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Reviewers' Comments: 

 

Reviewer #1: 

Remarks to the Author: 

This manuscript proposed a trajectory inference method VIA, which is a graph-based approach 

utilizing lazy-teleporting random walks with MCMC refinement. In contrast to the single-cell graph 

based random walk methods, like DPT, the random walks of VIA are based on the cluster-graph so 

that it can reduce the time for pseudo-time inference and improve its robustness to different 

parameter settings. VIA does not make any assumptions on the trajectory structures so that it is 

flexible to characterize variety of topologies. Besides, the case studies of VIA on several real single-

cell omics datasets along with validation of in-situ fluorescence image capture also valid the analysis. 

Overall, the paper is well written and provides sufficient supplementary details. I have the following 

questions and suggestions about the method and its applications to improve the manuscript. 

 

VIA has been shown to be effective for rare branch detection, which implies, on the other side, it may 

also be sensitive to the data noises. How does its performance change with the increasing noise level 

of the data? 

For graph edge accuracy, which is computed based on an F1-score. I think a false negative is: there 

exists an edge to connect to cell types that are not connected in the reference. Besides, since you 

compared VIA with Monocle3, PAGA, Slingshot…, what are the parameter settings of these algorithms? 

As the comparisons with other algorithms, you are supposed to search for many other parameters 

which may affect the performance apart from number of pcs and KNN. In the other experiments, this 

suggestion also holds true. 

In Fig2.b, when you varied K in (KNN), the Graph edge accuracy of mnoncle3 is not changed. I 

wonder whether it is a true or not? Can you explain this? 

In Fig3, if you would like to compare VIA with other algorithms under different number of pcs and 

KNN, a grid search of all the integers between 20-200 and 10-70 is more reasonable. Also, since the 

cluster are detected by PARC, I am interested in that whether the robustness to the number of pcs is 

mainly because of PARC, can you further confirm this? 

In the experiment of E15.5 murine pancreatic cells, you said that ‘VIA detects small endocrine Delta 

lineages and Beta subtypes’. Which part of the algorithm lead to this? PARC, or the lazy-teleporting 

MCMC? 

For Fig7, since Slingshot is an algorithm that orders each single cell on the inferred cell lineage, while 

VIA just infers the trajectory of cell clusters. It seems unfair to compare these two algorithms 

considering time consuming. 

VIA first represents the single-cell data in a k-nearest-neighbor (KNN) graph where each node is a 

cluster of single cells. However, VIA cannot infer the trajectories of single cells. Since the cell fate 

decision and changes of gene expression in single cells (especially the cells around bifurcation) are 

more important. Can the lazy-teleporting MCMC be applied to single cells in the PARC clusters to 

derive single cell trajectory? 

 

Minor comments: 

The 2D embedding plots of VIA and benchmarking methods in Figure 2 seem to be colored by different 

ways and the color legends are not displayed, which may be confusing. 

The sizes in the figure texts are not unified and some of them are too small to read. 

Fig1, caption, line84, ‘can remain (orange arrows)’ -> ‘can remain Lazy (orange arrows)’ 

Fig2.a, M6 is missing on the first graph. 

 

 

 

Reviewer #2: 

Remarks to the Author: 

The manuscript describes the development of a trajectory inference of large single cell datasets 

generated for example by scRNA-seq, imaging mass cytometry or imaging flow cytometry. There are a 



plethora of algorithms that been designed to do exactly this task and the manuscript demonstrates 

advantages over a selection of these algorithms using a range of toy and real world data. 

 

However this is a fast moving field and new algorithms appear almost monthly which appear to be 

capable of solving the same problems this approach is designed to be optimised for. For example how 

does this algorithm compare with 

 

STREAM (Chen et.al. Nat. Comms, 2019) - which also compares performance with the algorithms 

benchmarked here and others such as scTDA, Wishbone, TSCAN, 

SLICER, DPT, GPFates, Mpath, SCUBA which are not benchmarked in this work. 

 

TinGa (Todorov et. al., BioInofrmatics 2020) - which appears to work well for the cycle and more 

complex geometries. 

 

Tempora (Tran et.al. PLOS COMPUTATIONAL BIOLOGY 2020) 

 

and these are to name just a few. 

 

Also an example is given of the analysis of the cell cycle progress of cells using Imaging Flow 

Cytometry. However this type of analysis has been carried out previously (Blasi et.al. 2016, Eulenburg 

2017 - Nat Comms) and the trajectory is not very complex so a simple diffusion map approach can 

work here. 

 

The authors also use an ergodic approach (Kafri et.al.2013 Nature) to infer details about certain cell 

characteristics, however as Kafri discussed, care must be take to not use any predictor measure 

corrected to the response variable i.e. if you are inferring dry mass, volume then no correlated 

variables (e.g. cell radius, area etc) should be used in the pseudo time alignment. 

 

I believe the manuscript is probably better suited to a method type journal as it appear to be an 

addition to an already large set algorithms to do this job and also the details of some of the examples 

need to be further elucidated as discussed above. 

 

 

 

Reviewer #3: 

Remarks to the Author: 

1) This paper presents the VIA method for inferring trajectories in single-cell data, regardless of the –

omics type. It relies on one metric, the F1-score (that assesses how accurately cell fates were 

identified by each method), to assess the accuracy of the VIA method and compare it to 5 state-of-

the-art methods. This F1-score seems too weak of a metric to me, as it doesn’t capture the structure 

of the returned trajectory. I can think of different trajectories (successively bifurcating, trifurcating, or 

even disconnected), that could have exactly the same cell fates, and thus return the same F1-score. I 

would thus recommend adding a second metric, next to the F1-score, that would capture the topology 

of the different trajectories. Moreover, the F1-score metric that was chosen by the authors doesn’t 

allow them to compare all the tools that they included in the study (as PAGA doesn’t automatically 

detect terminal states). If the paper chose to use only one metric to compare all methods, this metric 

should at least allow to compare all methods. In my opinion, the paper would benefit from adding at 

least one more metric to compare the methods on. 

 

2) Small comment related to the previous one: in figure 2a), the authors state that the F1-score can’t 

be computed for PAGA as this method doesn’t automatically return cell fates. However, an F1-score 

was then computed for PAGA for the cyclic dataset (presented figure 2b), and disconnected dataset 

(presented in figure 2c). Please clarify in the text, in the methods, or in the description of figure 2 how 

and why the F1-score was computed for some datasets but not for others. The fact that the F1-scores 



presented on the right of figure 2 correspond to a different set of methods for each dataset is 

confusing. 

 

3) It is unclear to me why, in each figure where VIA is compared to other methods, it is not being 

compared to all the other methods. For example, why did the authors choose not to include the results 

of PAGA in figure 4? Of Monocle3 in figure 7? 

 

4) The paragraph starting at line 378 should, in my opinion, be re-phrased. Historically, the first 

trajectory inference (TI) tools were designed to be applied on cytometry data (Wanderlust, Monocle). 

This type of data contains a much better ratio of cells over features than scRNA-seq data, and suffers 

less from sparsity, which typically makes it easier to find trajectories in this type of data. However, the 

way the paragraph is written now, the authors seem to suggest that most TI methods can only handle 

transcriptomic data, and that handling cytometry data would be a new advantage of VIA. I would thus 

advise to rephrase this paragraph to avoid misleading the reader. 

 

5) The authors emphasize the fact that VIA doesn’t require any user input parameters, compared to 

other methods. Only when reading the methods section do we discover that VIA needs the user to 

define a starting point to run. This should be stated earlier in the paper in my opinion (around line 25 

for instance), as this is an information that any potential user of the method will be interested in. Side 

comment: as PARC allows a fast visualisation of the data, I’m wondering if allowing the user to choose 

a starting point in this representation of the data would be a nice way to simplify the choice of a 

starting point for the user. 

 

6) The authors highlight the fact that the VIA method’s computational advantage allows it to process 

larger amounts of dimensions, avoiding information loss due to dimensionality reduction. However, 

they test VIA on all original genes only in one dataset (presented in figure 4), and apply VIA on PCs 

for the other datasets. It would be interesting to see how the method performs on the original 

dimensions and how it compares to other methods on the synthetic datasets, and in figure 3. 

 

7) Comment related to the previous one: it is surprising to see that VIA performs optimally when 

applied on > 6000 HVGs in figure 4, while Slingshot performs best on less than 2000 HVGs (which is 

more expected). This might be due to the fact that the F1-score captures only the accuracy of the end 

states recovered by the different methods, and doesn’t represent differences in topology. It would be 

interesting to see whether the same increase in accuracy is observed when using more HVGs in the 

synthetic data and in figure 3. 



REVIEWER #1 (Expertise: Trajectory inference, single cell data): 

89 This manuscript proposed a trajectory inference method VIA, which is a graph-based approach utilizing 

90 lazy-teleporting random walks with MCMC refinement. In contrast to the single-cell graph based random 

91 walk methods, like DPT, the random walks of VIA are based on the cluster-graph so that it can reduce the 

92 time for pseudo-time inference and improve its robustness to different parameter settings. VIA does not  

93 make any assumptions on the trajectory structures so that it is flexible to characterize variety of  

94 topologies. Besides, the case studies of VIA on several real single-cell omics datasets along with  

95 validation of in-situ fluorescence image capture also valid the analysis. Overall, the paper is well written 

96 and provides sufficient supplementary details. I have the following questions and suggestions about the  

97 method and its applications to improve the manuscript. 

98 R1.Q1 VIA has been shown to be effective for rare branch detection, which implies, on the other side, it 

99 may also be sensitive to the data noises. How does its performance change with the increasing noise level 

100 of the data? 

101 R1.A1 We thank the reviewer for this question and have investigated the impact of noise on VIA’s  

102 performance. We first wish to point out that a good indicator of VIA’s robustness to noise is that it works 

103 well on a wide range of real complex datasets, spanning various numbers of lineages, population  

104 abundances and wide ranges of feature and cell counts. In particular, a trait common to all scRNA-seq 

105 datasets is the high level of “drop-out” or zero-inflation of counts, which in turn intensifies challenges 

106 related to high dimensionality and unbalanced size in rare and abundant cell types (P. Qiu 2020). To  

107 conduct a more focused study on the impact of noise, we have added the following section in  

108 Supplementary Note S4 , “ Noise and drop-out in scRNA-seq data ” to the Supplementary Information: 



 

109 “We use the R package “seqgendiff” (Gerard, 2020) to add noise to the real RNA-seq datasets to intensify 

110 the attributes of noise in real data. Seqgendiff uses binomial thinning to subsample counts using the  

111 binomial distribution and reduce the total count expression by a specified factor. Before applying  

112 binomial thinning, seqgendiff randomly selects a subset of the original features (genes) so that the results 

113 are not dependent on the behaviour of a few features (genes). 

114 We first show the deterioration in VIA’s inferred topology for a synthetic 4-leaf multifurcation (Fig. S17) , 

115 when the level of noise is increased (or the signal strength is diminished) by a factor of 2 at each step.  

116 Note that prior to binomial thinning, only 10% of the original features are retained (at random) from the 

117 original input to mitigate dependency on a few select features. Since the signal in the synthetic data is  

118 strong, we can recover the overall multifurcating topology and delineate 3-4 of the 4 cell fates until a 

119 noise-factor of around 5. At higher levels of signal atrophy (Factor 7 and 8), the true structure is  

120 imperceptible. 

121 To show the impact of adding noise to a real dataset (such as the endocrine dataset where the Delta  

122 lineage is very small, and the Epsilon lineage is easily merged with the Alpha islet cells), we compare VIA 

123 to other methods in terms of the inferred topology and predicted gene trends which are computed based 

124 on the single-cell level lineage probabilities and cell ordering. Fig. S18b-c UMAPs illustrate the level of 

125 added noise showing the separation between lineages becoming obscured in the noised -data 

126 visualization. A thinning factor = 1 was used on 25% of genes as adopted in Gerard 2020 and the  

127 package vignettes.  VIA’s inferred trajectory remains true to the expected progression from endocrine  

128 progenitors, then to a forking at the Fev+ intermediate state towards different islets.  More importantly,  

129 STREAM, Slingshot and Palantir appear to suffer most from the added noise as seen by the high   

130 ‘cross-talk’ between the plotted lineage trends (e.g. in the Palantir and Slingshot trends), or the detection  

131 of only two islets (e.g. Palantir), or in the case of STREAM the compromised topology where Alpha/Beta  

132 cells are plotted along the same branch, and the Epsilon/Delta are likewise combined.”  

  
133 Fig. S17 

Impact of 

noise on 

VIA’s 

inferred 

topology for a 

synthetic 4-

leaf 

multifurcation. Noise is added using 

134 R package “seqgendiff”. 10% of the original 1000 features are sampled and retained. Then binomial thinning is  

135 applied where the aggregate signal is lowered to 2−factor its original strength. 



 

136 Fig. S18 Gene correlation for predicted lineages on the “noised” pancreatic endocrine dataset. 25% of quality 

137 filtered genes are retained, followed by factor 1 binomial thinning (a) VIA topology for noised input shows the desired 

138 progression of cells through 2 channels of Fev+ cells towards automatically identifying the 4 islets (red circles). (b) 

139 UMAP of original input (c) UMAP after applying binomial thinning blurs boundaries between the islets (d) comparison 

140 of inferred topology and gene trends shows that many methods merge lineages together and fail to detect 4 distinct  

141 islets corresponding to the Alpha, Beta, Delta and Epsilon lineages 



142 R1.Q2 For graph edge accuracy, which is computed based on an F1-score. I think a false negative is: 

143 there exists an edge to connect to cell types that are not connected in the reference. 

144 R1.A2. We thank the reviewer for the enquiry into the F1-score pertaining to graph edges. The F1-edge 

145 score is defined as follows: A false negative edge in the inferred model is when there is an edge in the  

146 reference model connecting clusters/cell types/groups that is absent in the inferred trajectory. A false  

147 positive edge in the inferred model is when an edge occurs in the inferred model that is not actually  

148 present in the reference model. A true positive edge is one that exists in the inferred model that also exists 

149 in the reference. These three measurements are used to compute the F1-score. 

t p   

150 F 1 = tp + 0.5(fp+fn) 

151 R1.Q3 In Fig2.b, when you varied K in (KNN), the Graph edge accuracy of monocle3 is not changed. I  

152 wonder whether it is true or not? Can you explain this? 

153 R1.A3. For this particular dataset, the trajectory inferred by Monocle3 did not change with respect to the 

154 value of K in KNN. Sample outputs for Monocle3 on this cyclic dataset ( Fig. S3c) do not change in terms 

155 of the milestones or edges and therefore result in the same F1-score. This is driven by the invariance of 

156 the UMAP components for this dataset, which is the input to the clustering and subsequent TI. 

157 To elaborate further on the question of Monocle3’s behaviour to changing K, we often found that  

158 Monocle3’s inferred trajectory did not necessarily reflect increased connectivity for higher K, or  

159 conversely, diminished connectivity for lower K. For instance, in all the disconnected synthetic datasets,  

160 Monocle3 tended to add edges between disconnected components. We found that decreasing K did not  

161 reliably alleviate this problem. However, we rather surprisingly found that for several of the real datasets 

162 which we know have a common precursor cell type (e.g. Pancreatic endocrine progenitors, hematopoietic 

163 stem cells), the lineage specialized cells would be disconnected from the main body of early and  

164 intermediate state cells, and thus unreachable from the progenitor cells. We could not reliably encourage  

165 connectivity by simply increasing K. As such we found that the “super groups” implied by Monocle3 do 

166 not necessarily imply truly disconnected trajectories. This suggests that perhaps the highly connected  

167 trajectory of the MOCA 1.3 Million cells revealed by VIA offers more information about the progressive 

168 specialization of cells, compared to the Monocle3 interpretation which offers a more disconnected and  

169 clustered view (Fig. 7) . 



 

186 

170 R1.Q4 Besides, since you compared VIA with Monocle3, PAGA, Slingshot..., what are the parameter  

171 settings of these algorithms? As the comparisons with other algorithms, you are supposed to search for  

172 many other parameters which may affect the performance apart from the number of PCs and KNN. In the 

173 other experiments, this suggestion also holds true. 

174 R1.A4. We thank the reviewer for their question regarding the choice of parameters in the benchmarked 

175 methods. We agree there are often several parameters left to the choice of the user, with some of these  

176 parameters only becoming apparent after various tests and runs, as some parameters tend to be  

177 ‘under-the-hood’. To address this question, we have added two tables in the Supplementary Information 

178 outlining the choice of parameter settings and when or why we chose a non-default setting: The new 

179 Table S4 summarizes the parameters selected for each dataset that were then further investigated to  

180 observe impact on performance. The new Table S5 summarizes the choice of parameter settings for each 

181 method. 

182 In general, our approach was to follow the approach shown in tutorials (Jupyter NB) of other methods  

183 which recommend parameter settings and in some cases indicate how to deviate from default parameters. 

184 In general, we found KNN and/or PC to be key parameters common to all methods and therefore chose to 

185 focus our benchmarking on these. 

 
187 Table S4: Summary of key parameters considered in benchmarked datasets. In particular, the table also 
188 summarizes the choice of root (i.e.starting point of the trajectory) and the rationale for which parameters are probed  
189 to impact TI for each dataset. 



 

190 Table S5: Summary of settings selected for benchmarked methods. Method-specific parameter settings and 

191 rationales for non-default choices are provided for each of the benchmarked methods. 

192 R1Q5. In Fig3, if you would like to compare VIA with other algorithms under different numbers of PCs  

193 and KNN, a grid search of all the integers between 20-200 and 10-70 is more reasonable. 

194 R1.A5. The suggestion to make the stress-tests more comprehensive and uniform across methods and  

195 datasets is well received. In the revised manuscript, we added a new systematic benchmarking that  

196 ensures regular increments along the number of PCs or KNN and also included Monocle, PAGA   

197 (whenever possible) and STREAM in all benchmarking analyses across datasets (as highlighted in our  

198 response to Editor’s comment)  . In new Table S5 we further explain which parameters are varied (i.e. 

199 KNN, or PC, or HVGs) and why we consider a particular set of parameters for different datasets. 



200 R1.Q6. Also, since the clusters are detected by PARC, I am interested in whether the robustness to the  

201 number of PCs is mainly because of PARC. Can you further confirm this? In the experiment of E15.5  

202 murine pancreatic cells, you said that ‘VIA detects small endocrine Delta lineages and Beta subtypes’. 

203 Which part of the algorithm leads to this? PARC, or the lazy-teleporting MCMC? 

204 R1.A6. We thank the reviewer for this interesting question regarding the dependency of VIA’s  

205 lazy-teleporting random walks on PARC, to robustly delineate rarer but distinct cell types. We have  

206 analyzed this further, and the reviewer is also invited to read the response to Editor (Point # 3). We added 

207 a new section investigating this issue in the Supplementary Note S6 , which the reader is also referred to 

208 from the Methods section (“ VIA Algorithm ”) pertaining to the clustering step: 

209 “ If the user prefers another clustering method or has group-labels of cell types according to apriori 

210 information, VIA can easily accommodate such a substitution and the robustness of the lazy-teleporting 

211 random walks to different clustering approaches is shown in Supplementary Note S6 and Fig. S30-S32 

212 for both real and synthetic data” 

213 As also explained in Supplementary Note S6 : 

214 “A key step in VIA is to reduce the single-cell graph into a cluster-graph using the PARC’s community 

215 detection algorithm. We assessed the performance of VIA when substituting PARC with another clustering 

216 method (in this case we chose Kmeans as it is representative of extremely simple but fast clustering ) to 

217 show that VIA’s teleporting-random walks still traverse and uncover the expected trajectories and their  

218 associated lineage-cell-fates. 

219 The analysis shows two key characteristics, the first is that VIA’s performance is not limited to using  

220 PARC in the clustering step ( Fig. S30a ), and the second is that given the continuous nature of the  

221 underlying synthetic data ( Fig. S30b ), VIA’s lazy-teleporting random walks still work well even when the 

222 data is not inherently highly clustered. We first tested performance on the synthetic datasets and  

223 compared the composite metric scores of VIA with PARC and with Kmeans. The composite score allows  

224 us to quantify accuracy of topology, pseudotime and F1-cell fate prediction for all synthetic datasets 

225 across various topologies and demonstrate that VIA using Kmeans yielded competitive results (Fig. 

226 S30a). 

227 Following this, we also show that the expected gene trends and progression of cells can be recovered on 

228 real data (scRNA-seq hematopoiesis and endocrine genesis). In Fig. S31-S32 , we not only show that the 

229 topology uncovered remains true to the known biological progression towards committed lineages (as  

230 verified through reference to literature of the hematopoietic and endocrine genesis processes), but also  

231 that the gene expression trends of known marker genes plotted versus the inferred pseudotime for each of 

232 the predicted lineages, reflect the expected upregulation. We set 20 as the number of clusters, however, at 

233 n=10 clusters, the megakaryocyte cells are absorbed into the larger erythroid lineage, and the dendritic  

234 cells are merged together or at times even absorbed into the monocytic lineage). 

235 Thus, a drawback of using Kmeans is that the choice of number of clusters needs to be sensible to capture 

236 the desired resolution. In a classical clustering scenario, this might be more problematic as the choice of  



237 number of clusters can incur fragmentation of cell types in order to uncover a smaller population, thus 

238 generating ‘false clusters’, or merging of dissimilar cell types if the number of clusters is set to be too  

239 low. 

240 To avoid the issue of setting the number of clusters, methods like PARC uncover the underlying  

241 granularity in a data-driven manner (without requiring a predetermined number of clusters). In PARC, 

242 the underlying graph pruning allows it to automatically detect rarer cell types. However, for the datasets 

243 considered, we found that setting K to a sensible number that captures populations of various abundances 

244 along the trajectory, still allows the relevant neighborhood information to be subsequently propagated in 

245 the random walks. These results ultimately allow the user more flexibility in their choice of how to group 

246 or cluster cells or potentially even use prior knowledge of cell types to guide the inferred trajectory.” 

 

247 Fig. S30 VIA with Kmeans clustering in lieu of PARC in the clustering step of VIA for synthetic data maintains 

248 accuracy of TI (a) VIA with Kmeans (VIA-Kmeans) and the original VIA, i.e. VIA with PARC, (VIA) are comparable in 

249 terms of performance on synthetic datasets, with both approaches maintaining a competitive advantage over other  

250 methods, particularly for multifurcations and disconnected and connected topologies (b) Synthetic datasets plotted 

251 with first two principal components show the underlying data is continuous and not composed of discrete clusters. 



 

252 Fig. S31 VIA with Kmeans clustering in lieu of PARC for endocrine genesis data (a) At 20 clusters, VIA 
253 automatically detects the 4 islets as terminal states (red circles). The topology captures the progression of lineage  

254 commitment arising after progressing from Ngn low to high EPs, followed by intermediate Fev+ cells. (b) 

255 unsupervised gene expression vs. pseudotime of lineage markers show the unique elevation of specific genes with  

256 minimal cross-talk from unrelated lineages. The two Beta subtypes are detected, with the Beta-2 subtype expressing 

257 Ins2 but not Ins1 

 

258 Fig. S32 VIA with Kmeans clustering in lieu of PARC for scRNA-seq Hematopoiesis (a) At 20 clusters, VIA 

259 automatically detects the 6 lineages specific to the pDC, cDC, Monocyte, Megakaryocyte, B cell and Erythroid cell  

260 fates (b) unsupervised gene expression vs. pseudotime of lineage markers show the unique elevation of specific  

261 genes with minimal cross-talk from unrelated lineages. Notably ITGA2B (CD41) is elevated in the Megakaryocyte 

262 lineage and CD123 is elevated in the DC lineage representing the pDCs, and CSF1R is elevated in the cDC lineage 



263 R1.Q7. For Fig.7, since Slingshot is an algorithm that orders each single cell on the inferred cell lineage, 

264 while VIA just infers the trajectory of cell clusters. It seems unfair to compare these two algorithms  

265 considering time consumption. 

266 R1. A7. We would like to take this opportunity to clarify that although VIA begins by reducing the  

267 single-cell graph to a cluster-level graph, VIA also ultimately provides a single-cell level pseudo-temporal  

268 ordering and single-cell level lineage-association probability which is used to plot the lineage-pathway 

269 and gene trends towards each individual predicted cell-fate. The projection of VIA’s inferred results to a 

270 single-cell level is included in the reported runtimes. We have now made this clearer within the main 

271 algorithm description of the main text as follows: 

272 “ The single-cell level KNN Graph constructed in Step 1 is used to project the lineage probabilities and 

273 temporal ordering derived from the cluster-graph topology onto a single-cell level. Together, these four 

274 steps facilitate holistic topological visualization of TI on the single-cell level (e.g. using UMAP or 

275 PHATE 14 ,15 ) and critically enable data-driven downstream analyses such as recovering gene expression 

276 trends and single-cell level pathways of lineages, that are essential to biological validation and discovery 

277 of lineage commitment (Methods ) ( Step 5 in Fig.1 ).” 

278 We note that Slingshot’s first stage of TI constructs an MST on the clusters of cells to delineate lineages 

279 of clusters. These lineages are then used to construct principal curves, where the pseudotime of a cell is 

280 the arc distance along a curve from the root. (Street et al. 2018). Thus, the single-cell level lineage 

281 association probabilities and pseudotimes of VIA and Slingshot offer comparable levels of resolution. 

282 In the main text, we typically show the graph-level trajectory as this often succinctly summarizes the 

283 overall topology and does not require an additional step and choice of manifold embedding. However, 

284 notable examples of the single-cell values of pseudotime ordering are shown in Fig. 6b-c where the  1.3  

285 million cells of MOCA are colored by the VIA inferred single-cell pseudotime , and the single-cell 

286 probabilistic lineage pathways for different lineages within the major groups are shown in Fig.6c . In the 

287 case of MOCA we projected the results onto the PHATE embedding, but the embedding method can be 

288 chosen by the user and the single-cell level values of VIA are independent of the type of visualization 

289 algorithm. Note that the cytometry datasets (CyTOF of 90K cells and FACED images of 3000 cells) are  

290 also displayed at both the graph and single-cell levels in Fig. 7a and Fig. 8c,e. Additionally we show the  

291 single-cell temporal ordering and lineage pathways for other endocrine and hematopoietic datasets in Fig.  

292 S7, S10, S13, S14 and S19 .  

https://docs.google.com/document/d/17hKqD3B5gmaBgnhrDUYigPD_-Ue37OFupUwD5jHxSOU/edit#smartreference=igxr9liha0sr


293 R1. Q8. VIA first represents the single-cell data in a k-nearest-neighbor (KNN) graph where each node is 

294 a cluster of single cells. However, VIA cannot infer the trajectories of single cells. Since the cell fate  

295 decision and changes of gene expression in single cells (especially the cells around bifurcation) are more 

296 important. Can the lazy-teleporting MCMC be applied to single cells in the PARC clusters to derive single 

297 cell trajectory? 

298 R1.A8. We thank the reviewer and think there are a few facets to this question. First, as we clarified in  

299 our previous response ( R1.A7 ), VIA does offer a single-cell level temporal ordering that can be used to 

300 analyze the gene trends along pseudotime at the single -cell level. Second, the granularity of the  

301 cluster-level graph is also easily controlled using the resolution parameter. The underlying cluster-graph 

302 also makes VIA readily access much larger datasets where the global topoglocial picture can be obscured 

303 at a single-cell level. Third, since we are able to extract single-cell lineage and temporal ordering of cells 

304 using the properties of the cluster-graph and neighborhood information of the original single-cell graph, 

305 we can perform unsupervised prediction of key gene changes beyond up/down regulation, and even infer 

306  more subtle changes like the slow-down in the S-phase of cell growth in the cell cycle of  

307 FACED-image-based cytometry features; predict the synchronized upregulation of GATA1 in the  

308 erythroid lineages, accompanied by the suppression of the GATA2 gene; recover different rates of change 

309 of gene expression in the pre-B cell differentiation ( Supplementary Fig. S6) which closely mirror the 

310 reference expression levels which are annotated by sampling time (in hours). 

311 While in theory it would be possible to simulate the lazy-teleporting random walks at single-cell level, it 

312 would be impractical to extend the method to this level in terms of the computational cost and runtime.  

313 Throughout our manuscript, the tests on our datasets have shown that the cluster-graph approach does not 

314 sacrifice accuracy in terms of revealing accurate topology, cell fates and analyzing the gene/feature trends 

315 of cells ordered at the single cell level. Moreover, global relationships are better retained at the  

316 cluster-graph level, which is key to interpreting massive datasets like MOCA. 

317 Minor comments: 

318 R1. Q9. The 2D embedding plots of VIA and benchmarking methods in Figure 2 seem to be colored in  

319 different ways and the color legends are not displayed, which may be confusing. 

320 R1.A9 Thank you for pointing this out, we have now added legends for the different outputs to guide the 

321 reader. 

322 R1. Q10. The sizes in the figure texts are not unified and some of them are too small to read. 

323 Fig1, caption, line84, ‘can remain (orange arrows)’ -> ‘can remain Lazy (orange arrows)’ 

324 Fig2.a, M6 is missing on the first graph. 

325 R1.A10. Again, thank you for pointing this out, we have amended these typos accordingly too. 



326 REVIEWER #2 (Expertise: Cell cycle analysis using flow cytometry data): 

327 The manuscript describes the development of a trajectory inference of large single cell datasets generated 

328 for example by scRNA-seq, imaging mass cytometry or imaging flow cytometry. There are a plethora of 

329 algorithms designed to do exactly this task and the manuscript demonstrates advantages over a selection 

330 of these algorithms using a range of toy and real world data. 

331 R2. Q1. However this is a fast moving field and new algorithms appear almost monthly which appear to 

332 be capable of solving the same problems this approach is designed to be optimised for. For example how 

333 does this algorithm compare with 

334 ● STREAM (Chen et.al. Nat. Comms, 2019) - which compares performance with the algorithms 

335 benchmarked here such as scTDA, Wishbone, TSCAN,SLICER, DPT, GPFates, Mpath, SCUBA 

336 which are not benchmarked in this work. 

337 ● TinGa (Todorov et. al., BioInformatics 2020) - which appears to work well for the cycle and more 

338 complex geometries. 

339 ● Tempora (Tran et.al. PLOS COMPUTATIONAL BIOLOGY 2020) 

340 R2. A1. We thank the reviewer for their suggestion to consider other methods that have also been  

341 developed with the aim of achieving complex trajectory inference. We selected the methods we  

342 benchmark based on strong performance in a recent benchmarking analysis (Saelens et al. 2019) as well 

343 as certain prerequisites shown to be satisfied within their papers, i.e. the ability to automatically predict  

344 cell fates and lineages on non-tree topologies, scale to large number of cells and even handle various omic 

345 data types (i.e. Palantir, Slingshot, Monocle3). We note that although PAGA does not provide automated 

346 cell fate prediction, its scalability and flexibility with regards to topology and single-cell modalities, and 

347 the ability to integrate DPT to extract single cell pseudotime, make it largely relevant to our analysis.  

348 Here we outline our rationale for choosing whether or not to include STREAM, TinGa and Tempora: 

349 STREAM (Chen et al., 2019): We have now included STREAM in our benchmarking analysis for all   

350 datasets (real and synthetic) across all stress-tests. STREAM offers pseudo temporal ordering and cell fate 

351 lineage prediction on real datasets and can be included in most of the comparative analyses within our  

352 paper. We note that the methods Chen et al., chose to benchmark in their paper all performed significantly 

353 worse in the Saelens et al. 2019 benchmarking study, than the methods we already included in our paper. 

354 It focuses on tree-like trajectories and also lacks scalability (taking 4 hours on high-dimensional data of 

355 500 features and 2000 cells, and over 6 hours on high cell count of 1 Million MOCA cells of 30 PCs). 

356 TinGa (Todorov et al, 2020): While TinGa is an interesting new method, it does not predict cell fates or 

357 lineage pathways which we view as an essential part of real-data analysis to facilitate unsupervised 

358 analysis of lineage committed cells, the differentiation pathways and the gene expression along their  

359 respective lineages. Without this information, TinGa would require manual setting of cell fates and the  

360 associated lineage pathways in order to be included in the benchmarking conducted on the real datasets in 

361 our paper. We also noticed that Todorov et al.’s testing of real data is generally limited to smaller and  

362 simpler scRNA-seq datasets. As such, STREAM appears to be better suited to the benchmarking  

363 framework used in this paper. 
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364 Tempora (Tran et al., 2020): This is also an interesting tool but is tailored to transcriptomic data which  

365 (preferably) have temporal annotations that can be used to guide the trajectory. Tempora is also designed 

366 to incorporate Gene Ontology terms to create a pathway enrichment profile which removes redundant  

367 pathways. Tran et al., show that without the use of GO terms - which would be the case for non  

368 transcriptomic data - the accuracy of Tempora (as Tran et al. show in their paper) falls below that of 

369 methods they benchmarked. 

370 Additionally, Tempora does not automatically detect cell fates and their lineage pathways or offer  

371 single-cell level ordering of cells, all required for the unsupervised plotting of gene trends along detected 

372 lineages. This again makes it difficult to effectively benchmark, particularly for real data. 

373 We do acknowledge that in the case of time series data, it is useful to incorporate the sampling time labels 

374 and is a feature we would consider adding to VIA in future releases. Such a feature would resemble  

375 FlowMAP which uses the adjacency of temporal annotations to determine the graph-edge connectivity. 

376 We therefore consider the set of chosen methods for benchmarking - now including STREAM - to be a 

377 fair representation of ‘state-of-the-art’ methods. We show below ( R3.Q1 ) the performance of STREAM 

378 on the synthetic datasets and refer to our other dataset specific figures in the main text and gene- trend 

379 plots ( Supplementary Fig. S9, S11, S15 ) for comparison on real data. We have also added a note in the 

380 revised main text and method section highlighting the general rule-of-thumb for choosing methods for 

381 benchmarking: 

382 “....lazy-teleporting random walks allow VIA to consistently identify pertinent lineages that remain  

383 elusive or even lost in other top-performing and popular TI algorithms we benchmark (Saelens et al.,  

384 2019), which are chosen for comparative analysis conditional on meeting several of the following  

385 criteria: automated lineage path and cell fate prediction, recovery of complex topologies not limited to  

386 trees, scalability and generalizability to multiple single-cell-modalities.” 

387 In the Methods section: 

388 “The methods were chosen based on their superior performance in a recent large-scale benchmarking 

389 study 4 , including a select few recent methods claiming to supersede those in the study. Specifically, recent 

390 and popular methods exhibiting reasonable scalability, and automated cell fate prediction in 

391 multi-lineage trajectories, not limited to tree-topologies, were favoured as candidates for benchmarking 

392 (See Supplementary Table S1 for the key characteristics of methods). Performance stress-tests in terms of 

393 lineage detection of each biological dataset, automated gene trend prediction along lineages, and  

394 pseudotime correlation were conducted over a range of key input parameters ... Methods that focus  

395 exclusively on a single data modality or on topology without predicting cell fates and their lineage  

396 pathways (e.g. Tinga, Tempora) were generally not included in the benchmarking as they would require 

397 manual selection of cell fates and differentiation pathways.” 

398 R2.Q2. An example is given of the analysis of the cell cycle progress of cells using Imaging Flow  

399 Cytometry. However this type of analysis has been carried out previously [Blasi et.al. 2016, Eulenburg 

400 2017 - Nat Comms]. The trajectory is not very complex so a simple diffusion map approach can work. 

https://docs.google.com/document/d/17hKqD3B5gmaBgnhrDUYigPD_-Ue37OFupUwD5jHxSOU/edit#smartreference=pwzzqt446v1
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401 R2.A2. We thank the reviewer for drawing our attention to two very interesting papers using imaging  

402 flow cytometry to analyse the cell cycle process. Blasi et al. showcased the ability of trained machine  

403 learning algorithms to successfully predict cell stages based on extracted biophysical features. Similarly, 

404 Eulenburg et al. also focused on a CNN trained by labeled cell cycle stages and then subsequently used 

405 the last layer of the CNN as the input to a t-SNE visualization of the cell cycle progression trend. While 

406 they represent valuable findings, we believe that VIA offers a different use case where the labels of cells  

407 are not known in advance for graph construction, temporal ordering and the subsequent feature trend  

408 analysis. The inclusion of label-free biophysical phenotypes that were absent in the above two studies (i.e.  

409 single-cell mass-density and its subcellular spatial distribution), combined with the application of VIA on  

410 FACED imaging flow cytometry demonstrates the new significance of combining label-free single-cell  

411 biophysical profiles with advanced TI methods (VIA in this case)  . 

412 Whilst the trajectory of the FACED image based cell cycle is not complex, we have now added the new 

413 Fig. S23 (also below) to illustrate that Palantir and ‘PAGA+DPT’, two methods which use Diffusion  

414 Maps do not provide a clear interpretation of the linear progression shown by the cells. For instance, 

415 PAGA forms S-shaped loops and edges which distort inference of the cell-cycle-related morphology. 

416 Palantir is highly sensitive to the choice of root cell as the diffusion map representation disperses G1 cells 

417 along the entire trajectory which means that Palantir often finds multiple ‘terminal’ states which are in 

418 fact G1 stages. Also, we note that STREAM places S-phase cells in a separate branch indicating a 

419 bifurcating structure. Moreover, VIA is the only method which shows the slow-down of the cell growth 

420 during S-phase. 



 

421 Fig. S23 FACED biophysical profiles of cell-cycles analyzed by other methods. The topologies and the temporal 

422 trend of volume inferred by other methods is shown for MCF7 and MDA-MB231. Note that for PAGA and STREAM 

423 we manually select the branches or clusters used in the trend plots. In STREAM the S cells are placed in a separate 

424 branch in a bifurcating structure. PAGA structure has an “S-shape” which we do not follow when selecting suitable 

425 clusters from G1 to G2 state. Many methods such as Slingshot and Palantir show multiple lineages ending at different 

426 stages along the cell cycle even though the root cell is selected as a G1 stage at the ‘tail end’ of the data  

427 representation. 



428 R2.Q3. The authors also use an ergodic approach (Kafri et.al.2013 Nature) to infer details about certain 

429 cell characteristics, however as Kafri discussed, care must be take to not use any predictor measure  

430 corrected to the response variable i.e. if you are inferring dry mass, volume then no correlated variables 

431 (e.g. cell radius, area etc) should be used in the pseudo time alignment. 

432 R2.A3. We thank the reviewer for this query. Taking the reviewer’s suggestion, we probed the features by 

433 removing volume and all features highly correlated with volume. Only features satisfying an absolute  

434 correlation with volume below 80% (excluding features such as cell dry mass, area, volume) were used to 

435 uncover the same size-related trends. The new results are presented in Fig. S25-S26 . 

436 Running VIA without the cell volume (and volume-correlated) features, we see that VIA still correctly 

437 uncover a clear cell-cycle progression and only identifies G2 stage cells as cell fates. It also recovers the 

438 slow down in growth during the S-phase. The results are consistent across the two different cell lines (i.e. 

439 the MCF7 and MB231 datasets). We also compare the results to PAGA and Palantir (which use diffusion 

440 components) to show that relying on the diffusion component space to infer the trajectory does not  

441 necessarily offer satisfactory results. For instance, Palantir identifies multiple intermediate cells as final 

442 cell fates even though we have carefully provided Palantir with a starting cell at a tail end of its data  

443 representation. The graph topology of PAGA, on the other hand, suffers from spurious edges that could  

444 confound intuitive interpretation and analysis of TI (e.g. Fig. S23, S25-S26 ). 

445 We would also like to clarify that in our original analysis, the volume (like any other feature) serves to 

446 guide the temporal ordering of the cells, and is not used to predict the actual values of other features. The 

447 inferred temporal ordering is then used to plot feature expression, thereby allowing us to visualize the  

448 changes in expression according to the inferred chronology. We find this to be the standard approach  

449 taken by other methods on other omics datasets where marker-gene trends are plotted even though the 

450 same gene (or highly correlated ones) were used in the TI. 

 

451 Fig. S25 Cell-cycle TI predicted without cell volume (and volume-correlated) features (MDA-MB231 cells). 
452 Volume and features with | Corr(x, volume) | > 0 .8 are removed from the input to trajectory inference. We then plot 
453 volume along the inferred cell ordering to see whether we detect the correct trend, including the slow-down in 
454 S-phase. Note that for PAGA, the clusters from a root cell to a final “G2 cluster” are manually provided. 
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455 Fig. S26 Cell-cycle TI predicted without cell volume (and volume-correlated) 
features (MCF7 cells). Volume 
456 and features with an absolute correlation with volume above 80%, i.e. |Corr(feature, volume) | > 0.8, are removed from 
457 the input to TI. We then plot volume to see if the correct trend along the inferred cell ordering is observed, including a  
458 slow-down in S-phase. Note that for PAGA, the clusters from a root cell to a final “G2 cluster” are manually provided. 

459 R2.Q4. I believe the manuscript is probably better suited to a method type journal as it appears to be an 

460 addition to an already large set of algorithms to do this job and also details of some of the examples need 

461 to be further elucidated as discussed above. 

462 R2.A4. While we acknowledge that trajectory inference is a rapidly developing field, pushing the limits  

463 of current methods in terms of the scalability along feature and sample size, and the generalizability to  

464 various topologies has neither been obvious nor straightforward (as discussed in our introduction and  

465 evident in the results presented in this work). In this manuscript, we present VIA as a new TI method,  

466 using the new strategy of lazy teleporting random walks, to demonstrate its power in many challenging  

467 single-cell TI applications (particularly discovering elusive lineages and rare cell fates) across different  

468 omics datasets, including the emergent biophysical (imaging) cytometry .  

469 Furthermore, many TI methods tackle either topology (e.g. PAGA, Tempora, TinGa), or the single-cell 

470 level ordering and lineage trends without a topological abstraction (e.g. Palantir, Slingshot). In contrast,  

471 VIA provides an analysis that can integrate the topology with single-cell level ordering and lineage 

472 prediction to allow biologists to perform a more multifaceted analysis. Another key practical  

473 consideration is that the speed of VIA allows users to experiment with different parameters and  

474 pre-processing methods as multiple runs are inexpensive. 

475 Overall, VIA represents an important technical advancement as well as a unique facilitator for new  

476 discovery by allowing biologists to design and explore multi-modal, large-scale experiments. We note that 

477 the broad interest in these key strengths is evidenced by VIA’s altmetric score of 46 on BiorXiv (top 5%  

478 of research)  . We believe the advances presented here are sufficiently impactful in the ever -growing 

479 single-cell omics community. 



480 REVIEWER #3 (Expertise: trajectory inference using single cell data): 

481 R3.Q1. This paper presents the VIA method for inferring trajectories in single-cell data, regardless of the 

482 –omics type. It relies on one metric, the F1-score (that assesses how accurately cell fates were identified 

483 by each method), to assess the accuracy of the VIA method and compare it to 5 state-of-the-art methods. 

484 This F1-score seems too weak of a metric to me, as it doesn’t capture the structure of the returned  

485 trajectory. I can think of different trajectories (successively bifurcating, trifurcating, or even  

486 disconnected), that could have exactly the same cell fates, and thus return the same F1-score. I would 

487 thus recommend adding a second metric, next to the F1-score, that would capture the topology of the 

488 different trajectories. Moreover, the F1-score metric that was chosen by the authors doesn’t allow them to 

489 compare all the tools that they included in the study (as PAGA doesn’t automatically detect terminal  

490 states). If the paper chose to use only one metric to compare all methods, this metric should at least allow 

491 to compare all methods. In my opinion, the paper would benefit from adding at least one more metric to 

492 compare the methods on. 

493 R3.A1. We thank the reviewer for the suggestion to add another metric and more directly evaluate  

494 accuracy in terms of the topology of the inferred trajectory. We agree that this would provide a more  

495 holistic platform to benchmark methods, and also allow for methods which do not predict lineages, like  

496 PAGA, to be evaluated. In the revised manuscript, we have therefore revamped the benchmarking  

497 analysis of both synthetic and real data in the following ways: 

498 Synthetic datasets: Leveraging the availability of reference models of the topologies and sampling 

499 times given by the synthetic datasets, we took a comprehensive quantitative approach using a new set 

500 of metrics to systematically evaluate the performance of each benchmarked method. 

501 Real biological datasets: We deepened the gene-trend analysis along the inferred lineages to offer 

502 both a quantitative and qualitative comparison across all relevant lineages for each method across 3 

503 datasets which have multiple cell fates of varying population sizes, with known marker genes. 

504 For the synthetic data we 1) defined a new set of metrics (detailed below) that assess multiple layers of  

505 the inferred trajectory, including the topology, pseudotime and predicted cell  fates and 2) added more 

506 synthetic datasets to have two of each type of trajectory (multifurcating, cyclic, connected and  

507 disconnected). ( See the new Fig. 2 for an overall summary and new Fig. S2-5 for a breakdown of the 

508 composite metric’s components for each topology). 

509 We have also added the description of these new metrics in the main text accompanying Fig. 2 , and in the 

510 method section. Here below is summary in main text: 

511 “The availability of a reference truth model for the synthetics datasets allows us to quantify TI accuracy 

512 using a composite metric which assesses multiple layers of the inferred trajectory including topology,  

513 pseudotime and lineage prediction. The metric measures “local” graph similarity between the inferred  

514 and reference graphs using the Graph Edit Distance (GED), an F1-Branch score (which labels branches 

515 as True or False Positives, or the lack thereof as a False Negative), and the “global” graph similarity is 

516 computed using the Ipsen-Mikhailov measure (Methods ). The breakdown of the composite score is shown 

517 for each dataset in Fig. S2-S5 . 

518 The differences in accuracy between VIA and other methods is most notable in complex topologies,  

519 particularly those with disconnected components comprising various connected topologies.” 



k=1  

520 Further details of the composite accuracy score as well as the figure showing the individual components 

521 of the score for each topology are now available in the new Supplementary Note S3 : 

522 “We use 9 synthetic datasets to benchmark the performance of VIA and other methods on a variety of 

523 trajectories and topologies (see Fig. 2) . The 9 synthetic datasets are generated using DynToy and contain 

524 1000-3000 cells across 1000 features. They span (bi/multi) furcations, cyclic, connected (which are  

525 combinations of cyclic and furcating) and disconnected (which are combinations of all the  

526 aforementioned). The composite accuracy metric assesses multiple layers of the inferred trajectory, taking 

527 into account the topological similarity between the reference model and the inferred topology, the  

528 correlation between the real and ‘pseudo’ times, as the prediction accuracy of the terminal cell fates  

529 (lineages). For certain metrics, the absolute measurements of similarities or differences are converted 

530 into a percentage scale such that 100% corresponds to the highest score. The composite metric is the  

531 arithmetic mean of the 5 scaled metrics. 

532 Ipsen-Mikhailov (IM) : IM distance is used to measure the similarity of global graph topology. The IM 

533 ranges from 0 to 1 and equals the difference in spectral densities of two graphs. IM(G1, G2) =0 implies 

534 that the graphs are isospectral. Unlike the Graph Edit Distance and the F1-branch score, where only the 

535 structure of each link’s immediate neighbourhood contributes to the distance value, the IM considers the 

536 structure of the whole topology. We use 1 − IM for the composite accuracy score. 
∞ 

537 IM(GTI, GREF) =√ ∫ [ρREF (ω) − ρTI(ω)]2dω [19] 
0 

N − 1  
γ  

538 ρ (ω)= ∑  2 2 [20] 
(ω−ω k) +γ 

539 ρ(ω) is the graph spectral density as a sum of Lorentz 
distributions, are the vibrational frequencies 

ωk 

540 given by √λi where λi are the eigenvalues of the Graph Laplacian. γ is the half width at half maximum. 

541 Graph Edit Distance (GED) : is defined as the cost of converting GT I to GREF with the least possible 

542 number of operations. Each operation has a cost of one and includes insertion/deletion of edges and  

543 nodes. Oftentimes graph edit distances like the (e.g. GED, Hamming distance) are normalized by the  

544 entire set of possible edges N(N − 1), but this creates an inflated sense of accuracy in the case of very 

545 sparse graphs like the reference topologies of the synthetic datasets. We therefore normalize by the sum of 

546 nodes and edges in GREF . 1- ‘Normalized’ GED is used in the composite accuracy measure. 

547 F1-Branch score: is applied to the local branch accuracy and defined as follows . A False Negative edge 

548 in the inferred model is when there is an edge in the reference model connecting clusters/cell types/groups 

549 that is absent in the inferred trajectory. A False Positive edge in the inferred model is when an edge  

550 occurs in the inferred model that is not actually present in the reference model. A True Positive Edge is 

551 one that exists in the inferred model that also exists in the reference. These three measurements are used 

552 to compute the F1-score. 
t p   

553 F1 = [21] 
tp + 0.5(fp+fn) 

554 Temporal Correlation: Given the sampling times of the synthetic data, we use the Pearson Correlation 

555 coefficient as a measure of how closely the inferred pseudotime follows the true sampling times. σX is the 

556 standard deviation of X, and μX is the mean. 



E[(X−μX )−(Y −μY )]  
557 ρx,y = [22] 

σ X σY 

558 F1-Cell Fate score: We use the harmonic mean of recall and precision as given by Eq.[21] to quantify 

559 the prediction accuracy of terminal states. tp is a true-positive: the identification of a terminal cluster that 

560 is in fact a final differentiated cell fate; fp is a false positive identification of a cluster as terminal when 

561 in fact it represents an intermediate state; and fn is a false negative where a known cell fate fails to be 

562 identified.” 

 
563 Figure 2 TI performance comparisons on complex hybrid topologies. (a) Topologies of four representative 
564 synthetic datasets (Multifurc1, Cyclic1, Disconn1 and Conn1) output by different TI methods. The reference  
565 topologies are shown on the left. Each dataset contains 1000 ‘cells’ and is run with 10 principal components and KNN 
566 = 20. VIA is shown at the cluster graph level but can also be projected to the single -cell level as shown in later 
567 examples. (b) Composite accuracy score is shown for each method across all 9 synthetic datasets (detailed  
568 breakdown available in Supplementary Fig. S2-S5 ). Note STREAM does not work on the Disconnected data 
569 (producing highly distorted results) and therefore excluded for assessment in Disconn1 and Disconn2. 
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570 Quantitatively evaluating the real datasets beyond lineage detection is more challenging. We approached 

571 this by deepening the gene-trend analysis and comparing the unsupervised gene-trends inferred by VIA to 

572 the lineage gene-trends predicted by other methods. This is explained in the revised Methods as follows: 

573 “Downstream analysis enabled by the automated lineage prediction capabilities of each method is key to 

574 facilitating the exploration of biological data. The unsupervised gene-trend analysis inferred by VIA is 

575 compared to the lineage gene-trends predicted by other methods both quantitatively and qualitatively. We 

576 follow an approach used by Chen et al. 63 , where pseudotime is correlated against expression of a marker 

577 gene known to monotonically increase along the lineage. The gene-expression of such markers can be 

578 considered a surrogate for the correct sampling time and thus the resulting correlation is an indication of 

579 the accuracy of cell ordering by pseudotime. We also provide a side-by-side comparison of the predicted 

580 topology and gene-trends generated by each method to visually assess how well separated the predicted 

581 lineages are (e.g. if multiple lineages that represent distinct cell fates exhibit significant cross-talk in the 

582 plotted trends or uniquely express the genes most relevant to their lineages). The Pearson correlation 
583 coefficient is given by ρx,y , where σX is the standard deviation and is the mean of X 

μX 

E[(X−μX )−(Y −μY )] 
584 ρx,y = σXσY 

585 Built-in functions for gene-trend plotting (wherever available), and in other cases manually selection of 

586 branches/clusters or extension of a method by adding GAMs to general gene-trend curves are required to 

587 facilitate comparison (e.g. PAGA and STREAM). Additionally, when methods cannot automatically detect 

588 all the relevant lineages, we either chose the most relevant lineage (e.g. for the megakaryocyte lineage, 

589 we plotted its CD41 marker gene along the detected erythroid lineage which often absorbed the smaller 

590 megakaryocytic line), or we noted that the lineage was missed (e.g. in the endocrine dataset the delta  

591 cells were often missed) when the lost lineage was not an obvious part of another lineage. Given that  

592 these nuances are not necessarily captured by the correlation coefficient, the outputs of the gene-trend 

593 plots inferred by each method are shown for three datasets which have multiple lineages of different  

594 abundances, and well known lineage markers (scRNA-seq and scATAC-seq hematopoiesis, and endocrine 

595 genesis in Supplementary Fig. S9, S11 and S15 ).” 

596 For Slingshot, Palantir and VIA, the comparison is fairly straightforward as these methods offer  

597 single-cell level temporal ordering as well as lineage likelihoods which can be used to infer the trends of 

598 genes. PAGA however requires manual selection and ordering of a pathway from root to desired cell fate 

599 before plotting the gene trend in relation to pseudotime by using a sliding window approach. For  

600 STREAM we again selected only the desired branching pathway for a given lineage to minimize potential 

601 cross-talk. The lack of single-cell level differentiation pathways in STREAM (where we could only select 

602 pathways at the branch level), lowers the quality of the plotted trends. We then applied GAMs in order to 

603 smooth the gene trends so that the computed correlations could be compared to the other methods. 

604 Monocle3 is more challenging as its gene-pseudotime function does not consider lineage pathways but 

605 rather orders all cells along the inferred pseudotime before fitting a curve. This oftentimes resulted in the 

606 curve fitting being so noisy it overwhelms the original data. 

https://docs.google.com/document/d/1nggGmxYindSyTq9jGep-e_AqDox2BIbqiHeQNX-LCqs/edit#smartreference=ohwxbz54xge1


607 Here, we briefly highlight key features in the gene trend comparison for each of the three real datasets:  

608 scRNA-seq hematopoiesis (Fig. S9): The dataset contains two types of dendritic cells (the classical and 

609 the plasmacytoid DCs). We point out however, that for most methods only a single lineage is upregulated 

610 for the Dendritic marker IRF8. Similarly, the CD41 (ITGA2B) is often upregulated by the erythroid  

611 lineage rather than by a distinct lineage exclusive to the megakaryocytes (e.g. Slingshot’s ‘blue’ curve is 

612 the only lineage showing both CD41 and GATA1). In PAGA we note that the pseudotime scale is  

613 distorted due to the weak linkage to the CLP (B cells) lineage and the gene plots are very noisy. Monocle3 

614 also separates the CLP lineage away from its progenitors which means it cannot be reached from the HSC 

615 state. For other values of KNN/PCs, Monocle3 often even splits the erythroid lineage as a disconnected  

616 group from the progenitors. STREAM sometimes places the same cell type along multiple distinct  

617 branches which results in the additional up/down regulations seen in the predicted gene curves. 

618 scATAC-seq hematopoiesis (Fig. S11): Monocle3 splits the monocyte and CLP lineage away from the 

619 intermediate states, making them undetectable from the HSCs. For Slingshot, we find that the F1-cell fate 

620 scores are generally quite poor, not because it fails to detect the relevant lineages, but because it detects 

621 several intermediate stages as terminal cell fates. However, when plotting the gene trends we select only 

622 the 4 that most distinctly capture the relevant cell fate lineages. Although the marker genes are  

623 significantly upregulated for the selected lineages, we see that often the correlation scores are low because 

624 the lineage pathways include cells that are irrelevant to the terminal cell fate and cause the expression  

625 levels to drop at later stages along the branch. The visualization of Slingshot’s topology (shown in the  

626 rightmost column of Fig. S11 ) when using more than a few PCs is also difficult to interpret because the 

627 principal curves are made on the PCA input, but cannot be linked to a t-SNE/UMAP visualization. It thus 

628 resorts to plotting the lineage curves on the first two PCs. The coarse branching structure of STREAM 

629 (even though the full pipeline for complex datasets is followed) again means that cells that are not very  

630 relevant to a certain lineage are included in the branches, thus contributing to that cell fate and perturbing 

631 the gene trends even when using the same cubic spline function as applied in VIA. As seen in the  

632 branching structure of the VIA graph, the granularity of the VIA’s branching st ructure allows for the 

633 computed lineage-probabilities to more accurately reflect the likelihood of cells leading to a particular cell 

634 fate, and consequently refine the plotted gene trends. 

635 scRNA-seq endocrine genesis (Fig. S15): VIA, Slingshot and STREAM perform well on the endocrine 

636 dataset, consistently identifying the 4 pancreatic islets. The gene trends however are superior for  

637 Slingshot and VIA where lineages exhibit less intermingling along a determined single-cell differentiation 

638 pathway, resulting in clearer gene expression of the lineage specific markers. VIA can distinguish  

639 between the two Beta cell types (based on the difference in Ins1 and Ins2) even though the underlying 

640 number of clusters is similar (PARC automatically identifies ~15 clusters, and Kmeans used by Slingshot 

641 is set to 15). 

642 The correlation coefficients for cell ordering along lineage marker expression are summarized in the new 

643 subfigures in Fig.3-4: 



 

644 Fig. S9 Comparison of marker gene correlation computed by different TI methods (for predicted lineages in 

645 scRNA-seq hematopoiesis). Automated gene expression plots as a function of pseudotime for the lineages 

646 associated with 6 specialized cell types. For PAGA and STREAM we manually select the order of clusters/branches 

647 towards a terminal state. PAGA uses a sliding window approach to compute the expressions based on the selected 

648 clusters, whilst for STREAM we apply GAMs to plot the expression. For Slingshot’s topology, the black lineage curves 

649 cannot be aligned with the t-SNE embedding, but we show the colored temporal ordering of cells on the t-SNE for 

650 ease of comparison to other methods. 



 

651 Fig. S11 Comparison of marker gene correlation computed by different TI methods (for predicted lineages in 
652 scATAC-seq hematopoiesis). Automated gene expression plots as a function of pseudotime for the lineages 

653 associated with CLP, MEP, Monocyte and DC committed cells. For PAGA and STREAM we manually select the order 

654 of clusters/branches towards a terminal state. PAGA uses a sliding window approach to compute the expressions 

655 based on the selected clusters, whilst for STREAM we apply GAMs to plot the expressions. Monocle3 did not plot 

656 fitting curves on this dataset. 



 

657 Fig. S15 Comparison of marker gene correlation computed by different TI methods (for predicted endocrine  

658 lineages). Automated gene expression plots as a function of pseudotime for each of the 4 pancreatic islets: Alpha  

659 (Gcg), Beta (Ins1 and Ins2), Delta (Sst) and Epsilon (Ghrl). For PAGA and STREAM we manually select the order of 

660 clusters/branches towards a terminal state. PAGA uses a sliding window approach to compute the expressions based  

661 on the selected clusters, whilst for STREAM we apply GAMs to plot the expressions. The dark curves on the Monocle 

662 plots are very noisy and overwhelm the original data points. 



663 R3.Q2. Small comment related to the previous one: in figure 2a), the authors state that the F1-score can’t 

664 be computed for PAGA as this method doesn’t automatically return cell fates. However, an F1-score was 

665 then computed for PAGA for the cyclic dataset (presented figure 2b), and disconnected dataset (presented 

666 in figure 2c). Please clarify in the text, in the methods, or in the description of figure 2 how and why the  

667 F1-score was computed for some datasets but not for others. The fact that the F1-scores presented on the 

668 right of figure 2 correspond to a different set of methods for each dataset is confusing. 

669 R3.A2. We apologize for the confusion and we have changed the figure such that it is now more easily  

670 interpretable. In the previous version of the figure, the F1-scores for the cyclic and disconnected  

671 trajectories were F1-branch (graph-edge) scores, not F1-cell fates scores - and quantified the graph edge 

672 topology similarity between the reference and inferred topologies. We were therefore able to include  

673 PAGA for this particular graph-similarity accuracy measure. 

674 R3.Q3. It is unclear to me why, in each figure where VIA is compared to other methods,  it is not being 

675 compared to all the other methods. For example, why did the authors choose not to include the results of 

676 PAGA in figure 4? Of Monocle3 in figure 7? 

677 R3.A3. As detailed in our response above ( R3.A2 ), we have extended our comparisons for each dataset to 

678 include all methods (including now PAGA for gene trends in Fig. 4 and Monocle3 in Fig. 7 ). In the case 

679 of PAGA, we generally do not perform extensive stress-testing across PCs/KNNs in most datasets as 

680 PAGA cannot predict cell fates. We have however included PAGA in our comparison of gene-correlation 

681 comparisons where we were able to manually select the pathway from root to a manually selected  

682 appropriate cell fate cluster. PAGA is also part of the synthetic dataset analysis where the composite score 

683 for PAGA is calculated by excluding the F1-cell-fate score and including the other 4 metrics. For the  

684 MOCA dataset in Fig. 6 , we include PAGA in the comparisons because we do not quantitatively assess 

685 the performance as there is no clear reference truth. Therefore we can visually compare and contrast the  

686 topologies inferred by VIA, PAGA and Monocle3 (based on the UMAP input) for various KNN and PCs 

687 as these approaches can be reconfigured and run in a reasonable timeframe. Since there is no clear  

688 reference topology and we need to rely on the sampling times and annotated cell types to understand this 

689 dataset, we have provided an extensive discussion on the inferred branching structure in both the main  

690 text as well as in Supplementary Note S3 . 

691 R3.Q4. The paragraph starting at line 378 should, in my opinion, be rephrased. Historically, the firs t 

692 trajectory inference (TI) tools were designed to be applied on cytometry data (Wanderlust, Monocle). This 

693 type of data contains a much better ratio of cells over features than scRNA-seq data, and suffers less from 

694 sparsity, which typically makes it easier to find trajectories in this type of data. However, the way the  

695 paragraph is written now, the authors seem to suggest that most TI methods can only handle  

696 transcriptomic data, and that handling cytometry data would be a new advantage of VIA. I would thus 

697 advise to rephrase this paragraph to avoid misleading the reader. 

698 R3.A4. We thank the Reviewer’s suggestion for further articulating the argument/rationale of the  

699 cytometry application of VIA. Our intention is to convey that many methods are frequently only tested on 

700 a single experimental modality, even if they can in theory be extended to other types of datasets. We  



701 merely wish to point out that we test VIA for practical compatibility to a diverse range of omic datasets. 

702 We have revised this paragraph accordingly as follows, 

703 “ Broad applicability of TI beyond transcriptomic analysis is increasingly critical, but existing methods 

704 have limitations contending with the disparity in the data structure (e.g. sparsity and dimensionality)  

705 across a variety of single-cell data types. We have thus far shown that VIA can be used to successfully  

706 interrogate scATACseq, scRNAseq and their integrated data, and now proceed to further investigate  

707 whether VIA can cope with the significant drop in data dimensionality (10-100), as often presented in 

708 flow/mass cytometry data, and still delineate continuous biological processes.” 

709 R3.Q5. The authors emphasize the fact that VIA doesn’t require any user input parameters, compared to 

710 other methods. Only when reading the methods section do we discover that VIA needs the user to define a 

711 starting point to run. This should be stated earlier in the paper in my opinion (around line 25 for  

712 instance), as this is an information that any potential user of the method will be interested in. Side  

713 comment: as PARC allows a fast visualisation of the data, I’m wondering if allowing the user to choose a 

714 starting point in this representation of the data would be a nice way to simplify the choice of a starting  

715 point for the user. 

716 R3.A5. We have revised the text in the Algorithm section of the main text to indicate that VIA requires  

717 the user to select the root node cell or cluster: 

718 “The root (starting point) is designated by the user either as a single-cell index or using group or cluster 

719 level labels.” 

720 We observe that the benchmarked TI methods require either a single cell to be initialized as the root cell 

721 (Palantir), or selected by the user as a cluster/milestone after an initial topology is constructed (Monocle3, 

722 PAGA, STREAM). Since the initialization of a root by group-level or single-cell annotation depends on 

723 the information available, we allow the user to choose either of the two approaches and have added the  

724 following explanation in Methods: 

725 “The root cell is initialized by the user in one of two ways: If for instance there are some cell  

726 type/group/cluster level labels available in advance, the desired starting group can be indicated to VIA,  

727 which will then automatically select a cluster in its cluster -graph that contains a majority of this  

728 particular cell type/group classification. In the case of many clusters satisfying this criteria, VIA selects  

729 the cluster in the graph that has connectivity metrics indicative of a root (leaf) node (such as low  

730 betweenness and low centrality). The user can also choose to provide a specific single cell as the root  

731 node. In case the user wishes to select the root based on the VIA graph, one would save the  

732 VIA-cluster-graph labels and use them to guide selection of the root as described in the first approach.” 



733 R3.Q6. The authors highlight the fact that the VIA method’s computational advantage allows it to process 

734 larger amounts of dimensions, avoiding information loss due to dimensionality reduction. However, they 

735 test VIA on all original genes only in one dataset (presented in figure 4), and apply VIA on PCs for the 

736 other datasets. It would be interesting to see how the method performs on the original dimensions and 

737 how it compares to other methods on the synthetic datasets, and in figure 3. 

738 R3.A6. We thank the reviewer for enquiring about our approach to ‘high dimensional’ feature inputs. We  

739 first explain the approach taken in our paper for benchmarking and general performance analysis, and 

740 then introduce the new analysis we have done to test VIA on gene-count features without any PCA (or 

741 other dimensionality reduction). We also invite the reviewer to read our response (point 2) to the Editor 

742 above where we commented on this substantial addition to the paper. 

743 Discussion and context of original analysis: 

744 In our original analysis of various datasets, we showed that VIA handles a broad range of input feature 

745 dimensions that are used to characterize various omic datasets. Imaging and mass cytometry features tend 

746 to remain within 10-100 features (antibodies or morphological features) which VIA parses without any 

747 dimensionality reduction. On the other hand, scRNA-seq produces 5000-15000 genes even for small 

748 sample sizes of hundreds or a few thousand cells and it is common to use a dimensionality reduction such 

749 as PCA to enhance the signal in the data and avoid the curse of dimensionality, before running further 

750 unsupervised computational analysis. Since all the benchmarked methods require PCA, and afterwards 

751 often a second stage of further dimensionality reduction (e.g. UMAP, MLLE, diffusion maps) before  

752 performing TI, we found that including PCA in the pre-processing pipeline allowed more consistent 

753 comparison across all methods. 

754 Several TI methods, including top-performing ones like Slingshot, STREAM and Monocle3 require or 

755 highly recommend further reducing the dimensionality using a second method such as UMAP, TSNE or 

756 the like. Other methods like Palantir and PAGA which can receive raw features (e.g. for cytometry data) 

757 or a higher number of PCs (in the case of gene data) involve steps under the hood that subset the number 

758 of diffusion components (default of 10 eigenvectors and an even lower number of diffusion components 

759 in PAGA and Palantir) retained for further TI analysis. See the new Supplementary Note S5 and Fig. 

760 S27 for more details on the dimensionality steps used by the different methods. We found that forcing 

761 other methods to compute directly on the genes by overriding dimensionality reduction and subsetting of 

762 components resulted in distorted topologies ( Fig. S27a ). 

763 New analysis on full feature inputs: 

764 However, to stretch the capabilities of VIA, we now show that it can sensibly process both real and  

765 synthetic data using several thousands of genes without any form of dimensionality reduction. We used 

766 the synthetic ~1000 ‘cell’ datasets spanning various topologies to observe how faithfully VIA uncovers 

767 topology, pseudotime and cell fate prediction when using all 1000 features. These features were provided 

768 to VIA without any dimensionality reduction and yielded results very consistent with the underlying  

769 ‘ground truth model’ Supplementary Fig. S27 (distinguishes between “VIA-Full” and VIA-PCA, while 

770 all other methods are run using PCA first).  We refrain from a full benchmarking against other methods as 

771 they are not designed to handle such high dimensionality. For instance, Slingshot and STREAM can take 

772 several hours on a few thousand cells when the dimensionality exceeds 100 and Monocle3 will not run 

773 without a UMAP embedding. PAGA and Palantir depend on using only a small subset of eigenvectors 



 

779 

774 and diffusion components, without which they produce unreasonable answers (e.g. PAGA results in a 

775 fully connected cluster graph as seen below in Fig. S27 and Palantir overly fragments the data such that 

776 the topology cannot be interpreted visually).We therefore can only reasonably compute the composite 

777 accuracy metric for VIA on the full feature sets, and show the TI outputs of PAGA and Palantir when we 

778 override any ‘under-the-hood’ subsetting of features to show that a full comparison would not be feasible. 

 
780 Fig. S27 TI performance comparison with full feature input using synthetic data (no PCA) (a) Sample outputs of 
781 VIA topology when using all 1000 features without PCA compared to PAGA and Palantir. Although the runtimes for  
782 PAGA and Palantir are reasonable, their outputs are distorted due to overriding the PCA and subsetting of diffusion  
783 components. (b) Composite accuracy scores of VIA when using the full-feature input (VIA-Full), compared to VIA 
784 using PCA (VIA-PCA), VIA using Kmeans (and PCA) and all other TI methods which use PCA. We see that VIA can  
785 achieve good accuracy even without the PCA step for many of the synthetic datasets. 



786 R3.Q7. Comment related to the previous one: it is surprising to see that VIA performs optimally when  

787 applied on > 6000 HVGs in figure 4, while Slingshot performs best on less than 2000 HVGs (which is  

788 more expected). This might be due to the fact that the F1-score captures only the accuracy of the end 

789 states recovered by the different methods, and doesn’t represent differences in topology. It would be  

790 interesting to see whether the same increase in accuracy is observed when using more HVGs in the  

791 synthetic data and in figure 3. 

792 R3.A7. We first wish to clarify that the table (in the original Fig. 4, now Fig. S1c ) indicates the number 

793 of HVGs used to compute the PCs before using a range of these PCs as inputs to the different algorithms. 

794 In the main text and the purpose of method comparisons, we pre-processed these datasets by following 

795 the same protocols as their authors ( See Methods and Supplementary Tables S4-S5 ). As mentioned 

796 above in R3.Q6 , other methods do not lend themselves to considering 1000s of features without some 

797 form of dimensionality reduction, and thus we limit the assessment of high-feature-inputs on real data to 

798 only VIA. 

799 For the purpose of evaluating the topological consistency and cell fate prediction when the input is a  

800 range of HVGs without any PCA or other dimension reduction, we examine two real datasets  

801 (scRNA-seq endocrine genesis and hematopoiesis) chosen because they are multi-lineage and have cell 

802 populations of varying sizes (See new Fig. S28-S29 ). When using the genes as a direct input (after basic 

803 filtering and log-normalization), we consider the choice of number of HVGs provided directly to the  

804 algorithm as a parameter that could influence the outcome. For both datasets, we visualize the stability in 

805 topology across a range of HVGs by showcasing the topological outputs side-by-side. The nodes are 

806 colored by pseudotime, with the relevant lineages colored according to the legend. 

807 scRNA-seq hematopoiesis (Fig. S28): In general, the hematopoietic dataset yields high-quality results 

808 when using 500-5000 genes ( Fig. S28d ), with three main branches appearing: the CLP (B cells) branch, 

809 erythroid/megakaryocytic branch and monocytic/dendritic branch. Within these main branches, the DCs  

810 are typically separated (as shown by the colored branches) from the monocytes (evidenced by the unique 

811 upregulation of IRF8 in the DC lineage, and not by the monocyte lineage), and the erythroids from the  

812 megakaryocytes (the upregulation of CD41 in the lineage associated with megakaryocytes compared to  

813 the erythroid lineage). As the number of HVGs exceeds 5000, the structure deteriorates. This is expected 

814 given the number of features would begin to significantly exceed the number of datapoints (cells). 

815 scRNA-seq murine endocrine genesis (Fig. S29): Surprisingly, even though the number of cells is only 

816 a few thousand, the pancreatic dataset tolerates using up to 10,000 HVGs without sacrificing topology or  

817 cell fate prediction. The gene trends are plotted for the automatically predicted 4 lineages (for the 1000  

818 HVG case), and correspond to the 4 pancreatic islets. As shown by the topological outputs, the sustained 

819 cell fate identification of the islets is also accompanied by a topology that is biologically consistent. The  

820 Ngn- EPs progress towards Ngn+ , then Fev+ and then branch towards the more committed lineages.  

821 Interestingly we see two groups of Fev+ populations branching from the Ngn+ populations which 

822 subsequently progress towards the distinct cell lines. This is consistent with an observation by  

823 Bastidas-Ponce 2019 who also noted the emergence of two Fev+ cell types after the Ngn3+ state. 



 

824 Fig. S28 Highly variable genes (HVGs) as unprocessed input using the scRNA-seq data of hematopoiesis (no 

825 PCA) (a) VIA graph on 500 HVGs without PCA (b) unsupervised plotting of gene trends vs. inferred pseudotimes for 

826 predicted lineages. (c) Coarse grained VIA graph. (d) VIA graph topology for increasing number of HVGs without 

827 PCA show that the overall pronged topology is stable with erythroid and megakaryocytic branches on one side of the  
828 HSCs, and the monocytes and DCs on the other side. 



 

829 Fig. S29 Highly variable genes (HVGs) as direct input using the scRNA-seq data of endocrine genesis (no 
830 PCA) (a) Overall graph level topology of VIA, nodes colored by inferred pseudotime and automatically detected  

831 terminal nodes circled red. (b) Marker gene expression plotted for each lineage shows that each cell fate and  

832 pathway uniquely leads to the islet fate associated with that marker gene. (c) Topology of endocrine dataset for 

833 different number of HVGs, continues to represent the overall progression from EPs to bifurcation of Fev+ cells that 

834 lead to the different islets. 
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Reviewers' Comments: 

 

Reviewer #1: 

None 

 

Reviewer #2: 

Remarks to the Author: 

The authors have systemically and methodically answered the questions I raised and appeared to 

have a similarly good job of replying to the other referees. I am happy to now recommend publication 

of this manuscript. 

 

 

 

Reviewer #3: 

Remarks to the Author: 

Review of revised VIA manuscript: 

 

R3.Q1: For the synthetic datasets, I am satisfied with the extra metrics that the authors included in 

the paper, and merged into their final composite metric, that in my opinion, allows a better 

comparison of the trajectories returned by the different tools. 

 

For the real datasets, I value the addition of the correlation scores for common lineages. While I 

understand the authors choice not to rely on a fixed trajectory in real datasets (since we can never be 

completely sure of what the real topology is in those datasets), I nevertheless think that reusing the 

metrics that they defined for synthetic datasets might have been interesting on real datasets as well. 

 

R3.Q2: The authors answered my concern 

 

R3.Q3: The authors answered my question 

 

R3.Q4: I now agree with the way the authors rephrased the paragraph 

 

R3.Q5: I now agree with the way the authors describe and explain how a starting point can be defined 

for the VIA method. 

 

R3.Q6 and Q7: The extra experiments that the authors conducted (especially on real datasets) and 

that are now presented in supplementary figures answer the remaining questions I had. 
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Reviewer #2 (Remarks to the Author):
The authors have systemically and methodically answered the questions I raised and
appeared to have a similarly good job of replying to the other referees. I am happy to now
recommend publication of this manuscript.

We are delighted to see that the Reviewer is satisfied with the revisions and would like to
take this opportunity to thank them for their constructive and very thoughtful feedback
which led to an improved manuscript.

Reviewer #3 (Remarks to the Author):
R3.Q1: For the synthetic datasets, I am satisfied with the extra metrics that the authors
included in the paper, and merged into their final composite metric, that in my opinion,
allows a better comparison of the trajectories returned by the different tools.
For the real datasets, I value the addition of the correlation scores for common lineages.
While I understand the authors’ choice not to rely on a fixed trajectory in real datasets
(since we can never be completely sure of what the real topology is in those datasets), I
nevertheless think that reusing the metrics that they defined for synthetic datasets might
have been interesting on real datasets as well.

We are grateful that the Reviewer appreciates our approach of using the composite metric
for offering a more holistic comparison of different trajectories. We agree that the addition
of metrics spanning topology and pseudotime have been a critical and necessary
improvement to the validation of VIA and thank you for suggesting this. We note your
recommendation to apply (perhaps with some modifications) this methodology towards
assessing the topologies of real datasets. As part of our future work on VIA, we are
considering extending the current composite accuracy framework so it can be applied to real
data by formulating a reliable reference topology for the different datasets.

R3.Q2: The authors answered my concern
R3.Q3: The authors answered my question
R3.Q4: I now agree with the way the authors rephrased the paragraph
R3.Q5: I now agree with the way the authors describe and explain how a starting point can
be defined for the VIA method.
R3.Q6 and Q7: The extra experiments that the authors conducted (especially on real
datasets) and that are now presented in supplementary figures answer the remaining
questions I had.

Questions 2-7: We would like to take this opportunity here to thank you for making time to
evaluate all the revisions and providing suggestions that have strengthened the manuscript
as well as the underlying VIA method.


