
Reviewers' Comments: 

 

Reviewer #1: 

Remarks to the Author: 

The manuscript “Trajectory-based differential expression analysis” describes a statistical method 

and package for testing gene expression differences along a pseudotime trajectory. Trajectory 

reconstruction is a popular question for single-cell data and novel methods are constantly being 

developed, yet there is a need for a more general method of assessing significance and prioritizing 

genes. The approach described here is flexible and agnostic to any particular reconstruction 

method. Overall the manuscript is well-written with nice figures. The statistical framework used 

here is appropriate and shows good performance. The accompanying software package runs and 

would be useful to a broad audience. The results and conclusions presented are valid and well 

supported. 

 

Code comments: 

1. I ran the exact same code in the vignette and obtained somewhat different results—in my case I 

only have a single lineage, which produced different plots and results in some tests not being 

available. I did use the same seed. Other than this difference, the code/package seems to work 

very well. 

Writing comments: 

2. There are a lot of subsections, which made it a bit difficult to follow completely through (this 

could just be the sizing and bold of every section since it was hard to tell where I was sometimes). 

More upfront motivation for why the two case-studies are analyzed differently might help with this 

-- they do have completely different subsection titles. 

3. The Introduction is well-written. As a suggestion, the authors might consider a few sentences on 

the connection to somewhat similar underlying ideas for bulk RNA-seq time-series analysis 

methods. For example: https://www.ncbi.nlm.nih.gov/pubmed/26046293, 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4155246/, 

https://bmcbioinformatics.biomedcentral.com/articles/10.1186/s12859-018-2405-x. 

Also, the single-cell method TSCAN uses a GAM to test for DE along the estimated trajectory, 

https://academic.oup.com/nar/article/44/13/e117/2457590. Obviously tradeSeq is much more 

extensive, but this paper should be cited. 

4. The end of the Introduction has a sentence saying “one can build upon our stageR package”. 

This should be in the Discussion or should be implemented within this new package. Did the 

authors mean, “we have built upon”? 

5. Starting with the section “Within-lineage comparisons” which lists the different tests, it would be 

incredibly useful to have an early figure with an example/cartoon of each of these cases 

highlighting the test points on the trajectory. I see the table, which is helpful but took me a bit 

longer to fully grasp. If space is limited in the main text, then this would be helpful in the vignette. 

6. In the Methods section on earlyDETest, it says “driving the differentiation”. I suggest a different 

phrasing here as that phrasing also connotes the specific biological process of differentiation and 

may be confusing to future readers. 

7. Page 10 the second paragraph on “Mouse bone marrow dataset” is confusing. It says, “We will 

therefore first apply ICA as dimensionality reduction method (Figure 3a) in the ‘Discovering cell 

type markers’ paragraph.” It would make more sense if it instead stated that the authors “first 

tried ICA” and explain the problems encountered as they have done, and then only use UMAP 

further. 

8. The package dyngen is referenced by name but no explanation is given, even just saying it is a 

simulation of dynamic trajectories would be helpful to future readers. I suggest the authors 

double-check all package/methodology names are given a somewhat descriptive comment when 

introduced. 

Methods comments: 

1. Why are different methods for enrichment used in the manuscript? Fgsea package and then the 

MSigDB database. 

2. Why is the stage-wise testing only implemented for one case study dataset? Is it fair to 



compare to other methods only using the Benjamini Hochberg FDR control? Since the manuscript 

explicitly states that the p-values are only for ranking, it’s actually unclear the motivation for this 

extra step. 

3. How should future readers/users think of knots? As just markers of relative timing along the 

trajectory? For example, Figure 4 says the DE test was done between knots 2 and 4. How to 

interpret this choice? 

4. Are the datasets pre-filtered at all or was a GAM fit for every gene? 

 

Figure comments: 

1. Figure 1 says “knots = c(1, 2).” but it’s unclear what that actually means. 

2. Figure 3. How is the clustering done here? In the six clusters, I assume each gene has a green 

and an orange line, but how are they so consistent within a cluster? Are the data-points used to 

cluster pulled from both lineages? 

 

 

 

Reviewer #2: 

Remarks to the Author: 

The authors describe a strategy called tradeSeq to analyze per-lineage gene expression patterns in 

scRNA-seq trajectory data. In particular they have identified a set of hypothesis tests to query for 

particular smooth within-lineage trends and cross-lineage comparisons. To account for multiple 

testing the authors make clever use of the theory of stage-wise testing. 

 

To model the data weighted spline regression with negative binomial likelihood is used, this is 

implemented as a wrapper around the mgcv package. The strategy is similar to the strategy 

implemented in the Monocle package. 

 

While the choice of model likelihood is motivated by scRNA-seq data, there is nothing in particular 

about the model used which relates to the predictors being “pseudotime” and lineage membership. 

 

In this study the authors also perform a comparison between pseudotime and lineage assignment 

methods identifying Slingshot as performing well. 

 

Finally, case studies of using the different hypothesis tests in tradeSeq to answer questions about 

transient and lineage-specific expression patterns are demonstrated on published bone marrow 

and olfactory epithelium data. 

 

The interpretable significance tests are solving a severe problem in the community. However, the 

underlying model is not correctly compared to the alternative published methods, and the authors 

claim other methods can only be applied in particular scenarios of upstream analysis, which is only 

true on a highly superficial level. 

 

The method presented by the authors requires as input a gene expression matrix, per-cell 

pseudotime, and per-cell lineage membership. The same can be used with other methods. 

 

In Monocle’s BEAM test, the significance test is performed by comparing a spline GLM which 

includes an interaction between the spline parameters and the lineage membership with one 

without interaction. It is implemented as a wrapper around VGAM similar to how tradeSeq wraps 

mgcv. In tradeSeq regression weights are used instead of making the interaction part of the 

model, but the effect will be the same. The same underlying model can be fitted in Monocle using 

the differentialGeneTest method (which can also use other covariates such as batch). 

 

The authors claim edgeR can only be used for discrete tests, but edgeR supports arbitrary design 

matrices, including ones made with splines, equivalent to the tradeSeq model or Monocle’s BEAM 

models. 



 

The bifurcation test in GPFates performs a likelihood ratio calculation of two OMGP models: one 

with pre-fitted cell lineage memberships, and one with equal membership to each trajectory. This 

test could also be performed with the inputs specified for tradeSeq. 

 

Not mentioned by the authors is the ImpulseDE2 method (Fischer et al NAR 2018), which models 

temporal gene expression as “impulses”. The package allows tests within condition as well as 

contrasting which genes follow different impulse functions between conditions. The lineage 

assignment can be seen as “condition” in this case. The authors of ImpulseDE2 have also released 

a single-cell specific version including ZINB called “LineagePule”, but it is lacking in documentation. 

 

It is true that the functionality in other methods only cover the screening test scenario in 

tradeSeq, but proper comparisons should still be made for this case. 

 

Major issues 

 

The different significance testing methods (tradeSeq, Monocle differentialGeneTest, GPFates OMGP 

likelihood ratio, ImpulseDE2) should be compared with the same input, be it from Slingshot or 

other, or directly from the simulation ground truths. 

 

 

The default parameters for the spline regression based tests in Monocle use 3 knots, while 

tradeSeq uses 10. Repeating the analysis in Supp Fig S1 going all the way down to 3 knots would 

be interesting. And comparing results between Monocle and tradeSeq using the same number of 

knots. 

 

Minor issues 

It is not clear if the joint estimation of mu and phi or the shrinkage of the spline weights are 

features particular to tradeSeq or part of mgcv. They do not seem to immediately appear in the 

tradeSeq code. 

 

 

It would be interesting to see the test applied to real time-course data as a proof of concept. It is 

not clear if any appropriate data exists, but demonstrating the method without the caveat that it 

depends on trajectory inference method would be of value. 

 

 

Clustering of genes by using values predicted from the splines is also implemented in Monocle. 

Though it has not been demonstrated on bifurcating data. The RSEC based clustering and the K-

medoids based clustering used in Monocle could be compared. 

 

 

While not very important, it would be valuable to include a comparison of the runtimes of the 

different methods. It will let potential users calibrate their expectations when trying the methods 

themselves. 

 

 

 

Reviewer #3: 

Remarks to the Author: 

Single-cell sequencing technologies enable the reconstruction of developmental trajectories, but 

the methods to identify differential expression patterns between lineages are still lacking. This 

paper developed tradeSeq to address this question. The method is built on gene-wise negative 

binomial generalized additive model (NB-GAM). Statistical testing on different trajectories should 

be interesting to most developmental biologists. Although they show the method outperforms 



conventional methods in simulation studies, the validation in real data analysis is not very 

convincing. Major and minor revision comments are listed below. 

 

Major ones: 

I. Case study/ bone marrow 

(1) For figure 3a & 3b, it is surprising not to see a clear separation between neutrophil and 

monocyte lineages by these dimension reduction methods. These two lineages are very different 

and can be clear separated by lineage analysis (such as Monocle: Nat Methods. 2017 

Oct;14(10):979-982) or by PCA based on our research. 

 

(2) In the section of Discovering cell type markers, they mentioned “Since the identification of a 

larger set of DE genes does not necessarily imply more relevant biology…” However, GSEA p-value 

is correlated with the number of input genes. The much lower p-value for tradeSeq analysis than 

BEAM is also associated with much more DEGs identified from tradeSeq. Besides, for tradeSeq, 

NES = 1.59 is not a high score. It may be difficult to see an obvious enrichment pattern (based on 

our results, visible enrichment is usually seen when NES >= 2). The authors should provide the 

GSEA plot for visualization. Only based on the result of 1 gene set, it is not sufficient to prove 

tradeSeq is superior to BEAM. 

 

(3) It is also surprising that none of the methods recover the evidences for neutrophils. The 

authors should provide a reason for this. GO terms include a lot of items involved in neutrophils/ 

granulocytes/ monocytes, which are worth to try. 

 

(4) In the section of Discovering progenitor population markers, this can be simply done by 

identify the makers genes based on clustering results and t-sne visualization, which is more 

straightforward. 

 

2. Mouse olfactory epithelium dataset 

(1) For within-lineage DE, Monocle has the similar function to identify the genes significantly 

associated with pseudotime. So it is not a novel function, either. 

 

(2) For between-lineage DE, patternTest may be the most interesting function in tradeSeq. But 

validation, with just some gene set enrichment results, is not sufficient to show how robust their 

method is. 

 

3. What is the computational complexity of the proposed method? Computing time and memory 

use should be discussed for both simulation and real studies. 

 

4. For NB-GAM model, does the algorithm always converge? What about the ZINB model that was 

also discussed in the manuscript. 

 

5. If the data are from multiple individuals with non-ignorable batch effects, how would the 

method handle it? How would individual information be incorporated into the model? 

 

Minor ones: 

1. The data visualization is weak throughout all the paper. For example, all the gene set 

enrichment results are in supplementary tables, which is not convenient and make paper difficult 

to read. Top or selected gene sets could be shown in main figures. 

 

2. In general, the authors should focus on the patternTest function, which harbors the highest 

novelty in this paper, and provide sufficient evidences to demonstrate how robust it is. 

 



Rebuttal: Trajectory-based differential expression analysis

September 1, 2019

1 Reviewer 1

The manuscript “Trajectory-based differential expression analysis” describes a statistical method
and package for testing gene expression differences along a pseudotime trajectory. Trajectory
reconstruction is a popular question for single-cell data and novel methods are constantly be-
ing developed, yet there is a need for a more general method of assessing significance and
prioritizing genes. The approach described here is flexible and agnostic to any particular re-
construction method. Overall the manuscript is well-written with nice figures. The statistical
framework used here is appropriate and shows good performance. The accompanying software
package runs and would be useful to a broad audience. The results and conclusions presented
are valid and well supported.

1.1 Code comments

1. I ran the exact same code in the vignette and obtained somewhat different results—in my
case I only have a single lineage, which produced different plots and results in some tests
not being available. I did use the same seed. Other than this difference, the code/package
seems to work very well.

We appreciate the Reviewer’s efforts to evaluate our method and the reproducibility of our analyses.
The fact that the results are not exactly identical is likely due to the updated random number generator
in R version 3.6.0 and above, as compared to R version 3.5.0. This should be fixed, since we now specify
the specific version of the random number generator in the preamble of the tradeSeq vignette.

1.2 Writing comments

1. There are a lot of subsections, which made it a bit difficult to follow completely through
(this could just be the sizing and bold of every section since it was hard to tell where
I was sometimes). More upfront motivation for why the two case-studies are analyzed
differently might help with this – they do have completely different subsection titles.

While we hope that the flow will be clearer with the final lay-out and formatting of the manuscript, we
have also tried to better motivate the distinct analyses of the two case studies by adding an overview
paragraph for each. The relevant added text to the manuscript is shown below.

• Mouse bone marrow dataset, lines 580-585: “In this case study, we apply tradeSeq with 6 knots, as
found to be optimal by the AIC (Supplementary Figure S16). We first identify marker genes for
the progenitor and differentiated cell types in the ‘Discovering cell type markers’ paragraph. Next,
we assess which genes behave differently along the two lineages in the ‘Discovering progenitor
population markers’ paragraph. Finally, we demonstrate how one can group genes in clusters that
share similar expression patterns in the ‘Gene expression families’ paragraph. ”

1



• Mouse olfactory epithelium dataset, lines 664-666: “ In this case study, we first consider differ-
ential expression within each lineage in the ‘Within-lineage DE’ paragraph, after which we assess
differences between the three developmental lineages in the ‘Between-lineage DE’ paragraph.”

2. The Introduction is well-written. As a suggestion, the authors might consider a few sen-
tences on the connection to somewhat similar underlying ideas for bulk RNA-seq time-
series analysis methods. For example: https://www.ncbi.nlm.nih.gov/pubmed/26046293,
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4155246/, https://bmcbioinformatics.
biomedcentral.com/articles/10.1186/s12859-018-2405-x. Also, the single-cell method TSCAN
uses a GAM to test for DE along the estimated trajectory, https://academic.oup.com/nar/
article/44/13/e117/2457590.Obviously tradeSeq is much more extensive, but this paper
should be cited.

We thank the Reviewer for the suggestion and have now included a section on the analogy with bulk
RNA-seq time-series data analysis on lines 65-72:
“A number of methods have been developed for the analysis of bulk RNA-seq time-series data, which
can exploit the continuous resolution of samples assayed at different times [Nueda et al., 2014, Sanavia
et al., 2015, Bacher et al., 2018]. Nueda et al. [2014] requires multiple observations for each time-point
and estimates the mean expression for each time-point. However, in scRNA-seq, cells are never at
the exact same pseudotime value. Other approaches assume a piecewise linear [Bacher et al., 2018]
or polynomial [Sanavia et al., 2015] relationship of mean expression with time, which provides insuf-
ficient flexibility to model the complex relationship between gene expression and pseudotime observed
in scRNA-seq datasets. Often, these methods are also restricted to the estimation of only one or two
functions for each gene.”.

We now also discuss the original implementation of Monocle and TSCAN for within-lineage DE in the
Introduction, on lines 73-77:
“ A few methods have been been published with the aim of improving trajectory-based differential expres-
sion analysis by modeling gene expression as a smooth function of pseudotime along lineages. Monocle
[Trapnell et al., 2014] tests whether gene expression is associated with pseudotime by fitting additive
models of gene expression as a function of pseudotime. However, the method can only handle a single
lineage. A similar approach has been adopted by TSCAN [Ji and Ji, 2016].”

3. The end of the Introduction has a sentence saying “one can build upon our stageR pack-
age”. This should be in the Discussion or should be implemented within this new package.
Did the authors mean, “we have built upon”?

The original sentence could indeed be misinterpreted. The stageR package is flexible and works by
default with output from any trajectory-based differential expression method, as it only requires as
input the p-values for the DE tests. Therefore, we have not included the stageR functionality in the
tradeSeq package, but rather use it downstream of tradeSeq. We have rephrased the sentence on lines
113-116, which now states:
“If multiple hypotheses are assessed for each gene, one can use our stageR package [Van den Berge
et al., 2017] to conduct an omnibus test (e.g., there are no differences in expression profiles across
multiple lineages) prior to post hoc tests that identify the relevant specific differences (e.g., all pairwise
comparisons between lineages).”

4. Starting with the section “Within-lineage comparisons” which lists the different tests, it
would be incredibly useful to have an early figure with an example/cartoon of each of
these cases highlighting the test points on the trajectory. I see the table, which is helpful
but took me a bit longer to fully grasp. If space is limited in the main text, then this
would be helpful in the vignette.

We thank the Reviewer for this comment. We have added an additional figure (Figure 1), which is a
simpler version of the Table from the now Figure 2 in the manuscript. Figure 1 is also shown below.
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Figure 1: Current tests in the tradeSeq package. Each column corresponds to a test. Tests are broken down
into two categories, depending on whether they are a within-lineage comparison, hence testing properties of
the orange curve, or a between-lineage comparison, contrasting the blue and orange curves. For each test, we
have two toy examples of gene expression patters. The top one would be differentially expressed according
to the test while the bottom one would not.

5. In the Methods section on earlyDETest, it says “driving the differentiation”. I suggest
a different phrasing here as that phrasing also connotes the specific biological process of
differentiation and may be confusing to future readers.

We thank the Reviewer for pointing out the ambiguous explanation of the earlyDETest. We have
rephrased this in the revised version of the manuscript on lines 245-246, which now states:
“The earlyDETest aims to identify genes that are differentiating around a branching of the trajectory.”

6. Page 10 the second paragraph on “Mouse bone marrow dataset” is confusing. It says,
“We will therefore first apply ICA as dimensionality reduction method (Figure 3a) in the
‘Discovering cell type markers’ paragraph.” It would make more sense if it instead stated
that the authors “first tried ICA” and explain the problems encountered as they have
done, and then only use UMAP further.

We thank the Reviewer for this thoughtful comment and have now adapted the paragraph in the revised
manuscript on lines 567-579. The revised text now reads:
“In order to compare our approach with BEAM, we are restricted to the dimensionality reduction pro-
cedures implemented in Monocle 2. We therefore first used ICA as dimensionality reduction method
(Figure 5a) in the ‘Discovering cell type markers’ paragraph, but observed that this approach does not
fully preserve the underlying biology. Indeed, a 2D visualization of the ICA dimensionality reduction
shows that there is a seemingly large gap between the multipotent progenitors and the remaining cell
types, and 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 leuko-
cyte lineages. However, when applying UMAP dimensionality reduction (Figure 5b), these issues are
resolved and it seems to preserve the underlying biology better than ICA. In subsequent sections, we
will therefore demonstrate the powerful interpretation of a tradeSeq slingshot analysis based on UMAP
dimensionality reduction. This additionally illustrates the flexibility of tradeSeq (and slingshot) to be
applied downstream of any dimensionality reduction method.”

7. The package dyngen is referenced by name but no explanation is given, even just saying
it is a simulation of dynamic trajectories would be helpful to future readers. I suggest the
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authors double-check all package/methodology names are given a somewhat descriptive
comment when introduced.

This has now been addressed in the revised version of the manuscript, where the dyngen package is
explained, and we refer interested readers to the original dyngen paper.

On lines 351-356 and in the caption for Table 1, the revised manuscript now reads:
”The simulation study evaluates methods that (differentially) associate gene expression with pseudotime
for three different trajectory topologies, i.e., a cyclic, a bifurcating, and a multifurcating trajectory. As
independent evaluation, we use the extensive trajectory simulation framework dynverse that previously
served for benchmarking trajectory inference methods in Saelens et al. [2019]. Interested readers should
refer to the original publication for details on the data simulation procedure. Dataset characteristics
are listed in Table 1. ”

Table 1: Overview of simulated datasets. Each dataset is simulated using one of the frameworks from the
dynverse toolbox (dyngen or dyntoy), which are designed to simulate scRNA-seq data according to trajectory
topologies. Every dataset can be characterized by the topology of the trajectory, as well as the number of cells
and genes. Low-dimensional representations of representative datasets can be found in Figure 3. Note that
the cyclic datasets have some variation in the numbers of genes and cells and in the amount of differential
expression, which is inherent to the dyngen simulation framework.

Cyclic dataset Bifurcating dataset Multifurcating dataset
Simulation framework dyngen dyntoy dyntoy

Number of cells 505 − 508 500 750
Number of genes 312 − 444 5, 000 5,000

% of DE genes 42 − 47% 20% 20%
Number of lineages 1 2 3

Topology Cyclic Bifurcating Multifurcating
Number of datasets 10 10 1

1.3 Methods comments

1. Why are different methods for enrichment used in the manuscript? Fgsea package and
then the MSigDB database.

For the mouse olfactory epithelium case study, we used the MSigDB database for exploratory gene set
enrichment analysis, as in the original manuscript by Fletcher et al. [2017]. However, for the mouse
bone marrow case study, we knew upfront which cell types (gene sets) should be found, and therefore
selected carefully curated gene sets for gene set enrichment analysis. Unlike MSigDB, fgsea allows the
use of custom gene sets, such as the gene sets from de Graaf et al. [2016].

2. Why is the stage-wise testing only implemented for one case study dataset? Is it fair to
compare to other methods only using the Benjamini Hochberg FDR control? Since the
manuscript explicitly states that the p-values are only for ranking, it’s actually unclear
the motivation for this extra step.

Stage-wise testing is only relevant if multiple comparisons are of interest. The first case study consists
of only one comparison (two lineages), hence stage-wise testing is not called for. In fact, stage-wise
testing would simply reduce to conventional testing. For the second case study, there are three lineages
and therefore three possible pairwise comparisons, hence stage-wise testing can be useful. Note that,
whenever we compare methods, we make sure to adopt a similar testing strategy, e.g., in the comparison
between the diffEndTest of tradeSeq and edgeR for the olfactory epithelium dataset, we only use a
global test for both methods.
In the manuscript, we indeed write that p-values are mainly useful for ranking interesting genes. The
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Benjamini-Hochberg FDR-controlling procedure preserves the unadjusted-p-value-based ranking of the
genes, and we only use it to obtain a cut-off for particularly interesting genes, even though in practice
the chosen cut-off might not coincide with the true, unknown FDR level.

3. How should future readers/users think of knots? As just markers of relative timing along
the trajectory? For example, Figure 4 says the DE test was done between knots 2 and 4.
How to interpret this choice?

In tradeSeq, the knots are positioned according to the quantiles of the pseudotime values. For example,
if smoothers are fit with 3 knots, then there will be a knot at the minimum, median, and maximum
pseudotime values. If pseudotime values are accurately estimated, the knots may indeed be interpreted
as markers of relative timing along the trajectory. However, it is important to realize that pseudotime
might not necessarily linearly correlate with true chronological time. Indeed, a large distance in gene
expression space can occur in a short span of true chronological time, and vice versa. We have now in-
corporated a discussion of this issue in the ’Methods’ section on lines 183-187 in the revised manuscript:
“The knots are by default positioned according to the quantiles of the pseudotime values. For example,
if a smoother is fit with 3 knots, then there will be a knot at the minimum, median, and maximum
pseudotime values. The knots may be interpreted as relative markers of progress along the trajectory.
However, it is important to realize that this might not necessarily linearly correlate with true chrono-
logical time.”

We have also implemented additional functionality in tradeSeq that aids users in selecting an appropriate
number of knots, see Section ‘Choosing an appropriate number of knots’ on line 177 of the revised
manuscript. Furthermore, tradeSeq has built-in plotting functions that allow the user to visualize the
knots, as demonstrated in our vignette.

In order to motivate our choice of knot points between which to perform the earlyDETest in the
olfactory epithelium case study dataset, we choose a region of the trajectory that contains the branching
event we are interested in. Supplementary Figure S22 (shown below) now shows the trajectory where
the locations of the knot points have been plotted on each lineage. Note that in the revision we have
now re-analyzed the dataset with 6 knots as determined using the AIC. The branching event now
lies between knot points 1 and 3, and therefore we choose to adopt the earlyDETest between these
knot points. In order to better argument this selection, we have now incorporated this Figure in the
Supplementary Figures, and refer to it in the analysis of the olfactory epithelium case study on lines
716-717 in the revised manuscript:
“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 S22 and Figure 6d).”
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Supplementary Figure 22: Olfactory epithelium trajectory with knots. Three-dimensional PCA plot of the
scRNA-seq data from Fletcher et al. [2017], 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.

4. Are the datasets pre-filtered at all or was a GAM fit for every gene?

The datasets in the simulation study are not filtered. Datasets in both case studies have been filtered
to contain genes with reasonable expression levels. We have now specified this in the ’Methods’ section
of the specific case studies.

• Bone marrow dataset, on lines 379-380: “We use the same dataset from the Monocle 3 vignette,
which has been prefiltered to contain genes with relatively high expression. Upon filtering, the
dataset consists of 3004 genes and 2660 cells.”

• Olfactory epithelium dataset, on lines 400-402: “ Prior to the analysis, the dataset is filtered for
genes with reasonably high expression, and we consider 14, 261 genes and 616 cells for downstream
analysis.”

1.4 Figure comments

1. Figure 1 says “knots = c(1, 2).” but it’s unclear what that actually means.

We have now addressed this in the revised version of the manuscript, where the relevant part of the
caption for the current Figure 2 (which used to be Figure 1 in the original version of the manuscript)
now states:
“In the table, we assume that the earlyDETest is used to assess differences in expression patterns early
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in the lineage, e.g., with option knots = c(1, 2), meaning that we test for differential patterns between
the first and second dashed grey lines from panel b.”

2. Figure 3. How is the clustering done here? In the six clusters, I assume each gene has
a green and an orange line, but how are they so consistent within a cluster? Are the
data-points used to cluster pulled from both lineages?

Yes, first a GAM is fitted for each gene. Subsequently, the estimated profiles for both lineages are
extracted for each gene and the genes are then clustered based on their estimated expression profiles in
both lineages. Hence, genes that are clustered together are assumed to have a similar expression profiles
in all lineages of the trajectory. We refer the Reviewer to the ’Methods’ section on the clustering, where
on lines 283-284 of the revised manuscript, the following is stated:
“The NB-GAM can also be used to cluster genes according to their expression patterns, as shown in
Figure 1. Specifically, for each gene, we extract a number of fitted values for each lineage (100 by
default).”

2 Reviewer 2

The authors describe a strategy called tradeSeq to analyze per-lineage gene expression patterns
in scRNA-seq trajectory data. In particular they have identified a set of hypothesis tests to
query for particular smooth within-lineage trends and cross-lineage comparisons. To account
for multiple testing the authors make clever use of the theory of stage-wise testing.
To model the data weighted spline regression with negative binomial likelihood is used, this is
implemented as a wrapper around the mgcv package. The strategy is similar to the strategy
implemented in the Monocle package.
While the choice of model likelihood is motivated by scRNA-seq data, there is nothing in par-
ticular about the model used which relates to the predictors being “pseudotime” and lineage
membership.
In this study the authors also perform a comparison between pseudotime and lineage assign-
ment methods identifying Slingshot as performing well.
Finally, case studies of using the different hypothesis tests in tradeSeq to answer questions
about transient and lineage-specific expression patterns are demonstrated on published bone
marrow and olfactory epithelium data.
The interpretable significance tests are solving a severe problem in the community. However,
the underlying model is not correctly compared to the alternative published methods, and the
authors claim other methods can only be applied in particular scenarios of upstream analysis,
which is only true on a highly superficial level.
The method presented by the authors requires as input a gene expression matrix, per-cell
pseudotime, and per-cell lineage membership. The same can be used with other methods.
In Monocle’s BEAM test, the significance test is performed by comparing a spline GLM which
includes an interaction between the spline parameters and the lineage membership with one
without interaction. It is implemented as a wrapper around VGAM similar to how tradeSeq
wraps mgcv. In tradeSeq regression weights are used instead of making the interaction part
of the model, but the effect will be the same. The same underlying model can be fitted in
Monocle using the differentialGeneTest method (which can also use other covariates such as
batch).
The authors claim edgeR can only be used for discrete tests, but edgeR supports arbitrary
design matrices, including ones made with splines, equivalent to the tradeSeq model or Mon-
ocle’s BEAM models.
The bifurcation test in GPFates performs a likelihood ratio calculation of two OMGP models:
one with pre-fitted cell lineage memberships, and one with equal membership to each trajec-
tory. This test could also be performed with the inputs specified for tradeSeq.
Not mentioned by the authors is the ImpulseDE2 method (Fischer et al NAR 2018), which
models temporal gene expression as “impulses”. The package allows tests within condition
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as well as contrasting which genes follow different impulse functions between conditions. The
lineage assignment can be seen as “condition” in this case. The authors of ImpulseDE2 have
also released a single-cell specific version including ZINB called “LineagePule”, but it is lacking
in documentation.
It is true that the functionality in other methods only cover the screening test scenario in
tradeSeq, but proper comparisons should still be made for this case.

We thank the Reviewer for their constructive comments. We agree with the Reviewer that the mean
model formulation of tradeSeq is similar to that of Monocle. However, we find improved results with tradeSeq
as compared to Monocle, both in the simulation study as well as in the case study. This could be an
effect of improved estimation of the dispersion parameter of the negative binomial distribution. Indeed,
Monocle adopts a method-of-moments estimator for the dispersion parameter, which is quick but statistically
inefficient.
As suggested by the Reviewer, it is possible to use a basis function expansion as design matrix in traditional
DE methods like edgeR. However, we have decided to not evaluate this approach, since the edgeR model
does not allow for shrinkage of the regression coefficients. Hence, edgeR would be prone to overfitting since
no regularization is performed to fit the smoothers. We have now added this to the manuscript when we
describe the edgeR model, on lines 344-349:
“ Note that, while edgeR was originally developed for group-based differential expression, it would be possible
to incorporate the basis functions of the smoothers as continuous covariates in the model. However, no
regularization would be performed on the estimation of the smoother regression coefficients, hence the model
would be prone to overfitting. A similar approach was evaluated in Fischer et al. [2018], where DESeq2 [Love
et al., 2014] was used to fit splines by incorporating natural cubic basis functions in the model. ”

The inference procedure applied by GPfates is indeed somewhat different from the procedure applied by
tradeSeq. With tradeSeq, we are able to build on recent theoretical developments for inference on smoother
coefficients [Wood, 2012] which, to our knowledge, are not available for Gaussian process regression. Because
of this, GPfates must rely on a computer-intensive permutation scheme, which hampers it in terms of scala-
bility, as confirmed by our novel computation time benchmark in the revised version of the manuscript. The
difference in inference methodology is therefore beneficial for tradeSeq.

We thank the Reviewer for pointing us to the ImpulseDE2 method and we have now included it in our
evaluations based on the simulated datasets. The method, however, does not perform as well as most other
methods. In addition, it requires a high computation time.

2.1 Major issues

1. The different significance testing methods (tradeSeq, Monocle differentialGeneTest, GP-
Fates OMGP likelihood ratio, ImpulseDE2) should be compared with the same input, be
it from Slingshot or other, or directly from the simulation ground truths.

In the simulation study, we have now, as much as possible, compared methods on equal grounds.
First, in the bifurcating trajectory simulation, we have now additionally compared all methods based
on the simulation ground truth, as suggested by the Reviewer. Qualitatively, the results are consistent
with our previous comparison, with tradeSeq outperforming the other methods. These results naturally
extend to the multifurcating trajectory setting. The relevant paragraph, on lines 507-515 of the revised
manuscript, states:
“ In order to avoid the comparison of DE methods being obscured by differences in the upstream dimen-
sionality reduction and trajectory inference methods, we compared tradeSeq, BEAM, and ImpulseDE2 on
the simulation ground truth. We fit the tradeSeq NB-GAM once with 3 knots, for comparability with the
BEAM approach that also uses 3 knots, and once with 4 knots, which was found to be optimal according
to the AIC (Supplementary Figure S7). The tradeSeq patternTest is unaffected by the change in the
number of knots and outperforms all other methods for differential expression analysis (Supplementary
Figure S12). The performance of the tradeSeq diffEndTest is somewhat sensitive to the number of
knots, but still better than that of ImpulseDE2 and BEAM. Generally, ImpulseDE2 performs better than
the BEAM approach. ”
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Second, in the cyclic trajectory simulation, we have compared tradeSeq slingshot with Monocle 3 once
using the default dimensionality reduction technique for each method (PCA for slingshot and UMAP for
Moncole 3), and once using UMAP dimensionality reduction for both methods. Note that the Moran’s
I test that is implemented in Monocle 3 does not use information on the trajectory, only on the reduced
dimensional representation of the cells, which obviates a comparison based on simulation ground truth.
The relevant paragraph, on lines 470-474 of the revised manuscript, states:
“We also compared both methods using the same dimensionality reduction input, by having slingshot infer
trajectories in the UMAP space that is used by Monocle 3. The performance of tradeSeq was generally
similar for both dimensionality reduction methods, except for 2 out of 10 datasets (Supplementary Figure
S6). In all datasets, tradeSeq had better performance than Monocle 3. ”

2. The default parameters for the spline regression based tests in Monocle use 3 knots, while
tradeSeq uses 10. Repeating the analysis in Supp Fig S1 going all the way down to 3 knots
would be interesting. And comparing results between Monocle and tradeSeq using the
same number of knots.

We thank the Reviewer for their thoughtful comment, which has led us to further extend tradeSeq.
The analysis in Supplementary Figure S1 has now been repeated when varying the number of knots k
down to 3 knots, as shown below. Interestingly, whereas the distribution of explained deviance remains
similar for most values of k, it is lower when using only 3 knots, which is the minimum number of knots
one can use.
This has led us to develop diagnostic plots to help future users of tradeSeq to decide on an optimal
number of knots k for the dataset at hand. This extra functionality is described in a new Methods
section, ‘Choosing an appropriate number of knots’ on line 177 of the revised manuscript, which we
copied below. We have subsequently proceeded to use this additional functionality to select an appro-
priate number of knots in the analysis of all simulated and real datasets in the manuscript. Following
this evaluation, we have now changed the default number of knots for tradeSeq to 6, instead of 10.

Choosing an appropriate number of knots

“ Ideally, the number of knots K should be selected to reach an optimal bias-variance trade-off for the
smoother, where one explains as much variability in the expression data as possible with only a few
regression coefficients (see Supplementary Figure S1). In practice, the optimal number of knots K may
be selected by evaluating the Akaike Information Criterion (AIC) using the evaluateK function imple-
mented in tradeSeq. We have deliberately chosen for the AIC as evaluation criterion, since the Bayesian
Information Criterion (BIC) seemed to favour too complex models (i.e., suggesting an excessively high
number of knots). The knots are by default positioned according to the quantiles of the pseudotime val-
ues. For example, if a smoother is fit with 3 knots, then there will be a knot at the minimum, median,
and maximum pseudotime values. The knots may be interpreted as relative markers of progress along
the trajectory. However, it is important to realize that this might not necessarily linearly correlate with
true chronological time. ”
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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. [2015], 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.

2.2 Minor issues

1. It is not clear if the joint estimation of mu and phi or the shrinkage of the spline weights
are features particular to tradeSeq or part of mgcv. They do not seem to immediately
appear in the tradeSeq code.

The joint estimation feature for the mean and dispersion parameters of the negative binomial model is
a recent development of the mgcv package and it is not a novelty implemented by tradeSeq. We have
now adapted the text in ’Methods’ on lines 164-166 of the revised manuscript to clearly specify this:
”The NB-GAM is fitted gene by gene using the fitGAM function from the tradeSeq package, which relies
on the mgcv package in R. We build upon recent developments in mgcv that allow the joint estimation
of the NB regression parameters in µgi and of the dispersion parameter φg [Wood et al., 2016].”

2. It would be interesting to see the test applied to real time-course data as a proof of con-
cept. It is not clear if any appropriate data exists, but demonstrating the method without
the caveat that it depends on trajectory inference method would be of value.

We have now also demonstrated tradeSeq’s applicability beyond scRNA-seq data, but applying it to
the bulk RNA-seq time-course study of Kiselev et al. [2015]. We have compared the tradeSeq results
with the results in the original manuscript and we now briefly describe this as one of the case studies
in the revised manuscript, on line 551. For reference, we include the text from the revised manuscript
below:
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Bulk RNA-seq time-course study

“ While in this manuscript we focus on DE analysis downstream of TI, 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. [2015], 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 over six time-points, spanning 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. 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.”

3. Clustering of genes by using values predicted from the splines is also implemented in
Monocle. Though it has not been demonstrated on bifurcating data. The RSEC based
clustering and the K-medoids based clustering used in Monocle could be compared.

We thank the Reviewer for their constructive comment. However, we note that a comparison between
RSEC and K-medoids clustering (i.e., partitioning around medoids or PAM) might be cumbersome, for
two reasons. First, the Monocle clustering will rely on the smoothers estimated by Monocle, while the
tradeSeq clustering will rely on the tradeSeq models. Since the fitted values of these smoothers will be
different, their clustering will be different, even if the same clustering algorithm is used. A comparison
between RSEC and PAM will thus be confounded by the fitted models, since it will be impossible
to know whether a ‘better clustering’ is a consequence of the difference in models or in clustering
algorithms. Additionally, RSEC encompasses the PAM clustering algorithm, and a comparison of
consensus clustering vs. clustering by individual algorithms is extensively discussed in the RSEC
manuscript [Risso et al., 2018a]. Indeed, RSEC provides a range of different clustering algorithms (e.g.,
PAM and k-means) and allows the user to derive a consensus clustering across all selected clustering
algorithms and a range of required tuning parameter values for each algorithm. Since the clustering
function implemented within tradeSeq wraps around the RSEC function of clusterExperiment, it actually
allows users to adopt the clustering algorithm of their choice. This means that, if the user selects the
PAM algorithm for clustering with tradeSeq, the clustering method reduces to PAM clustering, just
like in Monocle. However, tradeSeq also allows for more advanced options, such as deriving a consensus
clustering across several different clustering algorithms and their corresponding tuning parameters.
We have now more clearly specified this in the ’Clustering gene expression patterns’ subsection of the
’Methods’ section on lines 283-291, which is pasted below:
“The NB-GAM can also be used to cluster genes according to their expression patterns, as shown in
Figure 2. Specifically, for each gene, we extract a number of fitted values for each lineage (100 by
default). We can then use resampling-based sequential ensemble clustering (RSEC), as implemented
inclusterExperiment [Risso et al., 2018a], to perform the clustering based on the first ten principal
components of the standardized fitted values matrix (i.e., the fitted values are standardized to have
zero mean and unit variance across cells for each gene). Importantly, we allow for any clustering
algorithm that is built-in into clusterExperiment or chosen by the user to perform the clustering. This
clustering approach is implemented in the tradeSeq package (clusterExpressionPatterns function)
for downstream analysis facilitating the interpretation of DE genes.”

4. While not very important, it would be valuable to include a comparison of the runtimes of
the different methods. It will let potential users calibrate their expectations when trying
the methods themselves.

We thank the Reviewer for this constructive comment. We have added a subsection in the ‘Results’
section on line 528, called ‘Computation time and memory benchmark’, which is pasted below:
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”To assess time and memory requirements, scRNA-seq datasets with a bifurcating trajectory were simu-
lated using the same simulation 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 fitGAM function
was assessed with 4 knots, as determined in the simulation study. The different tests implemented in
tradeSeq were benchmarked separately (Supplementary Figure S15). Their running times are very small
(always below 30 seconds) as compared to the fitGAM 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 methods differences. Jobs
that reached the 4-hour mark without finishing were killed. This is the case for ImpulseDE2 on the
datasets of 103 and 104 cells, and for GPfates on the largest dataset. Memory benchmark was assesses
using the Rprof function. Maximum memory usage was recorded.
Results can be seen in Figure 3. 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 and
edgeR are quite fast and scale very well, even to large datasets. tradeSeq is slower but can still handle
the larger datasets reasonably well. In term 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.”
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Figure 3: Benchmark of computation time and memory usage. Datasets for 100, 1000 and 10000 cells are
simulated and each method is evaluated respectively 10, 2 and 2 times on each dataset to assess memory and
computation time usage. The average across iterations is plotted for each method. Methods that went over
a 4-hour mark were stopped and deemed taking too long. Source Data are provided as a Source Data File.
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Supplementary Figure S15: 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 5000 genes. The
fitGAM 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. The patternTest and
earlyDETest are slower than the associationTest, diffEndTest, and startVsEndTest, but all take under
30 seconds to run. The time requirement is constant with respect to the number of cells.

3 Reviewer 3

Single-cell sequencing technologies enable the reconstruction of developmental trajectories, but
the methods to identify differential expression patterns between lineages are still lacking. This
paper developed tradeSeq to address this question. The method is built on gene-wise negative
binomial generalized additive model (NB-GAM). Statistical testing on different trajectories
should be interesting to most developmental biologists. Although they show the method out-
performs conventional methods in simulation studies, the validation in real data analysis is not
very convincing. Major and minor revision comments are listed below.

The Reviewer raises several interesting issues that have been addressed in the revised manuscript. We
would also like to emphasize that the aim of our manuscript is not to develop novel statistical testing
procedures. Rather, we contribute a rigorous and robust statistical framework for trajectory-based differential
expression that, unlike previous approaches, provides a clear and biologically meaningful interpretation of
DE as it relates to the trajectory.

The Reviewer correctly points out that analogous versions of several statistical tests that are provided
by tradeSeq are indeed available in other software packages. We provide a software package that combines
previously developed tests and, additionally, implements novel testing procedures, leading to clear inter-
pretability of the results in the context of differential expression along or between lineages of a trajectory.
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The proposed testing procedures are deeply rooted in the generalized additive model (GAM) framework,
which has allowed us to unify all previously developed tests. Indeed, the proposed GAMs allow for gen-
eralizations of group-based (i.e., discrete) differential expression, i.e., comparing groups of cells along the
trajectory (e.g., tradeSeq’s startVsEndTest, diffEndTest), as well as more complex tests, such as assessing
patterns of differential expression (e.g., tradeSeq’s patternTest). Notably, through its modularity, tradeSeq
avoids ‘pipeline lock-in’, where some previously developed statistical tests were only available downstream of
a specific trajectory inference method.

We use the simulation study as an extensive benchmark of tradeSeq vs. other available group-based or
trajectory-based differential expression methods. This simulation study has been extended in the revised
version of our manuscript. While the Reviewer raises benchmarking and methodological comments in the
context of our case studies, we argue that some of these comments are addressed by our extensive simulation
study of over twenty datasets spanning three different trajectory topology classes. Indeed, comparing methods
on real datasets where limited to no ground truth is known for gene-level differential expression would make
for an insufficient benchmark. Our case studies illustrate the flexibility of tradeSeq when applied to real
datasets, rather than serve as a thorough benchmark of differential expression procedures.

3.1 Major ones

3.1.1 Case study/ bone marrow

1. For figure 3a & 3b, it is surprising not to see a clear separation between neutrophil and
monocyte lineages by these dimension reduction methods. These two lineages are very
different and can be clear separated by lineage analysis (such as Monocle: Nat Methods.
2017 Oct;14(10):979-982) or by PCA based on our research.

We thank the Reviewer for this thoughtful comment, although we note that other authors have also
not found a clear separation. Please note that, aside from the Paul et al. [2015] dataset that we have
used as a case study, the Monocle 2 paper mentioned by the Reviewer [Qiu et al., 2017] also describes
a second dataset that investigates myelopoiesis [Olsson et al., 2016]. In this dataset, there is indeed a
clear separation between granulocytes (which contain neutrophils) and monocytes, e.g., Figure 2 of the
paper mentioned by the Reviewer [Qiu et al., 2017]. For the dataset that we have analyzed [Paul et al.,
2015], the Monocle 2 tutorial and paper [Qiu et al., 2017] also do not recover a separation between the
neutrophil and monocyte cell lineages. For example, this is clearly shown in Supplementary Figure 16,
panel B of the Monocle 2 paper [Qiu et al., 2017], where many neutrophils and monocytes are embedded
in the same lineage of the inferred trajectory. This is again confirmed by the vignette of Monocle 3.
Hence, the separation of the two cell types seems to depend on the dataset, and it is not a consequence
of the dimensionality reduction method used, since no separation is found using either ICA (Figure 5a
in the revised manuscript), Monocle 2 (which uses DDRTRee dimensionality reduction), nor Monocle 3
(UMAP dimensionality reduction). Thus, it also does not affect our analyses with tradeSeq.

2. In the section of Discovering cell type markers, they mentioned “Since the identification
of a larger set of DE genes does not necessarily imply more relevant biology. . . ” However,
GSEA p-value is correlated with the number of input genes. The much lower p-value for
tradeSeq analysis than BEAM is also associated with much more DEGs identified from
tradeSeq. Besides, for tradeSeq, NES = 1.59 is not a high score. It may be difficult
to see an obvious enrichment pattern (based on our results, visible enrichment is usually
seen when NES >= 2). The authors should provide the GSEA plot for visualization. Only
based on the result of 1 gene set, it is not sufficient to prove tradeSeq is superior to BEAM.

The GSEA approach that we have used here only relies on the ranking of the genes to determine enrich-
ment. Since every method investigates an equal number of genes (i.e., all genes in the dataset), there
is no bias in the GSEA p-values due to different degrees of differential expression evidence between the
methods. We have now updated the manuscript to include the enrichment plots for all methods (i.e.,
tradeSeq, BEAM, and edgeR). The relevant text, on lines 596-612 in the revised manuscript, and Figure
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are provided below.

“ 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. [2016] 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 [Sergushichev, 2016] 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, in that case, 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 (Supple-
mentary Figure S18).
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 [McCarthy
et al., 2012] to assess differential expression between erythrocytes and neutrophils, since this compari-
son 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 = 0.043, normalized enrichment score=1.21) as compared to the tradeSeq analysis
(Supplementary Figure S18). ”
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Supplementary Figure S18: Mouse bone marrow dataset: Gene set enrichment plots for the erythrocyte
gene set from de Graaf et al. [2016], 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.

3. It is also surprising that none of the methods recover the evidences for neutrophils. The
authors should provide a reason for this. GO terms include a lot of items involved in
neutrophils/ granulocytes/ monocytes, which are worth to try.

We hypothesize that this is also due to possible confusion of the different datasets that have been used
in the original Monocle paper. There seems to be a separation in the dataset from Olsson et al. [2016],
while this is not obvious in the dataset from Paul et al. [2015], both according to our analysis and the
analysis from Qiu et al. [2017].

4. In the section of Discovering progenitor population markers, this can be simply done by
identify the makers genes based on clustering results and t-sne visualization, which is
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more straightforward.

In our manuscript, we argue that cluster-based comparisons in dynamic biological systems are sub-
optimal. In the subsection on ‘Discovering progenitor population markers’, we assess two hypotheses:
(a) identifying marker genes that are differentially expressed between the progenitor population and
the differentiated cell types; (b) identifying genes that are activated during development, but are not
differentially expressed between the progenitor population and differentiated cell types. The hypothesis
of (a) might indeed similarly be assessed by comparing clusters of the progenitor cell population vs. the
differentiated cell types, which is also what we describe in the ‘Methods’ section of the startVsEndTest
procedure on lines 219-222 in the revised manuscript:
“Note that contrasting the start and endpoints of a lineage is a special case of a more general capability
of tradeSeq to compare the average expression between any two regions of a given lineage. As such, this
test can be considered a generalization of cluster-based discrete DE within a lineage (e.g., [Risso et al.,
2018b]).”
However, the second hypothesis (b) is far more difficult to assess using cluster-based comparisons. In-
deed, it is unclear which clusters should be compared if one wants to assess gene expression differences
during development, rather than at the start vs. end stage of a trajectory. Importantly, the activation
may also happen within a single cluster, which would be missed with cluster-based comparisons, but
not with the flexible GAM models that are proposed in our manuscript. Thus, while we agree that
visualization of interesting genes by coloring cells in t-SNE dimensions according to their respective
expression levels is a useful tool, we do not believe that the hypotheses that are considered in the
‘Discovering progenitor population markers’ section could be evaluated by looking at t-SNE plots of
clustering results.

3.1.2 Mouse olfactory epithelium dataset

1. For within-lineage DE, Monocle has the similar function to identify the genes significantly
associated with pseudotime. So it is not a novel function, either

While we acknowledge that an analogous version of tradeSeq’s associationTest is implemented in
Monocle, we would like to stress several advantages of our approach: (i) The Monocle test only allows
to assess association of gene expression levels and pseudotime across the entire trajectory, while we
allow for lineage-specific assessment of association of expression and pseudotime; (ii) the Monocle test is
implemented in a way that, currently, is only compatible downstream of Monocle trajectory inference,
while tradeSeq is modular and can be applied downstream of any trajectory inference method; (iii)
the tradeSeq associationTest is more powerful than the Monocle approach, as demonstrated in our
simulation study.

2. For between-lineage DE, patternTest may be the most interesting function in tradeSeq.
But validation, with just some gene set enrichment results, is not sufficient to show how
robust their method is.

The purpose of the case studies is not to demonstrate the robustness of our methods. Instead, we
refer the Reviewer to our extensive simulation study, where we have thoroughly benchmarked all meth-
ods. The case studies only illustrate the flexibility of our method. In particular, tradeSeq is the
only trajectory-based differential expression analysis method that can be applied to the mouse olfac-
tory epithelium dataset, since (i) this dataset is zero-inflated and (ii) the trajectory consists of more
than two lineages. With tradeSeq, we are able to prioritize potentially interesting candidate genes for
downstream biological validation, while none of the other methods would be capable of appropriately
analyzing this dataset. While biological validation of our suggested results is very interesting from a
biological perspective, this is not the main goal of our manuscript.

3. What is the computational complexity of the proposed method? Computing time and
memory use should be discussed for both simulation and real studies.
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We thank the Reviewer for this constructive comment. We have added a subsection in the ’Results’
section on line 528, called ‘Computation time and memory benchmark’, which is pasted below:

“ To assess time and memory requirements, scRNA-seq datasets with a bifurcating trajectory were
simulated using the same simulation 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 or 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 fitGAM function
was assessed with 4 knots, as determined in the simulation study. The different tests implemented in
tradeSeq were benchmarked separately (Supplementary Figure S15). Their running times are very small
(always below 30 seconds) as compared to the fitGAM 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 methods differences. Jobs
that reached the 4-hour mark without finishing were killed. This is the case for ImpulseDE2 on the
datasets of 103 and 104 cells, and for GPfates on the largest dataset. Memory benchmark was assesses
using the Rprof function. Maximum memory usage was recorded.
Results can be seen in Figure 3. 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 and
edgeR are quite fast and scale very well, even to large datasets. tradeSeq is slower but can still handle
the larger datasets reasonably well. In term 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.”
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Figure 3: Benchmark of computation time and memory usage. Datasets for 100, 1000 and 10000 cells are
simulated and each method is evaluated respectively 10, 2 and 2 times on each dataset to assess memory and
computation time usage. The average across iterations is plotted for each method. Methods that went over
a 4-hour mark were stopped and deemed taking too long. Source Data are provided as a Source Data File.
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Supplementary Figure S15: 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 5000 genes. The
fitGAM 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. The patternTest and
earlyDETest are slower than the associationTest, diffEndTest, and startVsEndTest, but all take under
30 seconds to run. The time requirement is constant with respect to the number of cells.

4. For NB-GAM model, does the algorithm always converge? What about the ZINB model
that was also discussed in the manuscript.

The fitting procedure for the NB-GAM is not guaranteed to converge for every single gene in a dataset.
Convergence very much depends on the filtering of the dataset. If strong filtering has been adopted
and only genes with relatively high expression are retained, the procedure typically converges well. The
NB-GAM is typically much harder to fit for genes with very low expression (e.g., zero expression in
all but a few cells). The fitting also becomes more difficult with more lineages in the trajectory and
when incorporating zero inflation weights. In our case studies, we have filtered out the genes with
very low expression, improving the fitting of the models. For example, the fitting procedure converged
for all genes in the mouse bone marrow dataset from Paul et al. [2015], while for the mouse olfactory
epithelium dataset of Fletcher et al. [2017], where three lineages are present and zero inflation weights
are adopted, the fitting failed for 0.8% (120 out of 14, 261) of the genes. In the revised version of
the manuscript, we have added this information to the introductory paragraph of the mouse olfactory
epithelium case study in the ’Results’ section at lines 660-661 in the revised manuscript, which states:
“We were unable to fit a model for 0.8% of all 14,261 genes due to convergence issues of the ZINB-
GAM.”

5. If the data are from multiple individuals with non-ignorable batch effects, how would the
method handle it? How would individual information be incorporated into the model?
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If data are from multiple individuals, tradeSeq allows to incorporate the individual effect as a fixed
effect in the model. This properly accounts for the nesting of cells within each individual, and allows
for valid statistical inference for the hypotheses of interest, such as assessing differential expression
patterns with the patternTest or DE between the lineage endpoints with the diffEndTest, across all
individuals in the dataset. More complex normalization procedures, that estimate variables to account
for complex batch effects, such as RUV or ZINB-WaVE, can also be used as input to tradeSeq.

3.2 Minor ones

1. The data visualization is weak throughout all the paper. For example, all the gene set
enrichment results are in supplementary tables, which is not convenient and make paper
difficult to read. Top or selected gene sets could be shown in main figures.

The gene set enrichment results serve to demonstrate the relevance of the genes that are discovered by
tradeSeq. We have avoided having to select gene sets from a long list of significant gene sets, and only
show the top 20 gene sets in Supplementary Tables. We have therefore chosen to not show selected gene
sets in main figures. Please also note that the gene set enrichment statistics in the olfactory epithelium
case study are based on gene set overlap with the differentially expressed genes at a particular FDR
level, and not on the ranked gene list, so we can show, e.g., the relevance of genes uniquely discovered
by tradeSeq (Supplementary Table S3), or the top genes discovered by tradeSeq (Supplementary Table
S1). Hence, this obviates the traditional gene set enrichment analysis plots.

2. In general, the authors should focus on the patternTest function, which harbors the high-
est novelty in this paper, and provide sufficient evidences to demonstrate how robust it is.

We believe that our manuscript provides valuable contributions beyond the patternTest. Indeed,
BEAM and GPfates perform similar tests, though they are less powerful and limited to only two-lineage
trajectories. The particular novelty of our manuscript is that we provide a range of interpretable
hypothesis tests that are all built on the NB-GAM framework of tradeSeq. Moreover, tradeSeq is
modular and hence may be used downstream of several trajectory inference methods, as shown in our
simulation study. This opens the door to trajectory-based differential expression analysis downstream
of future trajectory inference methodology that might perform even better than the current state-of-
the-art. Furthermore, tradeSeq is capable of handling more than two lineages and uniquely allows to
account for zero inflation.
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Reviewer #1: 

Remarks to the Author: 

The authors have done a great job addressing my previous comments and I have no additional 

concerns. 

 

 

 

Reviewer #2: 

Remarks to the Author: 

Review 

 

In this revision, Van den Berge et al have included a large number of benchmarks and 

clarifications missing from the original submission. 

 

The reason for excluding edgeR due to not performing shrinkage seems arbitrary, but the work is 

still substantial. If the authors would elect to also demonstrate to the reader the results of using 

edgeR it would further strengthen the manuscript, but not required in the current state. 

 

Similarly, it would have been better if the clustering method had been compared to k-medoids on 

the fitted tradeSeq parameters (using the same R package as Monocle wraps). It is of interest to a 

reader to see how RSEC on the principal components compares of fitted parameters compares to 

RSEC on the parameters directly, as well as k-medoids on the parameters directly. However, since 

the pattern clustering is not the primary aim of the manuscript, this can also be considered 

optional. 

 

Beside these points, the other issues have been addressed. 

 

 

 

Reviewer #3: 

Remarks to the Author: 

The authors provide reasonable changes and explanation for the major and minus issues. The 

revision is much improved. However, I still have one major concern about real data application. 

Although the proposed statistical method is very valuable for association analysis after trajectory 

analysis, the significance and application is limited by the two case studies, which are from mouse 

studies using old single cell techniques (MARS-Seq and SMART-seq). Given the fact that Droplet-

based single cell technique, particularly 10X Genomics Chromium system, has become a major 

platform in the single cell field, it will be much more useful and attractive if the author can show 

how it works on 10X data from human. In fact, there are many public 10X datasets (e.g, Wouter 

Saelens et al. Nature Biotechnology, 2019 and https://support.10xgenomics.com/single-cell-gene-

expression/datasets). In addition, the zero-inflation problem is more severe in 10X data and the 

proposed method may have more advantages in this scenario. 
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1 Reviewer 1

The authors have done a great job addressing my previous comments and I have no additional
concerns.

2 Reviewer 2

In this revision, Van den Berge et al have included a large number of benchmarks and clarifi-
cations missing from the original submission.

1. The reason for excluding edgeR due to not performing shrinkage seems arbitrary, but the
work is still substantial. If the authors would elect to also demonstrate to the reader the
results of using edgeR it would further strengthen the manuscript, but not required in
the current state.

We feel that incorporating a full comparison against edgeR with a basis function design matrix would
distract the reader from the main message of our manuscript, which is the novel diversity of statistical
testing procedures to interpret dynamic datasets, implemented in a general and modular package that
avoids ‘pipeline lock-in’. While we wish to compare our method against top performing methods from
the literature, we think it is outside the scope of this manuscript to develop methods that are not
described in the literature and compare against them.

We do emphasize that using edgeR, instead of mgcv, could be an alternative approach to fitting the NB-
GAMs that we propose in our manuscript. We note, however, that the tests implemented in tradeSeq are
implemented based on the tradeSeq or mgcv models output. If edgeR were used to fit the smoothers, one
would still be limited by the inference procedures developed within the edgeR framework for (discrete)
differential expression testing. While it would be possible to re-implement the DE tests implemented
in tradeSeq to work with edgeR output, we consider this to be out of the scope of this manuscript.

However, we note that the associationTest implemented by tradeSeq can be easily implemented in an
edgeR framework by testing whether all basis function parameters of a smoother are equal to zero,
and we have now included this evaluation in the simulation study on the cyclic topology. There, the
performance is similar to a tradeSeq-based associationTest, confirming that edgeR would be just
another vehicle to estimate the NB-GAMs proposed in our manuscript. We have now added this to the
Methods Section where we describe the edgeR method, on lines 335-347:

“ edgeR [McCarthy et al., 2012] is a discrete differential expression method, where the groups under
comparison must be defined a priori. It is therefore useful for assessing DE between, for example, an-
notated clusters or different treatment groups. For such comparisons, edgeR is a powerful method with
high sensitivity. Note that, while edgeR was originally developed for group-based differential expression,
it would be possible to incorporate the basis functions of the smoothers as continuous covariates in the

1



model. However, no regularization would be performed on the estimation of the smoother regression
coefficients, and the model would be prone to overfitting. A similar approach was evaluated in Fischer
et al. [2018], where DESeq2 [Love et al., 2014] was used to fit splines by incorporating natural cubic basis
functions in the linear predictor. Hence, while it is possible to fit smoothers by using edgeR, instead of
mgcv, we emphasize that this would merely be an alternative approach to fitting the NB-GAMs we pro-
pose in our manuscript. Indeed, edgeR does not provide an implementation of the DE tests in tradeSeq.
Only the associationTest is readily available in edgeR by testing whether all basis function parame-
ters are equal to zero and the other tests would require a similar development as presented in tradeSeq. ”

We have updated the Results for the simulation study on datasets with a cyclic topology to include the
edgeR-based associationTest on lines 482-486:

“Finally, we evaluate an edgeR-based associationTest through fitting the NB-GAMs with edgeR in-
stead of with mgcv (method edgeR assoc, see Methods for details), and note that its performance is
similar to the tradeSeq associationTest (Supplementary Figure S7). This could be expected because
few basis functions were selected for this simulation setting. In applications that require a rich basis,
however, the edgeR implementation will be prone to overfitting.”

Besides the practical arguments mentioned above, there are also more technical arguments for not
fitting the smoothers with edgeR. As mentioned before, since there is no penalization implemented in
edgeR, the smoothers would likely be prone to overfitting, especially if many basis functions are fitted,
which is not the case in the simulation studies. Related, if we are indeed fitting many basis functions,
edgeR cannot deal with the aliasing (i.e., linear dependencies) that may exist between them, which
renders inverting the design matrix, e.g., for calculating the variance on the basis function parameter
estimates β̂glk, problematic. Indeed, fitting the NB-GAMs using edgeR on the multifurcating trajectory
simulated dataset errors because of aliasing issues as soon as more than 7 knots are used, while the
mgcv package is able to deal with this.
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Supplementary Figure S7: 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 that worked on all DE methods (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 TI 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 TI methods recovered the correct topology. Here, all
tradeSeq patternTest workflows, tradeSeq slingshot end, and 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. Source data are provided as a Source Data file.

2. Similarly, it would have been better if the clustering method had been compared to k-
medoids on the fitted tradeSeq parameters (using the same R package as Monocle wraps).
It is of interest to a reader to see how RSEC on the principal components compares of
fitted parameters compares to RSEC on the parameters directly, as well as k-medoids on
the parameters directly. However, since the pattern clustering is not the primary aim of
the manuscript, this can also be considered optional.

We agree that it is of interest to benchmark different procedures for clustering genes, also for other
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applications, e.g., gene co-expression analyses. We have therefore evaluated the stability of gene clus-
ters on the dataset form Paul et al. [2015]. As in the manuscript, we cluster the tradeSeq fitted values,
and we benchmark three different approaches: RSEC based on PCA of the fitted values (default RSEC
implementation), RSEC based on the fitted values directly, and PAM clustering as implemented in the
cluster package, also used by Monocle.
While comparing clusterings with different numbers of preset clusters using criteria such as the average
silhouette width is appropriate, this is inappropriate for comparing different clustering methods, as it
is biased in favor of clustering procedures that use the same (dis)similarity measure as the silhouette
width. We therefore resort to non-parametric bootstrapping of the cells and assess the stability of
clusterings over the bootstrap samples, as compared to the original clustering based on the full dataset,
using the adjusted Rand index (ARI) [Hubert and Arabie, 1985]. We have now added a sentence to
the ‘Gene expression families.’ paragraph in the Results section, on lines 653-655, and a corresponding
Supplementary Figure, which we also show below.

“ In general, we found that RSEC clustering provides a more stable clustering than Partitioning around
medoids (PAM) (Supplementary Figure S20), the latter of which is also used by Monocle to cluster
genes.”
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Supplementary Figure S20: Stability of clustering methods across bootstraps. Boxplots (center line, median;
box limits, upper and lower quartiles; whiskers, 1.5× interquartile range) of the clustering stability are shown.
Clustering stability is evaluated using non-parametric bootstrapping based on all genes found to be significant
on a 5% FDR level by the patternTest in the case study dataset from Paul et al. [2015]. For each iteration,
cells are sampled with replacement, and we refit the NB-GAM using tradeSeq, after which we cluster genes
based on the tradeSeq fitted values, using Partitioning around medoids (PAM), and RSEC. We compare
against PAM since this method is also used in Monocle for gene clustering. For RSEC clustering, we evaluate
both clustering on the fitted values directly (method ‘RSEC noDR’ in the Figure) as well as clustering after
dimensionality reduction (method ‘RSEC’ in the Figure) with principal component analysis (the default
for the RSEC method as implemented in clusterExperiment, the number of retained principal components
are automatically determined by the method). 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) [Hubert and Arabie, 1985]. For computational reasons, we restricted this evaluation to six bootstrap
iterations.

Beside these points, the other issues have been addressed.

3 Reviewer 3

The authors provide reasonable changes and explanation for the major and minus issues. The
revision is much improved. However, I still have one major concern about real data appli-
cation. Although the proposed statistical method is very valuable for association analysis
after trajectory analysis, the significance and application is limited by the two case studies,
which are from mouse studies using old single cell techniques (MARS-Seq and SMART-seq).
Given the fact that Droplet-based single cell technique, particularly 10X Genomics Chromium
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system, has become a major platform in the single cell field, it will be much more useful
and attractive if the author can show how it works on 10X data from human. In fact, there
are many public 10X datasets (e.g, Wouter Saelens et al. Nature Biotechnology, 2019 and
https://support.10xgenomics.com/single-cell-gene-expression/datasets). In addition, the zero-
inflation problem is more severe in 10X data and the proposed method may have more advan-
tages in this scenario.

We have now incorporated a fourth case study dataset on adipocyte differentiation from the 10x Ge-
nomics platform. The data were recently published in Merrick et al. [2019]. We have fitted the trajectory
using slingshot and performed differential expression analysis using tradeSeq, leading to interesting discover-
ies in gene expression patterns along the lineages of the trajectory. In the analysis, we do not account for
zero inflation, since it has previously been shown that accounting for zero inflation is not beneficial for 10x
datasets [Van den Berge et al., 2018, Svensson, 2019]. Indeed, although there are many zeros in 10x datasets,
the positive counts are also low, which hampers zero inflation detection since both zeros and low positive
counts typically fit well under a (non zero-inflated) negative binomial distribution.
In the revised manuscript, we have now updated the text in the Methods and Results Sections to include the
10x adipocyte differentiation dataset, on lines 415-427 (Methods) and 745-760 (Results), which we also show
below, including the corresponding Figures.

Methods:
“As final case study, we analyze a 10X adipocyte differentiation dataset described in Merrick et al. [2019].
The gene expression counts were downloaded from GEO with accession number GSE128889. We focus the
analysis on the single cells collected from 12-day old mice. The raw dataset consists of 27, 998 genes and
11, 423 cells. We only retain genes with a count of at least 2 in at least 400 cells, and normalize the data
using full quantile normalization [Bolstad et al., 2003]. Since not all cells in the dataset are involved in
the adipocyte differentiation process, we first identify the relevant clusters of cells using the marker genes
described in the original manuscript. We adopt k-means clustering (k = 10) on the top 8 principal compo-
nents of log-transformed counts. Using this clustering, we identify the relevant clusters based on the reported
markers, and subsequently adopt UMAP dimensionality reduction [Becht et al., 2019, McInnes et al., 2018]
on the top 20 principal components for that subset of cells. The processed dataset consists of 2, 851 genes and
8, 071 cells. We use slingshot [Street et al., 2018] for trajectory inference in 2D UMAP space.”

Results:
“ As final case study, we reanalyze a 10X scRNA-seq dataset from Merrick et al. [2019], 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 S26) based on the trajectory inferred
by slingshot in 2D UMAP space. Similar to the original manuscript, the progenitor cells differentiate in two
different cell populations (Supplementary Figure S27). While we confirm Dpp4+ and Wnt2 as interstitial
progenitor markers, we discover several other markers as top genes of our startVsEndTest procedure that
are even more pronounced, e.g. Pi16, Akr1c18, Fn1 and Fbn1 (Supplementary Figure S28). In addition,
we search for markers differentiating the two differentiated cell populations. Since these are relatively large,
heterogeneous groups of cells, the diffEndTest is not representative for the entire set of cells, however, the
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 Meox2; Supplementary Figure S29), 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 Col14a1; Supplementary Figure S30)).”
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Supplementary Figure S26: 10X case study: 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 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, 1.5× 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 S27: 10X case study: Inferred trajectory. The scRNA-seq data is 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 S28: 10X case study: Top markers for progenitor cell population. The scRNA-seq data
is plotted in 2D UMAP space, and each cell is colored according to the expression of the corresponding gene,
divided in 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 [Merrick et al., 2019].
Other plots are top genes identified with the startVsEndTest procedure in tradeSeq.
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Supplementary Figure S29: 10X case study: Genes upregulated in the adipocyte precursor stage and a single
differentiated cell type. The scRNA-seq data is plotted in 2D UMAP space, and each cell is colored according
to the expression of the corresponding gene, divided in 4 bins, where blue corresponds to low expression and
red corresponds to high expression.
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Supplementary Figure S30: 10X case study: Genes sporadically upregulated across the entire lineage for a
single differentiated cell type. The scRNA-seq data is plotted in 2D UMAP space, and each cell is colored
according to the expression of the corresponding gene, divided in 4 bins, where blue corresponds to low
expression and red corresponds to high expression.
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Reviewers' Comments: 

 

Reviewer #2: 

Remarks to the Author: 

The remaining issues have been resolved by the authors. 

 

 

 

Reviewer #3: 

Remarks to the Author: 

Authors have addressed my comments by adding a new case study on 10X data. The results are 

expected and consistent with other datasets. I have no further comments. 


