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Version 0: 

Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 
Major Revisions: 

* While an accuracy is used, it is calculated by matching with the best assignment. In order to convince the reader, ARI or
Purity/Completeness should be shown, like the CAMI2 competition computed. 

* The paper would benefit from further discussion on how LorBin's computational efficiency compares with other methods. If
this 
computational efficiency is a strength of LorBin, it is best to quantify it. 

* It is unclear what the different shapes of t-sne clusters mean. What does it mean to have a concave cluster? why do the
number of concave clusters increase? Wouldn’t the convexity and concavity shape depend on the t-sne parameters being
used, since t-sne is an arbitrary transformation of data? Why is studying the shape of clusters so important here? 

* It is unclear whether the cluster quality assessment model is pretrained. Include more detail on the training process of the
reclustering decision model. 

* Also, justification of the architecture would help: Why the crossnet/deepnet architecture. Please explain why the clustering
algorithms are needed in the architecture and justify how DBSCAN and BIRCH complement each other in the various steps.
What led to the use of both the clustering algorithms and the autoencoders — show why you chose the VAE and DBSCAN
and Birch to integrate into LorBin. More rationale is needed for utilizing a deep-learning model for quality assessment could
strengthen the theoretical base for this paper, as some researchers may be hesitant due to the relative lack of interpretability
of NN solutions. Write a more fleshed out introduction/background section that describes some of the key aspects of
approaches that were tested against in benchmarking. This would provide the reader with further insight into your
inspirations and how your design decisions are different from the other algorithms. 

* Explain how the system performs with some of the different parts being altered/removed as to understand which
components of the system are most integral. For example, if the reclustering decision model were to be replaced with a
simple approach weighing the completeness and contamination values against some threshold, how would this impact
performance. 

Minor Revisions: 

* In line 337 and equation 7, it looks like output of the deepnet module may have inconsistent labeling - sometimes it seems
to be referred to as C_j, and other times as D_j. 

* “first” misspelled/typo’d in fig. 3 

* (270-271) “The output of the μ layer is the mean of the latent, while the output is the variance of the latent.” I believe they
meantt to put “the output of σ is the variance” 



* while well known to the assembly field, justify/put a reference for using tetranucleotide features 

* Fig. 3 caption says “The analysis of cluster shapes is shown in Supplementary Figure 8.” but it’s really in Supplementary
Figure 12. 

(Remarks on code availability) 
I have not installed it, but it looks reasonable. 

Reviewer #3 

(Remarks to the Author) 
Wei Xue et al. introduces a binner binner, LorBin. It achieves state of the art performance by combining known techniques
from existing, modern binners: 
* Common binning features (k-kmer composition and abundance) integrated with a VAE 
* Multi-step reclustering informed by single-copy genes 
* Being optimized for accurate, long reads such as HiFi reads 

With a novel adaptive and hybrid clustering scheme that handles deferentially abundant genomes better than previous
binners. 

Overall, I find the manuscript well written, and the claims of accuracy are convincingly supported by extensive testing and
optimization, as well as excellent ablation studies. 
The work shown in this manuscript is a valuable contribution to the field and I would be excited to be able to run LorBin
myself. 
While I would like to see this work published, I do find the manuscript is lacking in some areas and have some issues with
the manuscript as-is: 

Major points: 

You claim that LorBin is reference-free, but it cannot be reference-free if it uses a set of reference single-copy genes (SCGs).
From skimming the source code, these SCGs are found with a HMM search using SCG signatures taken from a database. 
You could argue that SCGs generalize to large swaths of the tree of life than e.g. sequence alignment, and therefore LorBin
is not dependent on the precise species/genus represented by a bin being present in databases, but it's wrong to call it
reference-free. 
This matters, because as demonstrated in e.g. the CheckM2 paper, the completion of genomes from clades are
systematically under- or overestimated using fixed SCGs (because they may lack some of them, or may contain multiple
copies). 

In my opinion, applying t-SNE on a VAE embedding makes little sense and is bound to give misleading results. The VAE
prior, enforced by the regularization loss ("KLoss", Eq 3 in the manuscript), is that the data is distributed as a multivariate unit
Gaussian around the origin. Therefore, to reduce KLoss the VAE will attempt to embed the contigs in an N-dimensional ball
around the origin, to the extent allowed by the RLoss. 
This implies that the VAE will attempt to spread the data into as many dimensions as available. And this in turn means that
one cannot assume the data lies in some lower-dimensional manifold that can be approximated by t-SNE. On the contrary,
one can assume the data is intrinsically high-dimensional and can't be reduced to 2 dimensions! 
For this reason, I don't think any of the analysis on the t-SNE projection (lines 540-555) are meaningful, and they may even
be misleading. 
I suggest the authors either remove this analysis, or else support its validity e.g. by doing a PCA of the embedding and
showing that the top two components explain the majority of the total variance, and that the data therefore lies on a two-
dimensional plane. 

The measurement of performance on the simulated dataset is quite nonstandard. Typically, other papers presenting new
binners count the number of high quality bins, or the mean bin recall or precision or bin F1 distribution. There are also tools
such as BinBencher or AMBER to compute various bin statistics which may be useful (disclaimer: I authored BinBencher, so
it would not be appropriate for me to suggest it specifically). While I have no reason to doubt that LorBin would also perform
well as measured using these more classical metrics, I think it would strengthen the paper to also report them. 

Computational efficiency is an important metric of new methods, since slow or memory-hungry methods may make some
methods prohibitive in practice. 
It would be better if the authors presented resource use (e.g. RAM and CPU/GPU time) for LorBin along with at least a few
other methods, e.g. the faster MetaBAT2 or VAMB, and the slower COMEBIN. 
If possible, it would also be informative to show how runtimes scale with the number of contigs. Can I run LorBin on a
dataset with a million contigs? 



The discussion section does a good job of summarizing the content above it, but there is little perspectives about what the
success of LorBin implies for binning. How does the authors attribute the performance of LorBin compared to existing
methods which use some of the same techniques as LorBin (e.g. Vamb uses a VAE, SemiBin2 uses a SCG-guided
clustering which strikes me as similar to LorBin's, COMEBIN is also optimized for long reads)? What novelties from LorBin
could other authors in the future use for the next generation binners? What work is left to be done? 
I believe this is important for the field, because to my count, more than 20 binners have been published the last decade,
each claiming superior performance. If the field is to actually progress, it's important that authors explain how they advanced
the status quo and how future binners may advance it still further. 

## Minor points 
* On line 118, the abbreviation hmBin should be explained. 
* Line 150: It's not clear if this means that LorBin has a coefficient 0.36 (etc) higher than the second-best binner tested? 
Or is this the actual silhuette coefficient of LorBin? If so, what is the coefficient of the other binners? 
* Line 160: Mention that this is according to CheckM2. In some papers, this information could perhaps be mentioned in the
methods section only, but here, I think it's crucial to mention how this result was obtained. 
* Line 430: "trains" should be "strains" 

It is my policy to sign reviews, 
Jakob Nybo Nissen, University of Copenhagen 

(Remarks on code availability) 

Version 1: 

Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 
The authors answered most of our questions. Most edits were done with detail, and we thank the authors. 

I still would like more biological meaning put on concave and convex clusters. Why are genome 1, 2, and 4 more complex?
Can you discuss or at least hypothesize into why the different genomes made these clusters — since I would like know the
biological significance of these different shapes of clusterings. Can you investigate more about this? Is there any
computation->biological intuition? 

(Remarks on code availability) 

Reviewer #3 

(Remarks to the Author) 
Thank you for your thorough response. 
All major points have been addressed to my satisfaction, except one which I believe still requires changes. 

I'll address your responses to major issues raised by the reviewers point by point: 

1. Claiming LorBin is reference free 
A: The authors satisfyingly resphrased LorBin as unsupervised. 

2. Use of non-standard accuracy measures 
A: The authors have included the more common ARI and F1 metrics, which is satisfying. I believe there are some
methodological issues with ARI scores for metagenomic binning - see e.g.
https://viralinstruction.com/BinBencherBackend.jl/dev/considerations/#ari. Nonetheless, I think this reservation of mine is
minor, somewhat subjective, and should not block the publication of LorBin. 

3. Lack of measurements of computational requirements 
A: Authors have added supplementary tables with the requested information. 

4. Lack of discussion about how exactly LorBin advances the field 
A: The authors have addressed this satisfactory by rewriting the discussion section. 

5. t-SNE is inappropriate to represent a VAE embedding 
A: In my opinion, this has not been satisfactory addressed. Reviewer 1 asked a similar question, and the authors show in
Response Figure 2 to reviewer 1 that the number of convex and concave clusters only changes slightly with t-SNE
parameters. However, a) the fact that it changes, despite convexity being a mathematically rigorous definition does seem to



prove that the t-SNE distorts the cluster shape, and b) the figure does not show whether the same clusters remain convex or
concave across all 20 t-SNE settings - it could be that they switch, but with a fixed probability. 
To address the same question in my review, the authors provide Response Figure 2 for reviewer 3, which shows that
convexity change between PCA and t-SNE, and also differ as t-SNE parameters change. The authors does show that the
convexity count is highly correlated when measured on PCA and t-SNE embeddings. Like above, they do not show that the
same clusters remain convex/concave under PCA and t-SNE, and between t-SNE settings. 
In response figure 3, the authors show that, when manually adding convex or concave clusters, the number of convex and
concave clusters detected with t-SNE correlates with the true number. 
However, only about half the number of truly convex clusters are detected in the t-SNE embedding, and approximately 20%
more concave clusters are detected than what is manually added to the embedding. Further, they do not provide evidence
that it's the same clusters that are actually convex/concave that are detected as such. 

I conclude that the use of t-SNE remains unwarranted. The authors show, at best, that there is strong correlation between the
true number of convex/concave clusters and the measured number in a simulated setting, and that the number of measured
convex clusters differ by less than 20% between PCA and t-SNE and between different t-SNE runs. 
But this is not the same as showing that clusters that are convex in high dimensions are also convex in t-SNE - it is, in fact
proof, that at least some of the time, t-SNE changes the shape of the clusters. 

I suggest the authors measure convexity directly in the high-dimensional space, if possible, or else simply forgo the
mentioning of cluster shapes altogether, since it is not crucial to the paper's findings. 

(Remarks on code availability) 

Version 2: 

Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 
Thank you for elaborating. 
I won't push it any further for studying how biology shapes the clusters, But perhaps this can be an interesting follow-up
study.I am satisfied. 

(Remarks on code availability) 

Reviewer #3 

(Remarks to the Author) 
Thank you for your response. 
This round of revision concerned itself with the appropriateness of low-dimensional visualisation of a high-dimensional
space, and in particular, whether the notion of "convexity" is preserved when reducing from higher- to lower dimensions. 
I remain unconvinced that it's a good idea to attempt to reason about high-dimensional shapes as 2D projections, especially
when there is good a priori reasons to believe that the overall shape of sequences is inherently high dimensional and
therefore cannot be reduced. 
However, I don't believe this disagreement is sufficiently important to prevent the publication of this paper. After all, it's not a
critique of the methodology or even of an accuracy measurement, but only a critique of a visualisation meant to explain how
LorBin works. 

(Remarks on code availability) 
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Response Letter to Reviewer Comments  

Comments from Reviewer #1: 
Major Revisions: 
1. While an accuracy is used, it is calculated by matching with the best assignment. In order to convince the 
reader, ARI or Purity/Completeness should be shown, like the CAMI2 competition computed. 

Reply: Thank you for your suggestion. We agree with you and to follow your suggestions, we have included 
more convincing indicators now, and we used a new supplementary figure with the ARI and F1 scores, which 
combines purity and completeness, as shown in the current Supplementary Figure 8 and the main text. 

2. The paper would benefit from further discussion on how LorBin's computational efficiency compares with 
other methods. If this computational efficiency is a strength of LorBin, it is best to quantify it. 

Reply: Thank you for your suggestion. The computational efficiency includes two phases: 1) from contigs to the 
latent space and 2) the clustering algorithm. We performed two new experiments to further compare the 
overall efficiency of the binning method on four human intestinal datasets (SRR13128012, SRR13128013, 
SRR13128014, and ERR9765783) using only a GPU or CPU. In the first phase, LorBin was the most efficient of 
the three different encoders (Supplementary Table S1, Supplementary Table S2). For the entire binning process, 
LorBin ranked fourth using CPU (Supplementary Table S3), and third using GPU (Supplementary Table S4). 
Compared with the SOTA methods, LorBin is 2.3-25.9 times faster than SemiBin2 and COMEBin. The fastest 
method is MetaBat2 since it is a nonneural network. Please find our new section and the screenshot on our 
changes. 

In Additional file 
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Supplementary Table 0 

Supplementary Table S3 

Supplementary Table S4 

Supplementary Table S5 

In Result section 
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3. It is unclear what the different shapes of t-sne clusters mean. What does it mean to have a concave 
cluster? why do the number of concave clusters increase? Wouldn’t the convexity and concavity shape 
depend on the t-sne parameters being used, since t-sne is an arbitrary transformation of data? Why is 
studying the shape of clusters so important here? 
Reply: We appreciate your insightful comments. Convex clusters are regularly shaped (genome 3 in Response 
Figure 1), whereas concave clusters tend to be more complex1 (genome 1, genome 2, and genome 4 in 
Response Figure 1). Owing to the intricate shapes of concave clusters, specialized processing techniques are 
needed1–3. In the biological context, variations in bacterial genome features lead to these differing shapes 
(Figure 3e), thus impacting their proximity in the latent space4. Contigs from closed genomes within the latent 
space often result in misclassification when the cluster shapes are not adequately considered (genome 1 and 
genome 2 in Response Figure 1). 

In the second stage of clustering, the number of concave clusters decreases (Supplementary Figure 14a), 
whereas their proportion increases compared to the first stage (Supplementary Figure 14b). This finding 
demonstrates that our multiscale DBSCAN can effectively address clusters with different shapes and 
complexities, which is consistent with the results from the clustering algorithm ablation experiment 
(Supplementary Figure 1). These findings highlight the robustness of the two-stage clustering algorithm in 
processing both concave and convex clusters effectively. 

T-SNE, a widely used dimensionality reduction method in bioinformatics5,6, was applied to show the ability of 
LorBin to address clusters with different concavities and convexities. Indeed, T-SNE is out of our model. By 
generating 20 random parameter sets for T-SNE and repeating cluster shape detection, we found that the 
proportion of convex and concave clusters in the overall population remained relatively stable (Respond Figure 
2). While the T-SNE parameters influence cluster shape detection, the effect is limited. The overall distribution 
of cluster characteristics remains observable. t-SNE analyses demonstrated that LorBin is applicable to both 
convex and concave clusters (Supplementary Figure 14). 
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Response Figure 1. Potential outcomes of clustering without accounting for convex and concave clusters: 
When two genomes form concave clusters that are close to each other in the latent space (e.g., genome 1 and 
genome 2 on the left plot), ignoring their shapes can lead to incorrect results. The right plot shows the correct 
clustering taking into account the shape of the clusters. Specifically, contigs from different genomes may be 
grouped into the same cluster because clustering is based solely on the proximity of the center points. This 
approach increases bin contamination. In this scenario, orange dots represent contigs from genome 1, blue 
dots represent contigs from genome 2, yellow dots represent contigs from genome 3, and light green dots 
represent contigs from genome 4. The red dotted line indicates the clustering boundary that considers only 
convex clusters, and the red dots mark the cluster centers. Notably, genomes 1, 2, and 4 exhibit concave shapes, 
whereas genome 3 displays a convex shape. 

Response Figure 2. Convexity and concavity shapes of different t-SNE parameters. Twenty randomly generated 
t-SNE parameter sets were used to repeat cluster shape detection. The box plot on the left shows the 
distribution of the number of convex clusters across the 20 experiments, whereas the box plot on the right 
shows the distribution of concave clusters over the same set of experiments. 

4. It is unclear whether the cluster quality assessment model is pretrained. Include more detail on the training 
process of the reclustering decision model. 
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Reply: Thank you for your suggestions. Both the cluster quality assessment model and the reclustering decision 
model are pretrained and we describe them in detail in lines 424-437 of method. To construct the pretraining 
dataset, we extracted 3,000 bins from 10 simulated samples, maintaining a 1:2 ratio of high- to medium-quality 
bins to low-quality bins. These bins were derived from the combined results of MetaBAT2, SemiBin, and 
SemiBin2. For the cluster quality assessment model, the F1 score was calculated based on completeness and 
contamination and used as the true label during training. For the reclustering decision model, high- and 
medium-quality bins were labelled positive examples (not requiring reclustering), whereas low-quality bins 
were labelled negative examples (requiring second-stage clustering). The data for each model were split into 
five equal parts. One part was used as the testing set, while the remaining four parts formed the training set, 
ensuring that there was no overlap between the training and testing datasets. This process was repeated five 
times to ensure robust evaluation. The revised description about model pretraining can be found in the 
screenshot below. 

5. Also, justification of the architecture would help: Why the crossnet/deepnet architecture. Please explain 
why the clustering algorithms are needed in the architecture and justify how DBSCAN and BIRCH complement 
each other in the various steps. What led to the use of both the clustering algorithms and the autoencoders — 
show why you chose the VAE and DBSCAN and Birch to integrate into LorBin. More rationale is needed for 
utilizing a deep-learning model for quality assessment could strengthen the theoretical base for this paper, as 
some researchers may be hesitant due to the relative lack of interpretability of NN solutions. Write a more 
fleshed out introduction/background section that describes some of the key aspects of approaches that were 
tested against in benchmarking. This would provide the reader with further insight into your inspirations and 
how your design decisions are different from the other algorithms. 

Reply: Thank you for your suggestions. Encoders and clustering algorithms are critical components of the 
binning process. To optimize the performance, we systematically evaluated three encoder algorithms 
(Supplementary Figure 2) and 12 clustering algorithms (Supplementary Figure 1) for feature extraction and 
clustering through ablation experiments. Based on these results, we selected the optimal encoder, VAE 
(Supplementary Table S1, Supplementary Table S2, Supplementary Figure 2), along with DBSCAN and BIRCH as 
the clustering algorithms (Supplementary Figure 1).

The clustering process is structured in two stages, with DBSCAN and BIRCH complementing each other. In the 
first stage, multi-DBSCAN identifies high-quality clusters, whereas in the second stage, multi-BIRCH clusters 
contigs that were not successfully grouped in the first stage. Compared with a single clustering algorithm, this 
two-stage clustering approach yields more high- and medium-quality bins (Respond Figure 3).

The cluster quality assessment model and reclustering decision model, built with a crossnet/deepnet 
architecture, serve as the bridge between the two clustering stages. This architecture efficiently captures 
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effective feature interactions, learns highly nonlinear relationships, and eliminates the need for manual feature 
engineering7,8. The cluster quality assessment model in LorBin outperforms simpler approaches such as linear 
regression and random forest (Respond Figure 4). Additionally, the emergence of other tools9 that leverage 
deep learning models for quality assessment highlights the growing importance of advanced methodologies in 
this field.

To enhance interpretability, we applied SHAP analysis10, which has been used11–14 to the reclustering decision 
model and the quality assessment model (Supplementary Figure 6). The analysis revealed that the key 
indicators—predicted completeness and contamination align with established criteria for evaluating high- and 
medium-quality bins15–17. Based on your suggestion, we have also expanded the introduction and background 
sections to provide a more comprehensive discussion of the approaches benchmarked in our study.

Response Figure 3. The number of high- and medium-quality bins (hmbins) obtained by LorBin with two 
separate clustering algorithms. The original two-stage multiscale adaptive DBSCAN and BIRCH clustering 
methods were replaced with single multiscale adaptive DBSCAN and BIRCH algorithms, respectively. The orange 
and yellow bars indicate the number of high-quality medium-quality bins, and the green and orange dotted 
lines represent the number of high-quality bins and the total number of hmbins obtained by LorBin, respectively.
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Response Figure 4. The number of high- and medium-quality bins used for different cluster quality assessment 
models. The orange and yellow bars represent the numbers of high-quality and medium-quality bins, 
respectively.

In Result section

In Introduction section

6. Explain how the system performs with some of the different parts being altered/removed as to understand 
which components of the system are most integral. For example, if the reclustering decision model were to be 
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replaced with a simple approach weighing the completeness and contamination values against some threshold, 
how would this impact performance? 

Reply: Thank you for the suggestions. To clarify how DBSCAN and BIRCH complement each other, we replaced 
the two-stage clustering algorithm with either DBSCAN or BIRCH (Respond Figure 3). To demonstrate how the 
cluster quality assessment model performs, we removed the model and relied solely on the F1 score, calculated 
from 107 single-copy markers, to assess cluster quality. This simpler approach combines completeness and 
contamination. For the reclustering decision model, we removed it and used completeness and contamination 
values from the 107 single-copy markers, comparing them to a threshold (completeness > 0.5, contamination 
< 0.1) to determine whether a cluster should be retained. In tests on 104 real metagenomic datasets, the raw 
LorBin method achieved the highest number of high- and medium-quality bins (Respond Figure 5). We 
summarized the replacement of clustering algorithms, cluster quality assessment models and reclustering 
decision models and then incorporated the results into the main text. 

Response Figure 5. The number of high- and medium-quality bins (hmbins) generated by LorBin with modified 
models. The cluster quality assessment model was removed and replaced with the F1 score, whereas the 
reclustering model was removed and substituted with a simple retention strategy based on completeness and 
contamination. Orange and bar represent the number of high-quality and medium-quality bins, respectively. 
The green and orange dotted lines show the number of high-quality bins and the total number of hmbins 
achieved by LorBin, respectively.

In Result section
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Minor Revisions: 
1. In line 337 and equation 7, it looks like output of the deepnet module may have inconsistent labeling - 
sometimes it seems to be referred to as C_j, and other times as D_j.

Reply: Thank you for your careful reading. We apologize for the mistake and have corrected it. 

2. “first” misspelled/typo’d in fig. 3 

Reply: Thank you for your correction. We have redrawn Figure 3. 
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3. (270-271) “The output of the μ layer is the mean of the latent, while the output is the variance of the 
latent.” I believe they meant to put “the output of σ is the variance” 

Reply: Thank you for your correction; we apologize for this mistake. 

4. while well known to the assembly field, justify/put a reference for using tetranucleotide features 
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Reply: Thank you for your suggestions. We have added references there. 

5. Fig. 3 caption says “The analysis of cluster shapes is shown in Supplementary Figure 8.” but it’s really in 
Supplementary Figure 12. 
Reply: Thank you for your correction. We have added new supplementary figures, and corrected the Figure 
numbers. 
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Comments from Reviewer #3: 

Wei Xue et al. introduce a binner binner, LorBin. It achieves state of the art performance by combining 

known techniques from existing, modern binners: 

* Common binning features (k-kmer composition and abundance) integrated with a VAE 

* Multi-step reclustering informed by single-copy genes 

* Being optimized for accurate, long reads such as HiFi reads 

With a novel adaptive and hybrid clustering scheme that handles deferentially abundant genomes 

better than previous binners. 

Overall, I find the manuscript well written, and the claims of accuracy are convincingly supported by 

extensive testing and optimization, as well as excellent ablation studies. 

The work shown in this manuscript is a valuable contribution to the field and I would be excited to be 

able to run LorBin myself. 

While I would like to see this work published, I do find the manuscript is lacking in some areas and have 

some issues with the manuscript as-is: 

Reply: We appreciate your thoughtful and constructive feedback on the manuscript. Your suggestions 

help us improve the clarity of our work. Below, we provide a detailed response to your comments, 

incorporating your suggestions and clarifying the points raised. We have also revised the manuscript 

accordingly.

Major points:You claim that LorBin is reference-free, but it cannot be reference-free if it uses a set of 

reference single-copy genes (SCGs). From skimming the source code, these SCGs are found with a HMM 

search using SCG signatures taken from a database. You could argue that SCGs generalize to large swaths 

of the tree of life than e.g. sequence alignment, and therefore LorBin is not dependent on the precise 

species/genus represented by a bin being present in databases, but it's wrong to call it reference-free. 

This matters, because as demonstrated in e.g. the CheckM2 paper, the completion of genomes from 

clades are systematically under- or overestimated using fixed SCGs (because they may lack some of them, 

or may contain multiple copies). 

Reply: Thank you for pointing out this distinction. We agree that the term "reference-free" was not 

accurate enough in the context of LorBin. To make it more accurate for the "reference-free", we would 

like to describe that LorBin does not rely on labelled data or supervised techniques during the training 

phase of the variational autoencoder (VAE). However, you are right that SCGs were used to guide 

clustering at the stage of cluster assessment. To clarify, we have revised the manuscript to avoid the term 

"reference-free" and instead describe LorBin as a method that minimizes reliance on reference genomes 

during the training phase while using SCGs for clustering refinement. 
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Regarding the use of SCGs, we acknowledge the limitations highlighted in the CheckM2 paper, where fixed 

SCGs can lead to systematic biases in genome completion estimates. To mitigate this, LorBin employs an 

adaptive assessment-decision model that dynamically corrects for biases introduced by SCGs. Our 

experiments demonstrate that this approach yields more high-quality bins than other methods that rely 

solely on fixed SCGs (SemiBin2). We have included additional results in the supplementary materials to 

support this claim (see Response Figure 1). 

Response Figure 1. LorBin produced more high- and medium-quality bins (hmbins) than some other 
assessment-decision methods easily using SCGs. (a) The number of high- and medium-quality bins (hmbins) 
generated by different cluster quality assessment models such as linear regression or random forest regression. 
(b) The number of high- and medium-quality bins using different reclustering decision models such as linear 
regression or random forest regression. The orange bar represents the number of high-quality bins; the yellow 
bar represents the medium-quality bins; the green dotted lines represent the number of high-quality bins; and 
the orange dotted lines represent the total number of high- and medium-quality bins obtained by LorBin.
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In my opinion, applying t-SNE on a VAE embedding makes little sense and is bound to give misleading 

results. The VAE prior, enforced by the regularization loss ("KLoss", Eq 3 in the manuscript), is that the 

data is distributed as a multivariate unit Gaussian around the origin. Therefore, to reduce KLoss the VAE 

will attempt to embed the contigs in an N-dimensional ball around the origin, to the extent allowed by 

the RLoss. This implies that the VAE will attempt to spread the data into as many dimensions as available. 

And this in turn means that one cannot assume the data lies in some lower-dimensional manifold that can 

be approximated by t-SNE. On the contrary, one can assume the data is intrinsically high-dimensional and 

can't be reduced to 2 dimensions! For this reason, I don't think any of the analysis on the t-SNE projection 

(lines 540-555) are meaningful, and they may even be misleading. I suggest the authors either remove 

this analysis, or else support its validity e.g. by doing a PCA of the embedding and showing that the top 

two components explain the majority of the total variance, and that the data therefore lies on a two-

dimensional plane. 

Reply: We appreciate your insightful critique regarding the use of t-SNE on VAE embeddings. While we 

agree that the VAE latent space is inherently high-dimensional, we argue that t-SNE can still provide 

meaningful visualizations of reduced lower-dimensional structures to capture the original high-

dimensional data in current practical applications18–20. We also noticed the impact of KL divergence on 

embedding, and we set KL divergence a weight at 0.5 in the loss function. Under appropriate weight 

settings, using t-SNE to visualize VAE embedding to show data features in high-dimensional space is a 

common technology21–23. To improve the clarity, we have performed additional experiments via PCA to 

validate the stability of the latent space structure. In 104 human gut samples, the number of convex and 

concave clusters obtained by PCA was slightly different from t-SNE (Response Figure 2a). We randomly 

selected numbers, and use PCA and t-SNE to visualize them. The results indicate that the two variables 

are highly positively correlated between PCA and t-SNE (Response Figure 2b). In addition, we use Guassion 

distribution and noise points to generate a batch of original high-dimensional clusters with ground truth 

of convexity and concavity at rate of 1:2, and then used t-SNE to visualize them to provide a benchmark 

for judgement of their convexity and concavity. It is undeniable that some information is lost during 

dimensionality reduction, and that t-SNE tends to underestimate the number of convex clusters. However, 

as shown in Response Figure 3, there are positive correlations between the number of convex clusters 

identified by t-SNE and the actual number of convex clusters, as well as between the number of concave 

clusters identified by t-SNE and the true number of concave clusters. In our manuscript, the t-SNE analysis 

is independent of LorBin and is used solely to illustrate the importance of considering data imbalance and 

the varying shapes of clusters, which have been largely overlooked by existing metagenomic binning tools. 
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Response Figure 2. Convexity and concavity shapes of t-SNE and PCA. (a) In 104 human intestine samples, 

twenty randomly generated t-SNE parameter sets were used to repeat cluster shape detection. The left 

box plot shows the distribution of the number of convex clusters across the 20 experiments, whereas the 

other box plot shows the distribution of concave clusters over the same set of experiments. (b) Correlation 

between PCA and t-SNE for concavity. Different numbers of bins from 104 human intestine samples were 

selected and visualized via PCA and t-SNE. The left plot shows the correlation between PCA and the t-sne 

of the number of convex clusters. The other is the correlation between PCA and the t-sne of the number 

of concave clusters. 
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Response Figure 3. Correlations between the shapes of t-SNE and ground truth shapes in high-

dimensional space. (a) Correlations between the convex shapes of t-SNE and the ground truth convex 

shapes in high-dimensional space. (b) Correlations between concave shapes of t-SNE and ground truth 

concave shapes in high-dimensional space. 

The measurement of performance on the simulated dataset is quite nonstandard. Typically, other papers 

presenting new binners count the number of high quality bins, or the mean bin recall or precision or bin 

F1 distribution. There are also tools such as BinBencher or AMBER to compute various bin statistics which 

may be useful (disclaimer: I authored BinBencher, so it would not be appropriate for me to suggest it 

specifically). While I have no reason to doubt that LorBin would also perform well as measured using these 

more classical metrics, I think it would strengthen the paper to also report them. 

Reply: Thank you for this suggestion. We agree that including more standard performance metrics would 

strengthen the paper. Now, the adjusted rand index (ARI) and F1 score are included as metrics to evaluate 

the performance of LorBin. These metrics provide a more comprehensive assessment of binning accuracy 

and are consistent with those used in other studies. The results are included in Supplementary Figure 8 

and discussed in the main text. 
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Computational efficiency is an important metric of new methods, since slow or memory-hungry 

methods may make some methods prohibitive in practice. It would be better if the authors presented 

resource use (e.g. RAM and CPU/GPU time) for LorBin along with at least a few other methods, e.g. the 

faster MetaBAT2 or VAMB, and the slower COMEBIN. If possible, it would also be informative to show 

how runtimes scale with the number of contigs. Can I run LorBin on a dataset with a million contigs? 

Reply: We appreciate your suggestion. We have conducted additional experiments to compare the 

computational efficiency of LorBin with that of other SOTA binners, including MetaBAT2, VAMB, and 

COMEBin. Only GPUs or CPUs were used for this experiment on four human intestinal datasets 

(SRR13128012, SRR13128013, SRR13128014, and ERR9765783). The results show that LorBin is efficient, 

particularly when a GPU is used, and scales well with the number of contigs. We have included these 

results in Supplementary Tables S1-S5 and added a discussion on the scalability of LorBin. The time and 

space complexity serve as fundamental metrics for evaluating algorithmic efficiency. We conducted a 

comprehensive complexity analysis of LorBin, demonstrating that its computational and memory 

requirements scale optimally with input size. LorBin’s time complexity, including encoder training and 

clustering, is 𝑂(𝑇 ∙ 𝑛∑ 𝑑𝑙−1𝑑𝑙
𝐿
𝑙=1 + 𝑛 ∙ (𝑀𝑎 +𝑀𝑟) + 𝑛𝑙𝑜𝑔𝑛), where n is the number of contigs, L is the 

number of VAE layers, 𝑑𝑙  is the output dimensional number of the i-th layer, and T is the number of epochs. 

LorBin’s space complexity, including the VAE model, VAE embedding and a k-distance matrix, is 

𝑂(∑ 𝑑𝑙−1𝑑𝑙
𝐿
𝑙=1 + 𝑛 × 𝑑𝑙𝑎𝑡𝑒𝑛𝑡 +𝑀𝑎 +𝑀𝑟 + 𝑛) , where 𝑑𝑙𝑎𝑡𝑒𝑛𝑡  is the number of dimensions of VAE 
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embedding. The cost of model training is often greater during the whole process, and the time and 

memory consumed by LorBin are linearly correlated with the number of contigs through controlled 

scalability experiments (Supplementary Figure 17). For large datasets of millions of contigs, we 

recommend using a computer with at least 45GB of RAM and GPU or deploying the distributed-computing 

scheme to improve efficiency. The use of GPUs accelerates encoder training. Through marginal analysis, 

the efficiency of LorBin using a machine with a 32-core CPU, 64GB of RAM and 0.3*NVIDIA A800 GPU 

(with 24GB of VRAM) is 76 times faster than that of using only CPUs. Distributed computing is mainly used 

to accelerate clustering algorithms, and the theoretical acceleration ratio is close to linear (the accelerated 

clustering algorithm’s time complexity is O(nlog n/p), where p represents the number of parameters for 

distributed computing)24–26. We have added a discussion on this topic in the manuscript and provided 

guidelines for optimizing LorBin's performance on large datasets. Thank you for seeing the screenshots 

from additonal file, method section, discussion section and supplementary information below and 

checking them.  

In Additional file

Supplementary Table S2 

Supplementary Table S3 
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Supplementary Table S4 

Supplementary Table S5 

In Method section

In Discussion section

In Supplementary information
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The discussion section does a good job of summarizing the content above it, but there is little perspectives 

about what the success of LorBin implies for binning. How does the authors attribute the performance of 

LorBin compared to existing methods which use some of the same techniques as LorBin (e.g. Vamb uses 

a VAE, SemiBin2 uses a SCG-guided clustering which strikes me as similar to LorBin's, COMEBIN is also 

optimized for long reads)? What novelties from LorBin could other authors in the future use for the next 

generation binners? What work is left to be done?I believe this is important for the field, because to my 

count, more than 20 binners have been published the last decade, each claiming superior performance. 

If the field is to actually progress, it's important that authors explain how they advanced the status quo 

and how future binners may advance it still further. 

Reply: We thank you for this insightful suggestion. We have expanded the discussion section to provide a 

more detailed perspective on how LorBin advances the field of metagenomic binning. Specifically, we 

include more discussion about the novelty of LorBin. To date, no Binners have analysed the distributional 

imbalance and shape of clusters. To this end, LorBin introduces a two-stage adaptive clustering approach 

that addresses the challenges of data imbalance and heterogeneous cluster shapes. LorBin expands 

phylogenetic coverage by recovering more unique and novel taxa. This highlights the power of LorBin in 

exploring microbial dark matter and accessing poorly described or unknown lineages. We systematically 

compared different encoders and clustering algorithms. We find that the proper clustering algorithm 

more significantly improves the binning quality, and LorBin combines efficient VAE and SCG-guided 

clustering for both efficiency and quality reasons. Compared with a single clustering algorithm, this two-

stage clustering approach yields more high- and medium-quality bins (Supplementary Figure 3a). The 

assessment-decision model is used to connect two-stage clustering, which improves both the read/contig 

utilization and confidence in bin quality. In addition, LorBin is efficient in terms of runtime. In feature 

extraction and learning processes, LorBin requires both reference genomes and labelled data, whereas in 

the clustering process, LorBin deploys adaptive clustering to automatically determine parameters instead 

of traversing each of them. 
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For long read binning, while COMEBin is not as good as SemiBin2, the discussion section of the COMEBin 

paper suggests, it is optimized for long reads. 

The current and further directions of metagenomic binning are as follows. 

We are happy to see the growing international interest in metagenomic binning, with over 20 available 

tools supporting microbiome research. This finding highlights the importance of metagenomic binning in 

advancing our understanding of microbial functions and ecology among biologists and bioinformaticians. 

However, compared with other domains, such as drug‒protein interactions, (meta)genomic assembly, 

single-cell RNA analysis, and gene mining, binning-related studies still lag behind. We believe that this gap 

presents an opportunity for collaborative innovation and knowledge exchange to drive the field forward. 

In the future, we must consider the interplay between sequencing technology and binning. If long-read 

sequencing advances to capture ultralong DNA (e.g., full genomes of each species in a microbiome), the 

need for assembly and binning could diminish. However, overcoming significant challenges, such as 

extracting unbroken DNA, preparing ultrafine sequencing libraries, and improving the read length, enzyme 

stability, and speed of sequencing instruments, is necessary. Owing to these limitations, binning methods, 

particularly tools for long-read sequencing, will remain essential for the foreseeable future. 

To advance binning, we must revisit its foundational steps: from reads to contigs to bins. There are several 

important areas for improvement from our point of view. 1) Long sequence processing: developing 

efficient methods to handle long-read data and extract meaningful features. 2) Novel encoders for DNA 

feature extraction: innovating beyond traditional k-mer-based approaches to capture more genomic 

information. 3) New assemblers: developing assemblers that better handle the complexity and diversity 

of metagenomic data with uneven species distributions. 4) Efficient clustering algorithms for 

heteromorphic clusters: Design robust clustering algorithms to address unbalanced data and diverse 

cluster shapes. 5) Specific binners for exogenous genomes such as plasmids, prophages, and mobile 

genetic elements (MGEs). These genomes often exhibit distinct GC contents, abundances, and core 

genome characteristics, making them challenging to cluster. 6) Inter interpretability: AI-based binning has 

become increasingly complex. To increase the reliability of the AI model, it is crucial to understand how 
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models make binning decisions. 7) Efficient runtime: for ultra-large datasets of millions of long-reads, 

distributed computing or more efficient encoding strategies could further increase the scalability. 

By focusing on these areas, we can overcome current limitations and develop binning tools that better 

reflect the realistic nature of microbiomes. We look forward to collaborating with the community to 

address these challenges and advance the field of metagenomic binning. Thank you for your insightful 

comments, and we are excited to continue this exchange of ideas. We have elaborated on those in the 

discussion section. 

## Minor points 

* On line 118, the abbreviation hmBin should be explained. 

Reply: Thank you for your correction. We have made corrections in the manuscript. 

* Line 150: It's not clear if this means that LorBin has a coefficient 0.36 (etc) higher than the second-best 

binner tested? 

Or is this the actual silhuette coefficient of LorBin? If so, what is the coefficient of the other binners? 

Reply: Thanks for your suggestion. We are sorry for the confusion. The original manuscript refers to the 

absolute value of LorBin's silhouette coefficient, and we indeed ignored the comparison between 
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LorBin's silhouette coefficient and the silhouette coefficients of other binners. We have changed the 

statement here to the value of LorBin being higher than the suboptimal value. 

* Line 160: Mention that this is according to CheckM2. In some papers, this information could perhaps 

be mentioned in the methods section only, but here, I think it's crucial to mention how this result was 

obtained.

Reply: Your suggestion is professional, we have mention it. 

* Line 430: "trains" should be "strains" 

Reply: Thank you for your correction. 
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REVIEWER COMMENTS

Reviewer #1 (Remarks to the Author):

The authors answered most of our questions. Most edits were done with detail, and we 

thank the authors.

Response: Thank you for your fruitful suggestions, which improved the quality of our manuscript.

I still would like more biological meaning put on concave and convex clusters. Why are 

genome 1, 2, and 4 more complex? Can you discuss or at least hypothesize into why the 

different genomes made these clusters — since I would like know the biological 

significance of these different shapes of clusterings. Can you investigate more about this? 

Is there any computation->biological intuition?

Response: Thank you for your interest and valuable comments. We appreciate the suggestion to 

further discuss the computational and biological meaning of concave versus convex clusters.

First, the computational complexity of different genomes in the original Response Figure 1 is shown 

below. This figure is a conceptual diagram comparing two clustering outcomes: the left panel 

represents the theoretical “true” distribution of metagenomic contigs in 2D space, considering the 

shape of each genome. The right panel, by contrast, shows the clustering result assuming only 

central proximity (centroid-based) logic, such as K-means clustering 1. This simplification can cause 

nearby but structurally distinct genomes to be merged or misclustered in the right panel. Eventually, 

high contamination will lead to low-quality metagenomic bins. In this schematic, genomes 1, 2, and 

4 exhibit non-convex (crescent-like) distributions, whereas genome 3 is convex. Genomes 1, 2, and 

4 with concave structures are misjudged by K-means because they are all treated as convex 

structures. Therefore, we selected DBSCAN and BIRCH, which perform better in nonconvex 

clustering, as the core clustering algorithms of LorBin binning to handle complex cluster shapes.

Response Figure 1. Conceptual outcomes of binning with or without accounting for convex and 

concave clusters. The quality of binning is reduced when two different genomes form concave 

clusters close to each other in the latent space (e.g., genome 1 and genome 2). The left plot shows 

the theoretical clustering considering the shape of the clusters. Specifically, contigs from different 

genomes may be grouped into the same cluster (bin) based on the proximity of the center points 

(right plot). This approach increases the contamination of metagenomic bins (MAGs). The colorful 

dots denote contigs from different genomes (1 to 4). The red dotted line indicates the clustering 

boundary that considers only convex clusters, and the red dots mark the cluster centers. Genomes 

1, 2, and 4 exhibit non-convex distributions, and genome 3 has a convex distribution.



Second, this difference in geometry of clusters might be not purely mathematical. This information 

may reflect some biological properties of the genomes or their corresponding contigs. Several 

potential factors may be associated with the shape of clusters, such as the GC content, contig 

length, and bin size. Biological interpretability analysis is an interesting project for our future 

research. We still would like to share and discuss this topic. For example, high GC contents cause 

sequencing biases and result in uneven coverage or k-mer distributions. These irregular patterns 

can distort their representation in feature space, making contigs toward nonconvex structures. 

Concave clusters may result from genomes that are poorly assembled or fragmented, often owing 

to sequencing difficulty (e.g., repetitive regions or low coverage). Short contigs have less reliable 

k-mers and coverage signals, leading to noisier embedding. To verify the biological meaning of 

cluster shapes, we propose collecting many concave and convex clusters and systematically 

comparing their biological features, such as GC content, N50, contig length, strain-level 

heterogeneity, and repetitive sequence density. Logistic regression, SHapley Additive exPlanations 

(SHAP), or other feature attribution methods could be used to identify which genomic attributes 

most strongly influence cluster shape in latent space. Thus, we only include some pieces of 

discussion in the main text at this time. 

Discussion

Reference:

1. Zhao, W.-L., Deng, C.-H. & Ngo, C.-W. k-means: A revisit. Neurocomputing 291, 195–206 (2018).



Reviewer #3 (Remarks to the Author):

Thank you for your thorough response.

All major points have been addressed to my satisfaction, except one which I believe still 

requires changes.

Response: Thank you. Our manuscript has been improved significantly based on your suggestions.

I'll address your responses to major issues raised by the reviewers point by point:

1. Claiming LorBin is reference free

A: The authors satisfyingly resphrased LorBin as unsupervised.

Response: Thank you.

2. Use of non-standard accuracy measures

A: The authors have included the more common ARI and F1 metrics, which is satisfying. I 

believe there are some methodological issues with ARI scores for metagenomic binning - 

see e.g. https://viralinstruction.com/BinBencherBackend.jl/dev/considerations/#ari. 

Nonetheless, I think this reservation of mine is minor, somewhat subjective, and should not 

block the publication of LorBin.

Response: Thank you for your reply and suggestions. We will include this in future research.

3. Lack of measurements of computational requirements

A: Authors have added supplementary tables with the requested information.

Response: Thank you. 

4. Lack of discussion about how exactly LorBin advances the field

A: The authors have addressed this satisfactory by rewriting the discussion section.

Response: Thank you.

5. t-SNE is inappropriate to represent a VAE embedding

A: In my opinion, this has not been satisfactory addressed. Reviewer 1 asked a similar 

question, and the authors show in Response Figure 2 to reviewer 1 that the number of 

convex and concave clusters only changes slightly with t-SNE parameters. However, a) 

the fact that it changes, despite convexity being a mathematically rigorous definition does 

seem to prove that the t-SNE distorts the cluster shape, and b) the figure does not show 

whether the same clusters remain convex or concave across all 20 t-SNE settings - it could 

be that they switch, but with a fixed probability.

To address the same question in my review, the authors provide Response Figure 2 for 

reviewer 3, which shows that convexity change between PCA and t-SNE, and also differ 

as t-SNE parameters change. The authors does show that the convexity count is highly 

correlated when measured on PCA and t-SNE embeddings. Like above, they do not show 

that the same clusters remain convex/concave under PCA and t-SNE, and between t-SNE 

settings. In response figure 3, the authors show that, when manually adding convex or 

concave clusters, the number of convex and concave clusters detected with t-SNE 

correlates with the true number. However, only about half the number of truly convex 

clusters are detected in the t-SNE embedding, and approximately 20% more concave 

clusters are detected than what is manually added to the embedding. Further, they do not 

provide evidence that it's the same clusters that are actually convex/concave that are 

detected as such.

I conclude that the use of t-SNE remains unwarranted. The authors show, at best, that 

there is strong correlation between the true number of convex/concave clusters and the 

https://viralinstruction.com/BinBencherBackend.jl/dev/considerations/


measured number in a simulated setting, and that the number of measured convex clusters 

differ by less than 20% between PCA and t-SNE and between different t-SNE runs.

But this is not the same as showing that clusters that are convex in high dimensions are 

also convex in t-SNE - it is, in fact proof, that at least some of the time, t-SNE changes the 

shape of the clusters. I suggest the authors measure convexity directly in the high-

dimensional space, if possible, or else simply forgo the mentioning of cluster shapes 

altogether, since it is not crucial to the paper's findings.

Response: Thank you for your insightful and professional comments. We acknowledge that t-SNE 

is a nonlinear dimensionality reduction method. This tool is not very appropriate for preserving 

global geometry and may distort cluster shape, including convexity. Our original intention in using 

t-SNE was not to claim that it faithfully reflects high-dimensional cluster structure. Although we 

can actually forgo it as you suggested, t-SNE provides intuitive visualization to help communicate 

the performance of LorBin on complex data distributions, particularly for non-computational 

biologists.

To address this concern, we took two complementary steps: first, we developed a high-dimensional 

approximation method to assess cluster convexity directly in the original feature space; second, we 

used this approximation to evaluate and improve the reliability of two-dimensional visualizations, 

ultimately leading us to replace t-SNE with UMAP.

1- We further attempted to approximate convexity in high-dimensional space by developing a 

deep learning-based classifier1,2. This classifier was trained on simulated convex and concave 

clusters. Specifically, we generated a synthetic dataset of 10,000 labelled clusters (50% convex, 

50% concave), trained a transformer-based neural network3, and achieved an average 

validation accuracy of 0.898 ± 0.010. This classifier was then used to predict convexity in 104 

human gut metagenomic samples, revealing that ~25% of sufficiently large bins were convex 

and that ~17% were concave. Notably, 57% of the clusters had sizes ≤ 33 contigs and could not 

be classified due to dimensionality constraints4,5. Please find this result in the current 

Supplementary Figure 13 in the revision.



2- We then used this classifier to guide a quantitative evaluation of dimensionality reduction 

techniques. Specifically, we performed a grid search over 1,000 parameter combinations for 

both t-SNE6 and UMAP7. For each 2D embedding, we computed cluster shapes via ConvexHull8

and compared the convexity assignments to those predicted by our high-dimensional classifier. 

This agreement rate served as a metric of shape preservation. After parameter optimization, 

the cluster shape consistency according to UMAP can reach 70.8% (n_neighbors=25, 

min_dist=0.6, random_state=42) on the 104 human intestinal samples. This value of 28.9% 

improvement over its default value is significantly higher than the maximum consistency 

achieved by t-SNE (only 11.0% improvement). Based on this evidence, we replaced t-SNE with 

UMAP in Figure 3e and clarified in the text that the visualization is intended only to show the 

handling of complex data distributions by LorBin, not to infer high-dimensional geometry.

Response Figure 2. Shape consistency between high-dimensional space (via a convexity classifier) 

and 2D projections (via ConvexHull). Parameter optimization improved the consistency by 11.0% 

for t-SNE and 28.9% for UMAP.

These changes strengthen the manuscript by removing any overinterpretation of 2D projections 



and ensuring that visualizations better reflect the underlying data structure. Importantly, the core 

conclusions of our work do not rely on t-SNE or UMAP but rather on the quantitative performance 

of LorBin in reconstructing genomes from complex metagenomes. The improved UMAP visual 

representation is intended to aid interpretability for broader audiences, particularly experimental 

biologists.

We updated Figure 3e in the Results and Methods sections.

Results

Methods
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REVIEWERS' COMMENTS 

Reviewer #1 (Remarks to the Author): 
Thank you for elaborating.  
I won't push it any further for studying how biology shapes the clusters, But perhaps this can be an 
interesting follow-up study.I am satisfied. 
Response: Thank you for your fruitful suggestions to improve the quality of our manuscript.

Reviewer #3 (Remarks to the Author): 
Thank you for your response. 
This round of revision concerned itself with the appropriateness of low-dimensional visualisation of a high-
dimensional space, and in particular, whether the notion of "convexity" is preserved when reducing from 
higher- to lower dimensions. 
I remain unconvinced that it's a good idea to attempt to reason about high-dimensional shapes as 2D 
projections, especially when there is good a priori reasons to believe that the overall shape of sequences is 
inherently high dimensional and therefore cannot be reduced. 
However, I don't believe this disagreement is sufficiently important to prevent the publication of this paper. 
After all, it's not a critique of the methodology or even of an accuracy measurement, but only a critique of a 
visualisation meant to explain how LorBin works. 
Response: Thank you. Our manuscript has been improved significantly based on your suggestions.


