shows the six most significant genes when testing for differential expression
between the progenitor cell type (i.e., starting point of the smoother) and differentiated cell types (i.e.,
endpoint of the smoother) for the data from Paul et al.* using the startVsEndTest in tradeSeq. Yellow
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UMAPT

denotes low expression, while red denotes high expression.
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Supplementary Figure 24: Mouse bone marrow dataset: Gene set enrichment plots for the erythrocyte
gene set from de Graaf et al.®, for three differential expression methods, tradeSeq, BEAM, and edgeR.
Enrichment is determined for each method based on its respective ranking of the genes according to
evidence for differential expression. Genes that are contained in the erythrocyte gene set are denoted
with vertical lines at the bottom of each figure, and the green curve represents the gene enrichment score
along the gene rankings. tradeSeq has the highest enrichment score, as determined by the dashed red line,
since genes that are related to erythrocytes predominantly have high rankings for differential expression,
while the distribution of erythrocyte genes seems more uniform with, for example, the BEAM approach.
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Supplementary Figure 25: Mouse bone marrow dataset: Stability of gene clustering methods across boot-
strap samples. Boxplots (center line, median; box limits, upper and lower quartiles; whiskers, 1.5x
interquartile range) of gene clustering stability measures are shown for three clustering algorithms. The
stability of a gene clustering method is evaluated using non-parametric bootstrapping of the cells (for
computational reasons, we restricted this evaluation to six bootstrap samples). We consider all genes
found to be significant at a 5% nominal FDR level by patternTest for the dataset of Paul et al.*. For
each bootstrap sample, cells are sampled at random with replacement, the NB-GAM is refit using trade-
Seq, and genes are clustered based on the tradeSeq fitted values, using both partitioning around medoids
(PAM) and RSEC. We compare RSEC against PAM since the latter is also used in Monocle for gene
clustering. For RSEC, we evaluate both clustering on the fitted values directly (method ‘RSEC_noDR’
in the figure) as well as clustering after dimensionality reduction with principal component analysis (the
default for RSEC, as implemented in clusterExperiment, with automatic determination of the number
of principal components; method ‘RSEC’ in the figure). The stability of the clustering is evaluated by
comparing the bootstrapped clusterings with the original clustering based on the full dataset using the
adjusted Rand index (ARI).
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Supplementary Figure 26: Olfactory epithelium dataset: Selecting the optimal number of knots k using the
AIC. Selecting the optimal number of knots, k € {3,...,30}, using the AIC for two random subsets (top
and bottom rows represent one subset each) of 1,000 genes, as implemented in the evaluateK function
in tradeSeq. The left panel shows boxplots (center line, median; box limits, upper and lower quartiles;
whiskers, 1.5 interquartile range) of the differences in AIC value with respect to the gene-wise average
AIC for the range of k. The middle panels show the evolution of the average AIC (second panel) and
relative AIC (third panel) across k. The relative AIC is defined as the relative change with respect to
the average AIC at k = 3. The barplot in the right panel shows the number of genes which achieve their
lowest AIC value for a given k. Here, only genes for which the AIC value varied substantially enough
across k (i.e., range in AIC greater than 2) are considered.
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Supplementary Figure 27: Mouse olfactory epithelium dataset: Cell cycle genes in the neuronal lineage.
The figure illustrates the enrichment of cell cyle genes in lists of genes whose expression was found to be
most significantly associated with the neuronal lineage according to the associationTest procedure in
tradeSeq. The list of cell cycle related genes was obtained from the Mouse Genome Informatics (MGI)
website at http://www.informatics. jax.org/go/term/G0:0007049. On the x-axis, genes are ordered
according to their significance based on associationTest. The y-axis shows the ratio of the number
of cell cycle genes among a set of top significant genes relative to the number of cell cycle genes one
would expect by chance (i.e., if DE genes were randomly found/sampled). Specifically, if we let C' denote
the proportion of genes associated with the cell cycle according to the MGI database, then, under the
hypothesis that cell cycle genes are randomly discovered as DE, the expected number of cell cycle genes
in the list of top IV genes is NC. The relative number that is plotted on the y-axis is then the ratio
between the number of cell cycle genes discovered by tradeSeq for a given top list of size N and NC.

33


http://www.informatics.jax.org/go/term/GO:0007049

o o=,
— —~
+ +
g E
Q Q <
KA KA
> >
o k<]
~-
== Neuronal . et z == Neurondl L e
== Microvillous 0o oo 0w om = Microvillous . - ewomems 905 0w
o — Sustentacular - . —— - . o — Sustentacular S
| | | | | | | | | |
0 100 200 300 400 0 100 200 300 400
Pseudotime Pseudotime
Gstm1 Gstm2
ol P
= = ©-
+ +
€ €
=] =]
g 87
D =3
o k<]
o~
= Neuronal . — Neuronal *
= Microvillous - e o = Microvillous « . om swme s omes vo
o— = Sustentacular - o o] = Sustentagular , ee.. cosemes cno s mmnn———m -
T T T T | | | | T T
0 100 200 300 400 0 100 200 300 400
Pseudotime Pseudotime
Cbr2 Gnb1

log(count + 1)
log(count + 1)

=== Neuronal o~ = Neuronal
—— MiCrovillous  se o e same@es ® ooommommemme coum = Microvillous”
o-] = Sustentacular .. ... e cremmm———" o = Sustentacular
T T T T T T T T T T
0 100 200 300 400 0 100 200 300 400
Pseudotime Pseudotime

Supplementary Figure 28: Mouse olfactory epithelium dataset: Top siz differentially expressed genes as
identified by a ZINB analysis with tradeSeq patternTest. Every lineage is represented by a smooth
function of gene expression along pseudotime. The cells assigned to a particular lineage based on the
slingshot weights are represented with the same color as the lineage.
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Supplementary Figure 29: Mouse olfactory epithelium dataset: Trajectory with knots. Three-dimensional
PCA plot of the scRNA-seq data from Fletcher et al.2?, where cells are colored according to their cluster
membership as defined in the original paper (see Methods). The simultaneous principal curves for the
lineages inferred by slingshot are displayed. The numbers on each lineage specify the knot points used to
fit the ZINB-GAM in tradeSeq. The first branching event occurs between knots 1 and 3.
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Supplementary Figure 30: Mouse olfactory epithelium dataset: UpSet plot for earlyDETest applied
around the first branching point to each pair among the three lineages. Left panel: Barplot of the number
of DE genes for each contrast/pair (5% nominal FDR level). Top panel: Barplot of the number of DE
genes for one, two of the three, or all three contrasts. Center panel: Contrasts being considered for the
top panel. For example, the first column shows that 526 genes are DE for both the Microv vs. Sust
contrast and the Neur. vs. Sust contrast.
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Supplementary Figure 31: Mouse bone marrow dataset: UpSet plot for startVsEndTest, for multiple
assignments of cells to lineages. Ten random multinomial assignments of cells to lineages are performed
and denoted with ‘iter.1’ to ‘iter.10’. Left panel: Barplot of the number of DE genes for each assignment
(5% nominal FDR level). Top panel: Barplot of the number of DE genes in common for various combi-
nations of the 10 assignments. Center panel: Assignments being considered for the top panel. Only the
20 combinations with the largest number of common genes are shown in the figure.
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