


been extensively studied in recent years. To name a few, STAGATE1, GraphST2, STAligner3, SpaGCN4 and conST5. 
• Although the authors claim STAIG is alignment-free, they do not consider batch effects among datasets but simply putting
them together, which makes STAIG no different from methods specifically designed for single dataset (e.g., SpaGCN). So
STAIG should not be considered as a method for handling multiple samples. 
• From the perspective methodological framework, it is very similar to conST in aspects including visual feature extraction
and the idea of using contrastive graph learning. 
• STAIG can hardly be recognized as a multimodal learning algorithm as the visual features are only used for graph
augmentation rather than being incorporated into the final embeddings. 
• STAIG is very slow compared to other similar methods like SpaGCN and STAGATE, as the clustering of a single dataset
can take up to 4 hours. 

Data and methodology 
The data used in this study is public available, I have no particular concern about it. For the methodology, I have the
following concerns: 
• The authors use BYOL to extract cell morphology features from H&E image. It may be unnecessary or even worsen the
extracted features, as it is well-documented that a simple U-Net can effectively handle this task6. Authors need to justify their
choice here. 
• BYOL needs data augmentation. Unlike general images (e.g., ImageNet), the data augmentation techniques may not be
applicable here, as histology images typically lack clear semantic segments (i.e., kind of fuzzy and blurred), potentially
leading to significant biases. Authors need to clarify the usefulness of the data augmentation techniques. 
• The parameters of the band-pass filter are not explicitly stated in the paper, which is a potential pitfall, given the different
qualities between tissue slices or even within the same slice. An arbitrary setting may severely deteriorate the image (e.g.,
over-blurring of the image). Authors need to explain the standards for choosing these parameters. 
• The normalization of the aggregated raw gene expression matrix X on line 296 needs further explanation. This
normalization potentially downweighs the importance of datasets with low sequencing depth, which yet may hold important
information. 
• The slice integration seems unnecessary, as the way A constructed in equation (1) and W constructed in equation (3)
means spots in different datasets would never interact with each other. So, this slice integration step is meaningless. Please
comment on this. 
• The authors used the DS algorithm, which essentially a K-means, to exclude negative samples as those within the same
cluster. This step needs further clarification as the cluster size generated by K-means can have a large variance. This means
many spots can end up in a single cluster and many cluster can have only one spot. 
• Please clarify the default value for the probability matrix (i.e., without labels) on line 328. 
• In equation (7), what are the parameters for the Bernoulli sampling? 

Analytical approach 
I have the following concerns: 
• The impacts of batch effects on slice integration should be analyzed more thoroughly, given the batch effects among
vertical DLPFC slices are minor. 
• The efficacy of image feature extraction needs more detailed analysis. For example, which part of BYOL is most critical for
this effective feature extraction. Ablation studies or comparison with another computer vision representation learning
framework may help on this point. 
• The choice of the significance threshold log2FC for DE analysis should be discussed. 
• The statistical tests for the GO analysis (BH corrected test?) should be stated. 
• In addition to ARI or SC, the results should also show one more metric (e.g., NMI). 
• In addition to the UMAPs, some metrics should be used to measure the batch mixing effects (e.g., BatchKL). 
• In the paragraph (line 206-208), the authors claim differential expressions of muscle and tumor marker genes in the two
clusters of slice A and B. However, it is really difficult to tell such differences from Fig.7f. 
• The study of TME in Fig.7 should include a competing method TESLA7 specifically designed for detecting TME using ST
data. 
Suggested improvements 
The suggested improvements are: 
• The authors should add an experiment for discussing the use of different methods (e.g., kernels) other than Euclidean
distance for constructing the image distance matrix D on line 311. 
• The authors can include an additional experiment for testing datasets without H&E images. 
• The choice of masked ratio in equation (7) should be discussed, as the quality of the final embeddings hinges on this
choice. 
• The ability of STAIG in integrating non-vertical and non-horizontal slices (e.g., two slices of the same tissue but from
different individuals in different studies, and cannot be horizontally stitched) should be analyzed. 

Clarity and context 
• On line 145, the “(Fig.4f and Supplementary Fig. S7)” appears twice in a row. 
• On line 197, the traditional ST methods should be explicitly named. 
• In Fig.7f legend, it should be fine-grained instead of “fine-tuned”. 
References 
• The H&E image patch segmentation idea is also very similar to HistToGene8, so this paper should be added to reference. 
• Another ST computational methods, TESLA7, for studying TME should be referred and compared. 



Reports References 
1. Dong, K. & Zhang, S. Deciphering spatial domains from spatially resolved transcriptomics with an adaptive graph
attention auto-encoder. Nat Commun 13, 1739 (2022). 
2. Long, Y. et al. Spatially informed clustering, integration, and deconvolution of spatial transcriptomics with GraphST. Nat
Commun 14, 1155 (2023). 
3. Zhou, X., Dong, K. & Zhang, S. Integrating spatial transcriptomics data across different conditions, technologies and
developmental stages. Nature Computational Science 3, 894-906 (2023). 
4. Hu, J. et al. SpaGCN: Integrating gene expression, spatial location and histology to identify spatial domains and spatially
variable genes by graph convolutional network. Nat Methods 18, 1342-1351 (2021). 
5. Zong, Y. et al. conST: an interpretable multi-modal contrastive learning framework for spatial transcriptomics. bioRxiv,
2022.2001. 2014.476408 (2022). 
6. Falk, T. et al. U-Net: deep learning for cell counting, detection, and morphometry. Nature methods 16, 67-70 (2019). 
7. Hu, J. et al. Deciphering tumor ecosystems at super resolution from spatial transcriptomics with TESLA. Cell systems 14,
404-417. e404 (2023). 
8. Pang, M., Su, K. & Li, M. Leveraging information in spatial transcriptomics to predict super-resolution gene expression
from histology images in tumors. bioRxiv, 2021.2011. 2028.470212 (2021). 

(Remarks on code availability) 
Results in Fig.2c, Fig.3b and Fig.5c are not quite reproducible 

Reviewer #2 

(Remarks to the Author) 
The authors presented STAIG, a sophisticated graph-based deep learning model dedicated to the representation learning
and spatial domain identification of spatial transcriptomics data. The model integrates gene expression, spatial coordinates,
and histological images using graph-contrastive learning and advanced feature extraction. While the benchmarks delineated
in the paper appear to be relatively thorough and the results yielded particularly promising, there remain certain concerns
regarding detailed model design and evaluation that merit further clarification. 

Major concerns 

1. According to the method description, the overall spatial graph in STAIG is simply composed of disjoint subgraphs
corresponding to individual slices, without any inter-slice connectivity. Consequently, all positive and negative pairs in
contrastive learning come from the same slice only. Thus, it is not particularly clear why STAIG is able to achieve batch
integration across slices. The examples showcased in the manuscript comprises are confined to slices from the same
experiment, where batch effect is presumably minimal. Would STAIG work well with more substantial batch effects, e.g.,
those that may arise from different ST technologies? 
2. STAIG employs a band-pass filter to mitigate noise and uneven staining in the histological images. Is it necessary to
adjust the band-pass filter when applied to different datasets? Furthermore, how much does this filter step contribute to the
overall performance? 
3. It was mentioned in the method section that 512×512 pixel patches were extracted when partitioning the H&E images.
Does that correspond to the physical dimension of the ST spots? How would STAIG adapt to ST data and H&E images with
alternative spatial resolutions? 
4. When no image is available, STAIG conducts graph augmentation by removing edges at a fixed probability. Would it
improve performance if the removal probabilities were determined based on transcriptome similarity between the spots? 
5. The hyperparameter optimization was conducted on the DLPFC dataset only, which raises questions regarding its
generalizability. Does the optimal hyperparameter setting hold in other datasets, or when imaging data is not available? 
6. It was mentioned in the method section that the clustering results in DLPFC were additionally smoothed for the STAIG
method. It is not particularly clear whether the same procedure was applied for other benchmarked methods, which could
have noticeable impact on the evaluation metrics. Based on the visualization in Fig. 2e, it seems that the clusters are
spatially scattered for stLearn and Seurat, suggesting that they might not have been smoothed? 
7. In the "image feature extraction" section, the authors claimed that STAIG clusterings based on image features highly
conforms with manually annotated regions. However, such conformity is not visually apparent in Fig. 3. E.g., the demarcation
between WM and layer 6 doesn't seem clear (Fig. 3a). It would be helpful if the authors highlight the mentioned demarcation
lines in each sub-panel of Fig. 3 to ease comparison across panels. 
8. The authors identified a tumor-like interface and a muscle-like interface in zebrafish melanoma. As the spots in the ST
slices correspond to multiple cells, is this partition due to different cell type proportions per spot or genuine difference in
single-cell gene expression? 
9. Most use cases in the manuscript were based on spatial barcoding technologies, which offer relatively high numbers of
detected genes. Would STAIG work well for imaging-based technologies as well, e.g., MERFISH, seqFISH? 

Minor concerns 

1. It was mentioned in the introduction section that "recent graph-based approaches for ST data are flawed" due to
"artificially structured graphs". This is a rather bold claim, and worth more detailed explanation as to why the graphs can be
"artificially structured"? 



2. The training details of BYOL is not sufficiently explained. Was the BYOL model trained on a per-dataset basis, or pre-
trained on a larger corpus of histological images? 
3. Canonical BYOL uses the online network as the final network, but line 288 states that the "target network" was used after
BYOL training. Is that a typo? 
4. ARI or SC scores are not shown for Fig. S11, despite being shown for all other relevant figures. 
5. Fig. 2F and S3 differ by a 90 degree rotation, which is unnecessary. 
6. The superscript notations for augmented graphs are not consistent. Most occurrences contained no parentheses, but line
347–352 used parentheses. 
7. The figure numbers in Table S1 are incorrect. E.g. there is no Fig. 3f (last row in Table S1) in the manuscript. 
8. Brightness in Fig. 6e bottom panels are not properly normalized. 

(Remarks on code availability) 
The authors have released `STAIG` as a Github repo, and provided necessary instructions on environment management
and usage. The codes seem well structured and the tutorial runs without error, except that some comments and print
messages are written in Chinese rather than English. 

Reviewer #3 

(Remarks to the Author) 
The authors propose a novel approach, STAIG, to extract features from multi-modal spatial transcriptomics data. The
proposed approach shows state-of-the-art clustering scores in various spatial transcriptomics datasets. 

The introduction quickly cites several competing approaches while providing minor information, being a bit distracting. It
could be improved by providing additional details and how they differ from the proposed approach. 

The methods and results are clearly described. Figures with small legends are hard to read, even digitally, due to the
rasterization of text. 

Comments: 

Line 276: What are the parameters of the Gaussian filter and the band-pass filter? The authors suggest these filtering steps
are very important. A study showing how they impact the algorithm's performance would be extremely helpful for researchers
building upon this work and could be included in the ablation studies section. 

Line 314: Why is the log plus one transform applied to equation (3) if it’s being transformed by e^x on equation (4)? And why
is it necessary to do the element-wise product with A in equation (3) if equation (4) is conditioned to A_ij == 1? 

A scale with numbers in Figures 4f, 6e, and 7f would improve the evaluation of the different gene expressions in the different
regions. 

Figure 6e: It’s unclear how appropriate it is to apply a statistical test to compare the mean value of groups that, by definition,
have different averages, since they represent a mixture of Gaussians. Moreover, some of the test assumptions are violated.
For example, the cells are not independent because they have a spatial correlation. I suggest removing the p-values. 

(Remarks on code availability) 

Creating a Python package and additional documentation could improve the code repository. 

I did not run the code to confirm its reproducibility. 

Version 1: 

Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 
Thanks for the authors’ responses on the points I raised. After reading the rebuttal letter, I have the following concerns: 
Major 
1. Questionable reproducibility and local performance of STAIG 
I appreciate the authors' provision of a pre-configured cloud server, which facilitates the verification of STAIG's performance.
However, I remain concerned about its reproducibility and performance consistency across different environments. Our tests
on a local server demonstrated significant discrepancies compared to the results reported in the manuscript (refer to the
attached results in the reviewer's response email). This variation might stem from inherent limitations in STAIG’s
methodology, particularly the probabilistic perturbation in the graph's local structure during contrastive learning, which
results in highly variable augmented graphs G1 and G2 in each training instance. To mitigate this, I suggest resampling G1
and G2 multiple times and using their average structure, although this may increase training complexity and time. I
recommend other reviewers also test STAIG on their local machines to verify STAIG’s reproducibility at the user end. 



2. Theoretically suspicious batch correction 
The approach to contrasting learning described in Equation 9 permits interactions across batches but may not effectively
mitigate batch effects. Specifically, in equation 9, positive samples are all from the same batch, while samples from different
batches only serve as negative samples in the denominator. Theoretically, batch effects can help minimize this loss function
—its loss declines when the dissimilarity of such negative samples are increased, which the existence of batch effects can
contribute to. In other words, rather than distancing cross-batch negative samples, batch effects are effectively addressed
only when pulling closer cross-batch positive samples, which STAIG fails to achieve, at least theoretically. 

3. Insufficient task and methodological novelty 
The novelty of STAIG is still questionable from both task-oriented and methodological perspectives. The tasks of spatial
clustering and slice alignment are well-trodden areas, while the ideas of applying graph convolutional networks, histology
image integration, and graph contrastive learning to spatial clustering have been previously explored in other studies.
Moreover, the techniques used in STAIG, such as BYOL, local graph structure perturbation, GCN, are common in the field of
deep learning. 

4. Overly ad hoc parameter settings 
The adjustments of critical parameters without detailed justification, such as the increase in the number of selected highly
variable genes from 3000 to 5000 and the alteration in edge removal probabilities (from 0.3 to 0.2), raise concerns about
STAIG’s adaptability to diverse datasets. Other ad hoc parameters include the p_min, p_max on line 409, the Bernoulli
masking ratio on line 427, the number of clusters in DS filtering on line 457, and many other hyperparameters in network
architecture, image processing and loss functions. While a few ad hoc parameters are generally acceptable, too many such
parameters undermine the model's robustness and generalizability. 

5. Overly casual clustering in DS filtering 
Given the number of clusters in the DS filtering is key to the determination of negative samples and subsequent graph
contrastive learning, its setting necessitates further investigation. The authors should provide original images of the
clustering results to allow the interpretation of labeling samples in the same cluster as positives while in distinct clusters as
negatives. Meanwhile, given the batch effects among H&E images of different slices, it is very likely that image patches of
different tissue domain types from same slice can end up in the same cluster, while those of the same tissue type from
different slices in different clusters. Such clustering results are not desirable as they are inconsistent with the images’
semantic meaning. 

6. Insufficient mathematical solidity 
STAIG falls short of mathematically solidity, as reflected not only by excessive ad hoc parameter settings but also the lack of
succinct mathematics and efficient computations. For example, the use of a logarithmic operation in Equation 3 followed by
an exponential in Equation 4 seems unnecessary and only incurs extra computational costs. This could be streamlined by
skipping equation 3 and directly employing D^{img}+1 in Equation 4. Additionally, the computation of the distance matrix
D^{img} could be optimized by leveraging the sparsity of the adjacency matrix, rather than using the computationally
intensive function like “euclidean_distances = cdist(node_emb, node_emb, metric='euclidean')” on line 106 in
adata_preprocessing.py. Not only this brutal-force calculation is not inefficient, but also potentially leads to memory issues in
case of large-scale data and high-dimensional embeddings. 

Minor: 
None 

(Remarks on code availability) 

Reviewer #2 

(Remarks to the Author) 
I appreciate the authors' extensive efforts in conducting additional benchmarks with new data and new methods, and
revising the manuscript to integrate the new results, which have improved the rigor of the manuscript and largely addressed
my previous concerns. However, I still have some remaining questions and concerns that require further clarification: 

- The authors explained cross-slice interaction in the STAIG model by referring to negative samples in the contrastive loss. If
I understand it correctly, the negative samples include not only pre-existing edges that get removed based on image feature
similarity, but also edges that do not exist in the original adjacency graph, such as those across slices. If that was the case,
the second term in the denominator of Eq. 9 involving a sum over all such negative samples would be highly inefficient to
compute. I suspect that some sort of negative sampling strategy was actually employed instead of computing the exhaustive
sum, which was not clearly reflected in Eq. 9. Furthermore, the normalization of negative samples does not seem to align
with that of positive samples in Eq. 9. Additionally, I am also unclear why f^1,2(i, i) is included in the denominator; should
this not be a positive edge? Lastly, I still find it counterintuitive why batch effect correction works in STAIG, which obviously
still lacks positive samples across slices. "Emphasizing on subtle local dynamics over broad global changes" is posited as
an explanation, but remains a fuzzy intuition. Could ablation experiments help clarify the underlying mechanism of STAIG's



batch effect correction, and verify the authors' intuitions provided here? 
- Regarding the "artificially structured graphs," I now understand its meaning, but still have a minor complaint regarding the
assertion that the artificial graph structure in STAGATE does not change. My understanding is that the graph attention
mechanism in STAGATE could effectively reduce the influence of unreasonable edges through low attention scores, which
might mitigate this issue. A more distinct comparison between STAIG and STAGATE might focus on STAIG's integration of
image features rather than solely relying on transcriptomic data. 
- The colors representing "intra-view non-neighbors" and "inter-view non-neighbors" in Fig. 1e do not match the contrastive
learning illustration, which may confuse readers. 
- In line 463, the second highlighted term should be l(h_i^1). 
- The panel order in Fig. 3c does not match those in Fig. 3a, b. 

(Remarks on code availability) 
Language used in the code has been rectified. 

Reviewer #3 

(Remarks to the Author) 
The authors have addressed my comments and most comments from the other reviews. 

The revised version of the manuscript clearly improves the original version, especially by the inclusion of results from
imaging-based spatial transcriptomics. 

However, as raised by reviewers #1 and #2, the claims of global interaction between multiple datasets could be excessive. 
While the responses clearly show that equation 9 is a global computation, they are not connected through adjacencies, only
through their embedding space --- which is the default for deep learning training with multiple samples --- it's unclear how
much of that can be qualified as a novelty once the unnecessary terms are removed and the formulas simplified. 

This doesn't disqualify the paper's claims and experiments that they obtained a better integration, but the description could
be more transparent. 

This extends to equation 4, as acknowledged during their response. Despite being originally motivated by softmax, once you
apply "log" and then "exp," it would be clearer to show that "Pij" is a normalized distance, which raises the question of why
the +1 is an important constant to this normalized distance. 

(Remarks on code availability) 

Version 2: 

Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 
Thanks for the authors’ response to my previous concerns, although some of them are not fully addressed. Therefore, in the
following questions, I stay with my previous questions with numbering consistent with those in my last review letter: 

Major 

1. The authors claim that they have updated STAIG code and incorporated resampling process into the construction of G1
and G2 to improve STAIG’s performance stability. However, I do not see the incorporation of resampling process in their
method section. Moreover, the authors should show experimental results, including the ablation study on the resampling
process, to prove the improved stability due to these efforts. Given the randomness inherent to STAIG, it is better to add a
section in the manuscript, describing the stability issue and authors’ efforts on addressing this issue. Also, given the authors'
claim the update results in a slight decrease in computational speed as well as the extra costs associated with the
resampling process, STAIG’s scalability against different sample sizes after these updates should be demonstrated. 

2.The authors have updated STAIG to restrict negative sample pairs to the same slice during integration and claimed that it
significantly improves the integration. However, this update fails to address my previous concern about shortening distances
between inter-batch positive pairs, which can truly mitigate batch effects in theory. Moreover, this update seems to contradict
the authors’ statement in the previous response, where I quote: 

“Firstly, let's consider STAIG's neighbor contrastive loss functon(9) (Line 460). In this equation, the numerator represents the
computation of similarities between a sample and its immediate neighbors, treated as positive pairs within the augmented
graph. Conversely, the denominator accounts for the interactions with negative samples across the entire samples (The
second term of the denominator). This global computation not only normalizes the impact of local interactions but also
indirectly bridges different datasets by adjusting each data point's influence in relation to the overarching data
characteristics. Therefore, although direct dataset interactions are not modeled by the matrices A and W, the denominator



plays a crucial role in facilitating an indirect information exchange, thereby significantly enhancing the model's capacity to
generalize across diverse datasets”. 

This statement clearly indicates the importance of using cross sample negative pairs to make STAIG as a multi-batch model,
which is however denied in this response. Although the authors have conducted ablation studies, attempting to demonstrate
this point empirically, the seemingly good results may be purely random, particularly considering its theoretical deficiency.
Restricting negative sample pairs to the same slice during integration essentially forbids interactions between samples
across batches and makes STAIG a method for single batch only. In summary, I do not think authors fully address my
concern about STAIG’s effectiveness in batch integration, at least theoretically. 

3.Graph construction: Admittedly, few existing methods augment graph using H&E image. I believe this is due to several
reasons: Firstly, Only a limited ST platforms provide H&E image. Using gene similarity or proximity is for general
applicability, at least better than the ad hoc parameter 0.2 used in the fixed edge removal in STAIG when H&E image is
unavailable. Secondly, H&E image quality cannot be guaranteed, with different tissue types appearing similarly in the
image. For example, a TME microenvironment may encompass many tumor subtypes but appear as a homogeneous tumor.
Nonetheless, such subtle differences can be detected by gene expression data at the molecular level. Therefore, authors
need to demonstrate H&E images’ edge over ST data even when the H&E image quality is poor. Otherwise, authors need to
provide corresponding solutions. 

H&E image utilization: Spatial clustering methods in ST that effectively use the H&E image data are not limited. For
example, iSTAR and conST are well-known such methods. 

Batch integration: Since authors provide a claim contradictory to their previous claim about the using of cross-batch negative
samples in the response to my question 2, as well as fail to address my concern about STAIG’s batch integration from a
theoretical perspective, I am not convinced about authors’ claim “STAIG's unique framework achieves batch integration that
prior methods could not”. 

3. Thanks for the authors’ detailed explanation about their choice of these hyperparameters, though I am a little surprised
when reading authors’ response “Regarding the adjustment of edge removal probabilities. Initially, we did not perform
sensitivity testing for the parameter p during our early experiments.”. Given the key role of p in the absence of H&E image for
most ST platforms, the lack of sensitivity test leaves the choice of 0.3 in the initial submission purely based on speculation,
not even on less rigorous empirical sensitivity test, let alone solid theoretical foundation. 

4. Since the authors have removed the DS filtering in scenarios involving images from difference slices, corresponding
results should be updated to reflect this change. For example, if Fig.7 involves DS filtering in the previous version, its results
need to be updated. 

5. The authors fail to understand my concern. Please see the simple math below: 
W=log\left(D^{img}\right)\rightarrow e^{W_{i,j}}=e^{log\left(D_{i,j}\right)}=D_{i,j}\rightarrow P_{i,j}=\frac{D_{i,j}}{\sum
D_{i,k}A_{i,k}} 

(Remarks on code availability) 

Reviewer #2 

(Remarks to the Author) 
I appreciate the authors' efforts in addressing my previous questions. The clarity of the manuscript has significantly
improved. Following the recommendation of reviewer 1, I attempted to install and run the software as an end user. I am glad
to report that the obtained results were nearly identical to those presented in the manuscript when executed on a local server
equipped with A100 GPUs. 

I have one remaining request concerning the newly-added ablation experiments on batch integration. Typically, batch
correction carries the risk of over-correction, which may result in the removal of genuine biological signals. Therefore, in
addition to the iLISI and batchKL metrics that quantify the extent of batch mixing, I suggest that the authors also report
metrics related to the preservation of biological signals in these ablation tests (such as NMI and ARI), as is already included
in previous parts of the manuscript. 

(Remarks on code availability) 

Version 3: 

Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 



Thanks for the authors’ diligent efforts in addressing my previous concerns. The overall quality of the manuscript has
improved, with a few remaining points that I hope the authors can address. 
Major 

1. Time Costs and Hardware Configurations: While the authors have addressed the stability concern through testing, I would
like to see the incurred time costs. Specifically, the authors should report STAIG’s running time in minutes, relative to the
number of datasets and total number of spots, along with the hardware configurations of the test environment. 
2. Batch Integration Clarity: I remain unclear about the batch integration process. Specifically, does any information
exchange occur between batches during STAIG’s batch alignment? If so, how is this exchange achieved without
interactions between dataset-specific adjacency matrices in the   matrix and cross-sample negative samples? Additionally, I
seek clarification on the difference between using an aggregated   matrix (similar to whole batch training) versus training
each dataset separately with their own adjacency matrices (akin to mini-batch training). I would appreciate it if the authors
could explain this distinction using straightforward mathematical language. 
3. Systematic Hyperparameter Selection: I urge the authors to adopt a more systematic approach to hyperparameter
selection. For instance, they should consider the four types of feature gene selection methods: selecting highly variable
genes (HVGs) 1, minimizing redundancy in gene selection2, 3, utilizing co-expression gene networks4, 5, and selecting
spatially variable genes (SVGs) 6, 7. At a minimum, the authors should cite these methods and, if feasible, conduct tests to
demonstrate a rigorous and comprehensive approach to hyperparameter selection. 

1. Chen, H.-I.H., Jin, Y., Huang, Y. & Chen, Y. Detection of high variability in gene expression from single-cell RNA-seq
profiling. BMC genomics 17, 119-128 (2016). 
2. Deng, T. et al. A cofunctional grouping-based approach for non-redundant feature gene selection in unannotated single-
cell RNA-seq analysis. Briefings in Bioinformatics 24, bbad042 (2023). 
3. Ding, C. & Peng, H. Minimum redundancy feature selection from microarray gene expression data. Journal of
bioinformatics and computational biology 3, 185-205 (2005). 
4. Langfelder, P. & Horvath, S. WGCNA: an R package for weighted correlation network analysis. BMC bioinformatics 9, 1-
13 (2008). 
5. Zhang, T. & Wong, G. Gene expression data analysis using Hellinger correlation in weighted gene co-expression
networks (WGCNA). Computational and structural biotechnology journal 20, 3851-3863 (2022). 
6. Hu, J. et al. SpaGCN: Integrating gene expression, spatial location and histology to identify spatial domains and spatially
variable genes by graph convolutional network. Nature methods 18, 1342-1351 (2021). 
7. Svensson, V., Teichmann, S.A. & Stegle, O. SpatialDE: identification of spatially variable genes. Nature methods 15, 343-
346 (2018). 

(Remarks on code availability) 

Reviewer #2 

(Remarks to the Author) 
I appreciate the authors for addressing my previous concerns. I have no new questions but would like to revisit the first
question raised by reviewer 1 regarding the lack of theoretical guarantees in STAIG's batch integration capability, which was
also my primary concern in previous rounds. 

The authors' rationale that model generalizability is the key to its batch correction capability makes sense. The challenge of
batch effects in many existing embedding techniques (e.g., PCA or VAE) stems from their requirement to reconstruct the
original expression data, thereby preserving any major data variation in the embeddings, including batch effects. Common
strategy to mitigate this issue include incorporating "batch" as a covariate in the embedding process, allowing batch
variation to be explained away[1], and explicitly pulling batches together with cross-batch anchors[2]. Alternatively,
eliminating the need for embeddings to reconstruct the entire expression profile offers a third solution. Early attempts using
supervised classification[3] or STAIG's use of self-supervised contrastive learning fall into this category. By eliminating the
data reconstruction requirement, embeddings are less inclined to retain batch variations, and more likely to use up all
explanation power for capturing within-batch variations, which leads to integration when combined with generalizability
across batches. 

Nevertheless, the absence of a theoretical guarantee means that the effectiveness of STAIG in batch correction could vary,
particularly as "generalizability" of deep learning models can be unstable, and really depends on the extent of distribution
shift between batches. It is conceivable that STAIG's batch correction capabilities might falter as batch effects intensify
beyond a certain generalizable limit. Demonstrating this through synthetic augmentation of batch effects between slices
could help identify STAIG's operational limits, and provide valuable guidelines for users regarding the reliability of STAIG in
batch effect correction under varying conditions. 

[1] Lopez, R., Regier, J., Cole, M. B., Jordan, M. I. & Yosef, N. Deep generative modeling for single-cell transcriptomics. Nat.
Methods 15, 1053–1058 (2018). 
[2] Haghverdi, L., Lun, A. T. L., Morgan, M. D. & Marioni, J. C. Batch effects in single-cell RNA-sequencing data are corrected
by matching mutual nearest neighbors. Nat. Biotechnol. 36, 421–427 (2018). 
[3] Lin, C., Jain, S., Kim, H. & Bar-Joseph, Z. Using neural networks for reducing the dimensions of single-cell RNA-seq



data. Nucleic Acids Res. 45, e156–e156 (2017). 

(Remarks on code availability) 

Version 4: 

Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 
The authors have addressed all my concerns, and I have no further questions. 

(Remarks on code availability) 
The codes are reproducible 

Open Access This Peer Review File is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative Commons license, and indicate if changes were
made.
In cases where reviewers are anonymous, credit should be given to 'Anonymous Referee' and the source.
The images or other third party material in this Peer Review File are included in the article’s Creative Commons license,
unless indicated otherwise in a credit line to the material. If material is not included in the article’s Creative Commons
license and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
To view a copy of this license, visit https://creativecommons.org/licenses/by/4.0/



!"#$$%&'(&))*+,-.

STAIG: Spatial Transcriptomics Analysis via Image-Aided Graph Contrastive Learning 

for Domain Exploration and Alignment-Free Integration 

Yitao Yang, Yang Cui, Xin Zeng, Yubo Zhang, Martin Loza, Sung-Joon Park, Kenta Nakai 

.

Responses to the reviewers 

/0.123405067.89950428:0.:;0.:;<=>;:?=6.1=>>01:2<31.83@.2312>;:1.7<=.;8A0.95<A2@0@B.C<=5.?00@D84E.

;81.12>32?2483:67.03;8340@.:;0.F=862:7.83@.52><5.<?.<=5.G<5EB. H3.:;21.50A212<3I.G0.;8A0.?<4=10@.<3.

8@@501123>. 4<340531. 50>85@23>. :;0. 1:8D262:7. <?. 9858J0:051I. :;0. 8D68:2<3. 0K9052J03:1. ?<5. 2J8>0.

?08:=50. 0K:584:2<3I. 83@. :;0. 23:0>58:2<3. 4898D262:201B. L<. D<61:05. <=5. ?23@23>1I. G0. ;8A0. 2346=@0@.

8@@2:2<386.4<J9858:2A0.J0:;<@1I.2J95<A0@.0A86=8:2<3.J0:5241I.83@.0K983@0@.<=5.@8:810:1.?<5.8.J<50.

5<D=1:.A862@8:2<3.<?.<=5.G<5EB."<55019<3@23>.50A212<31.;8A0.D003.J8@0.:<.:;0.J83=14529:I.G2:;.866.

4;83>01.4608567.J85E0@B

.

M=5:;05J<50I.23.5019<310.:<.4<340531.8D<=:.:;0.5095<@=42D262:7.<?.<=5.0K9052J03:86.501=6:1I.G0.;8A0.

10:. =9. 83. 86:0538:2A0. 4<3?2>=58:2<3. =123>. 46<=@&D810@. NOP1B. /0. ;8A0. =96<8@0@. 1=9960J03:857.

J8:052861.:;8:.2346=@0.:;0.:582323>.2973D.?2601.83@.8.>=2@0.:<.84401123>.<=5.46<=@.105A05B.L;21.866<G1.

7<=.:<.A052?7.:;0.501=6:1.950103:0@.23.:;0.98905.G2:;23.8.950&4<3?2>=50@.03A25<3J03:B.

.

/0.;<90.:;8:.<=5.8J03@0@.J83=14529:.?=667.8@@501101.866.:;0.452:2F=01.83@.4<JJ03:1.58210@.D7.:;0.

50A20G051B.O60810.?23@.D06<G.<=5.9<23:&D7&9<23:.5019<3101.:<.084;.4<JJ03:B.

.

General Response to Reviewer #1: 

/0.123405067.89950428:0.7<=5.:;<5<=>;.50A20G.<?.<=5.G<5E.83@.:;0.4<31:5=4:2A0.1=>>01:2<31.7<=.;8A0.

95<A2@0@B. /0. 89<6<>2Q0. ?<5. 837. 211=01. <3. :;0. 2J960J03:8:2<3. <?. %L-HNB. L<. 8@@5011. :;0.

5095<@=42D262:7. 4<340531. 50>85@23>. %L-HNR1. 501=6:1I. G0. ;8A0. 503:0@. 8@@2:2<386. NOP1. 83@. 950&

4<3?2>=50@.:;0.03A25<3J03:.83@.:582323>.4<@0B.C<=.483.3<G.?<66<G.:;0.>=2@062301.G0.;8A0.95<A2@0@.

:<.<9058:0.:;0.171:0J.83@.5095<@=40.<=5. ?23@23>1B.$<50<A05I.G0.;8A0.12>32?2483:67.<9:2J2Q0@.:;0.

:582323>.:2J0.:<.?84262:8:0.:;0.5096248:2<3.95<4011B.

.

L<.?=5:;05.@0J<31:58:0.%L-HNR1.23:0>58:2<3.4898D262:201I.G0.;8A0.4<3@=4:0@.8.105201.<?.8@@2:2<386.

0K9052J03:1. 83@. 234<59<58:0@. 30G. 0A86=8:2<3. J0:5241B. /0. ;8A0. 861<. 4<J9850@. %L-HNR1.

905?<5J8340. G2:;. :;0. 86><52:;J1. 7<=. J03:2<30@I. 95<A2@23>. 8. 4<J950;0312A0. 811011J03:. <?. <=5.

J0:;<@B.-@@2:2<38667I.G0.;8A0.905?<5J0@.0K:0312A0.8D68:2<3.1:=@201.:<.A862@8:0.:;0.0??04:2A03011.<?.

<=5. ?26:0523>. 95<4011. 83@. :;0. SC#T. :582323>. ?58J0G<5EB.L;010. 0K9052J03:1. 1:5<3>67. 1=99<5:. :;0.

5<D=1:3011.83@.0??2420347.<?.%L-HN.23.A852<=1.1403852<1B.

/0.;<90.:;8:.<=5.50A212<31.83@.:;0.8@@2:2<386.0K9052J03:1.8@0F=8:067.8@@5011.7<=5.4<340531B./0.

>03=23067.89950428:0.:;0.:2J0.83@.0??<5:.7<=.;8A0.23A01:0@.23.50A20G23>.<=5.G<5EI.83@.G0.850.>58:0?=6.

?<5.7<=5.A86=8D60.?00@D84EB.C<=5.1=>>01:2<31.;8A0.12>32?2483:67.4<3:52D=:0@.:<.:;0.2J95<A0J03:.<?.

<=5. J83=14529:. 83@. :;0. <A05866. F=862:7. <?. <=5. 5010854;B. S06<GI. G0. 5019<3@. :<. 084;. 4<JJ03:.



23@2A2@=8667.83@.@01452D0.:;0.50A212<31.J8@0.:<.:;0.J83=14529:B./0.89950428:0.:;0.9<12:2A0.?00@D84E.

<3.:;0.3<A06:7.83@.905?<5J8340.<?.<=5.8995<84;.81.G066.81.:;0.@0:8260@.1=>>01:2<31.?<5.2J95<A0J03:B.

.

Detailed Responses to Validity: 

Comment:.P123>.%L-HNU1.0K8J960.4<@01I.G0.?826.:<.<D:823.:;0.198:286.46=1:0523>.501=6:1.81.><<@.81.

:;<10.4682J0@.23.:;0.J83=14529:V.M<5.:;0.WTOM".+*+XY,.@8:810:.ZM2>B.'4[I.:;0.-\H.?<5.:;0.198:286.

46=1:0523>. 501=6:1. 21. )BX+I. G;24;. 21. 12>32?2483:67. 6<G05. :;83. :;0. 509<5:0@. )BX]. 83@. :;0. 4<J90:23>.

J0:;<@.N589;%L.Z)BX([B.

.

Response: L;83E.7<=.?<5.:8E23>.:;0.:2J0.:<.A862@8:0.<=5.4<@0B.L<.@0J<31:58:0.:;0.5095<@=42D262:7.<?.

<=5.0K9052J03:1I.G0.;8A0.10:.=9.83.23@0903@03:.03A25<3J03:.G2:;.8.503:0@.NOP.<3.8.46<=@.105A05.

?<5.7<=5.A052?248:2<3B./0.;8A0.950&4<3?2>=50@.:;0.03A25<3J03:.83@.95<A2@0@.:;0.:582323>.4<@0.23.:;0.

?<5J. <?. ^=97:05. !<:0D<<E1. Z2973D[B. C<=. 483. 50J<:067. 4<3304:. :<. :;0. 105A05. 83@. 905?<5J. :;0.

A052?248:2<3.D7.?<66<G23>.:;0.@0:8260@.231:5=4:2<31.G0.95<A2@0B.

.

H3. :;0.105A05I. G0. ;8A0.95<A2@0@. :;0. :582323>. 501=6:1. ?<5. 16240._+*+XY,.D810@.<3. 2J8>0. ?08:=501I.

84;20A23>.83.-\H.<?.)BX]I.G;24;.21.4<3121:03:.G2:;.:;0.501=6:1.509<5:0@.23.<=5.J83=14529:B.-@@2:2<38667I.

G0.;8A0.861<.2346=@0@.:;0.:582323>.501=6:1.?<5.16240._+*+XY,.G2:;<=:.2J8>0.81121:8340.Z-\H.`.)BX*[B.

L<.?84262:8:0.7<=5.232:286.A052?248:2<3I.G0.95<A2@0.7<=.:;0.2973D.?2601.4<3:82323>.:;0.<=:9=:.504<5@1.<?.

:;0.:582323>.95<4011B.

.

/0.504<>32Q0.:;0.452:2486. 2J9<5:8340.<?.5095<@=42D262:7. 23.14203:2?24.5010854;B.L<.:;21.03@I.G0.;8A0.

J8@0.<=5.03A25<3J03:.10::23>1I. :582323>.4<@0I.83@.4<J950;0312A0. 231:5=4:2<31.9=D62467.8A8268D60B.

/0.D0620A0.:;21.G266.038D60.?=:=50.=1051.:<.081267.5096248:0.83@.A052?7.<=5.501=6:1B.

.

Comments:. %L-HN. 21. 01103:28667. 8. J0:;<@. ?<5. 123>60. @8:810:. 58:;05. :;83. ?<5. J=6:2960. @8:810:1I.

?<=3@8:2<38667. 3<:. A057. @2??0503:. ?5<J. 0K21:23>. J0:;<@1. 62E0. %98N"!B. L;21. 483. D0. :<6@. ?5<J. :;0.

4864=68:2<31.<?.:;0.D6<4E.@28><386.8@a840347.J8:52K.-.23.0F=8:2<3.Z+[.83@.:;0.0@>0.G02>;:.J8:52K./.

23. 0F=8:2<3. Z,[B. L;8:. 21I. 19<:1. ?5<J. @2??0503:. @8:810:1. 30A05. 23:0584:. G2:;. 084;. <:;05I. G2:;. 3<.

23?<5J8:2<3.0K4;83>0@.8J<3>.:;0JB.S81248667I.:;0.J<@06.1;<=6@.D0;8A0.18J0.81.:;0.4810.G;050.

:;0.J<@06.21.:58230@.=123>.:;0.@8:810:1.<30.D7.<30B.H3@00@I.23.<=5.8::0J9:1.:<.50908:.:;0.501=6:1.?<5.

23:0>58:23>.;<52Q<3:86.162401I.G;24;.;8A0.685>05.D8:4;.0??04:1I.=123>.:;0.95<A2@0@.0K8J960.4<@01I.G0.

?8260@.:<.5095<@=40.:;0.501=6:1.23.M2>B*4B.-@@2:2<38667I.:;0.P$-O1.23@248:0.1=D<9:2J86.905?<5J8340.<?.

:;0.23:0>58:2<3B.-1.:;0.:G<.D8:4;01.850.G066&109858:0@.G;260.19<:1.<?.18J0.@<J8231.850.@2190510@B.

.

Response: L;83E.7<=. ?<5. 7<=5.A86=8D60.4<JJ03:1B./;260. 2:. 21. :5=0. :;8:. :;0.162401. 23.%L-HN.850.

@21a<23:. 23. :;0. 8@a840347. J8:52K. @=523>. :;0. 232:286. 4<31:5=4:2<3. 1:8>0I. :;050. 21. 23@00@. 23?<5J8:2<3.

0K4;83>0.D0:G003.:;0J.@=523>.:;0.:582323>.95<4011B.

.

M251:67I.60:R1.4<312@05.%L-HNR1.302>;D<5.4<3:581:2A0.6<11.?=34:2<3.Zb[.ZT230.(X)[B.H3.:;21.0F=8:2<3I.:;0.

3=J058:<5.50950103:1.:;0.4<J9=:8:2<3.<?.12J26852:201.D0:G003.8.18J960.83@.2:1.2JJ0@28:0.302>;D<51I.

:508:0@.81.9<12:2A0.98251.G2:;23.:;0.8=>J03:0@.>589;B."<3A051067I.:;0.@03<J238:<5.844<=3:1.?<5.:;0.



23:0584:2<31.G2:;.30>8:2A0.18J9601.845<11.:;0.03:250.18J9601.ZL;0.104<3@.:05J.<?.:;0.@03<J238:<5[B.

L;21.>6<D86.4<J9=:8:2<3.3<:.<367.3<5J862Q01.:;0.2J984:.<?.6<486.23:0584:2<31.D=:.861<.23@2504:67.D52@>01.

@2??0503:. @8:810:1. D7. 8@a=1:23>. 084;. @8:8. 9<23:R1. 23?6=0340. 23. 5068:2<3. :<. :;0. <A05854;23>. @8:8.

4;8584:0521:241B.L;050?<50I.86:;<=>;.@2504:.@8:810:. 23:0584:2<31.850.3<:.J<@060@.D7.:;0.J8:52401.-.

83@./I.:;0.@03<J238:<5.96871.8.45=4286.5<60.23.?84262:8:23>.83.23@2504:.23?<5J8:2<3.0K4;83>0I.:;050D7.

12>32?2483:67.03;83423>.:;0.J<@06R1.489842:7.:<.>0305862Q0.845<11.@2A0510.@8:810:1B.

! !"!

!""
" # $!%&

!##$%$%& %' ' ( ##$#$%& )'#!$&"
# ' ( ("%&$)* +'#!$&"

$ " ,*+!

##$%$%& %' ' ( !##$#$%& )' ' ("%&$)* +'"
!'(!")'*

!
(*

"
(

& $,'

.

%04<3@67I. %L-HN. 8@<9:1. 8. 3<A06. 8995<84;. D7. 4<3403:58:23>. <3. 6<486. 98::0531. @=523>. 0@>0.

905:=5D8:2<31B.L;21.1:58:0>7.0J9;812Q01.1=D:60.6<486.@738J241.<A05.D5<8@.>6<D86.4;83>01.:<.489:=50.

4<3121:03:.0K950112<3.98::0531.:;8:.850.950A8603:.845<11.@2??0503:.104:2<31I.0A03.23.:;0.95010340.<?.

A85723>. D8:4;. 0??04:1B. L;21. 866<G1. %L-HNR1. 0JD0@@23>1. :<. 30=:5862Q0. D8:4;. 0??04:1. 0??04:2A067.

031=523>. :;8:. :;0. J<@06R1. <=:9=:. 50J8231. D2<6<>248667. 5060A83:. 83@. 4<3121:03:I. 25501904:2A0. <?.

A8528:2<31.23.@8:8.95<401123>.<5.0K9052J03:86.4<3@2:2<31.845<11.@2??0503:.@8:810:1B.

.

L;25@67I. :;0. G02>;:1. 83@. @2J0312<3862:7. 50@=4:2<3. <?. 18J9601. 850. 1;850@. D7. 968423>. 084;. 16240.

@28><38667.23.:;0.8@a840347.J8:52KI.866<G23>.?<5.23?<5J8:2<3.8J<3>.0K4;83>0.8J<3>.18J9601.@=523>.

:582323>B.

.

\0>85@23>. :;0. 501=6:1. 23. M2>=50. *I. G0. ;8A0. 5095<@=40@. :;0. 0K9052J03:1. <3. 8. :;25@&985:7. 46<=@.

968:?<5J.83@.95<A2@0@.:;0.P$-O.83867121.501=6:1B.L;0.68:01:.0K9052J03:86.501=6:1.850.=9@8:0@.23.M2>B.

*DZT230.+b,&')([B.H:.483.D0.<D105A0@.:;8:.:;0.985:1.?5<J.18J0.?=34:2<386.?5<J.:;0.:G<.162401.<A05689.

23.:;0.P$-O.96<:I.1=4;.81.H1<4<5:0K.83@.L;868J=1I.G;260.:;0.162@0&19042?24.50>2<31.850.109858:0@I.

1=4;. 81. :;0. "050D06685. 4<5:0K. 83@. #6?84:<57. D=6DB. /0. 4<J9850@. <=5. 501=6:1. G2:;. %98N"!. 83@.

N589;%L.Z%=9960J03:857.M2>B.%+'[I.G;24;.J83=8667.862>3.4<<5@238:01.83@.23:0>58:0I.83@.:;025.P$-O.

@21:52D=:2<3.98::0531.850.4<3121:03:.G2:;.<=51B.-@@2:2<38667I.%L-N-LcR1.P$-O.4<J960:067.<A056891I.

D=:. 2:1.46=1:0523>. 501=6:1.850.A057.9<<5I. 23@248:23>. :;8:. :;0. 23:0>58:2<3.<?.@2??0503:. ?=34:2<386.85081.

4833<:.D0.a=@>0@.1<6067.D810@.<3.G;0:;05.:;07.<A05689B.



.

L;0.4<@0.83@.501=6:1.?<5.:;21.23:0>58:2<3.985:.850.8A8268D60.<3.:;0.46<=@.105A05I.G;050.7<=.483.081267.

6<>.23.83@.=10.%L-HN.?<5.A052?248:2<3B.M=5:;05J<50I.G0.;8A0.905?<5J0@.23:0>58:2<3.<3.8@@2:2<386.162401.

?5<J. @2??0503:. 23@2A2@=861. 83@. <3. :;0. %:050<&10F. 83@. %62@0&10Fd'. 968:?<5J1. ZT230. '+Y&''b[B. /0.

95<A2@0.8.@0:8260@.83867121.<?.:;21.985:.23.:;0.1=D10F=03:.4<JJ03:1B.

.

Comments:.H3.M2>B,I.8=:;<51.4682J.:;0.2J8>0.?08:=501.>03058:0@.D7.SC#T.483.50?604:.:;0.WTOM".

1:58:2?248:2<31B.L;010.501=6:1.100J.:<.D0.:<<.><<@.>2A03.:;0.62J2:8:2<31.<?.SC#T.=3@05.:;21.1403852<B.

L;050?<50I. :;0. A862@2:7. <?. M2>B,. 300@1. ?=5:;05. 46852?248:2<31B. H3@00@I. 23. <=5. 0K9052J03:. =123>. :;025.

4<@01.:<.50908:.M2>B,DI.G0.?8260@.:<.<D:823.8.501=6:.81.><<@.81.:;0.<30.1;<G3.23.:;0.J83=14529:B.

.

Response:.L;83E.7<=.?<5.7<=5.A86=8D60.4<JJ03:1.50>85@23>.:;0.A862@2:7.<?.:;0.501=6:1.950103:0@.23.

M2>B. ,B. L<. 8@@5011. 7<=5. 4<340531I. G0. ;8A0. 4<3@=4:0@. 4<J950;0312A0. 8D68:2<3. 0K9052J03:1I.

4<J98523>.<=5.SC#T. ?58J0G<5E.G2:;.P!cL.83@.dHLI.81.G066.81.0A86=8:23>. :;0.0??04:.<?. :;0.950&

?26:0523>.1:09B.C<=.J87.D0>23.D7.508@23>.:;0.104:2<3.<3.:;0.8D68:2<3.0K9052J03:1.23.:;0.1=9960J03:857.

J8:052861.ZT2301.,X'&('b[I.:2:60@.eSC#T.8D68:2<3.1:=@7.?<5.;21:<6<>7.?08:=50.0K:584:2<3Be.H3.1=JJ857I.

D<:;. 2J8>0.?26:0523>.83@.SC#T.850.45=4286. :<. :;0.0??04:2A03011.<?. :;0.%L-HN.J<@06I.038D623>. 2:. :<.

0K:584:.=10?=6.23?<5J8:2<3.?5<J.?26:050@.2J8>01B. .

.

L<.?=5:;05.A862@8:0.<=5.501=6:1I.G0.;8A0.5095<@=40@.:;0.0K9052J03:1.<3.83.23@0903@03:.105A05.83@.

=9@8:0@.:;0.4<55019<3@23>.?2>=501.23.:;0.J83=14529:B.L;0.=9@8:0@.501=6:1.?<5.M2>B.,.483.D0.A052?20@.

<3.:;0.46<=@.105A05.G0.;8A0.95<A2@0@B.

.

Detailed Responses to Specific Comments 

Comments:.L;0.03@08A<5. :<. 2@03:2?7.L$c.?5<J.:211=0.50>2<31. 68D060@.81.;086:;7B.W0192:0. :;010.

4<3:52D=:2<31I.:;21.1:=@7.;81.62J2:0@.12>32?2483401.23.:05J1.<?.2:1.3<A06:7.23.D<:;.:85>0:0@.95<D60J1.

83@.:;0.J0:;<@<6<>7V.

f.L;0.G<5E.?<4=101.<3.>03058:23>.19<:.0JD0@@23>1.?<5.198:286.46=1:0523>.83@.D8:4;.862>3J03:.:81E1I.

D<:;.<?.G;24;.;8A0.D003.0K:0312A067.1:=@20@.23.50403:.70851B.L<.38J0.8.?0GI.%L-N-Lc1I.N589;%L2I.

%L-62>3053I.%98N"!4.83@.4<3%L5B.



.

Response: L;83E.7<=.?<5.7<=5.A86=8D60.4<JJ03:1B./0.84E3<G60@>0.:;8:.12340.:;0.0J05>0340.<?.

198:286. :58314529:<J241. :04;3<6<>7I.3=J05<=1.J0:;<@1. ?<5. 198:286. 46=1:0523>.83@. D8:4;.862>3J03:.

;8A0.D003.95<9<10@I.83@.1<J0.;8A0.84;20A0@. 2J950112A0. 501=6:1B.-1.7<=.J03:2<30@I.0K8J9601.

2346=@0.%98N"!.%L-N-LcI.83@.J<50.50403:67I.N589;%L.83@.%L-62>305B.-6:;<=>;.866.:;010.J0:;<@1.

0J96<7.>589;.4<3A<6=:2<3.81.:;025.?<=3@8:2<386.?58J0G<5EI.G0.D0620A0.:;8:.:;050.21.1:266.12>32?2483:.

5<<J.?<5.2J95<A0J03:.23.:05J1.<?.30:G<5E.1:5=4:=50.03;8340J03:.83@.:;0.0K:584:2<3.83@.23:0>58:2<3.

<?.2J8>0.?08:=501I.G;24;.G0.;8A0.982@.1904286.8::03:2<3.:<.23.:;0.@012>3.<?.%L-HNB.$<50<A05I.0A057.

1:09.23.%L-HNU1.G<5E?6<G.G81.0K:0312A067.<9:2J2Q0@.:<.?=34:2<3.<3.@2A0510.1403852<1I.866<G23>.=1.:<.

84;20A0.:;0.;2>;01:.844=5847.4<J9850@.:<.:;0.D034;J85E0@.86><52:;J1B. .

.

L;21.23@248:01.:;8:.<=5.J0:;<@.0??04:2A067.<9:2J2Q01.:;0.%L.@8:8.1:5=4:=50B.!0K:I.G0.G266.23:5<@=40.:;0.

233<A8:2A0.81904:1.<?.%L-HN.?5<J.:;500.9051904:2A01V.:;0.=32F=0.95<905:201.<?.%L.@8:8I.2J8>0.?08:=50.

0K:584:2<3.83@.23:0>58:2<3I.83@.D8:4;.23:0>58:2<3B.

.

l. P32F=0.O5<905:201.<?.%L.W8:8.

ST data combines spatial and genetic information at each spot, posing unique challenges in its 

analysis. Often, methods transform ST data into graph structures, but unlike conventional graphs, 

where edges have inherent meanings like social interactions or chemical bonds, these graphs are 

typically formed by arbitrarily connecting points based on spatial proximity. This can lead to 

misrepresentations by linking biologically distinct regions, introducing biases that affect the analysis..
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In the debiased strategy (DS), we initially assign pseudo labels to spots using the K-means 

algorithm. During the contrastive learning process, we remove samples with the same class 

labels from the negative samples. To evaluate the impact of different initial clustering numbers 

on the results, we assessed the average ARI and NMI values across 12 slices of the DLPFC 

dataset (%=9960J03:857.M2>B.%',D) and the ARI and NMI values for a human breast cancer slice 



(%=9960J03:857.M2>B.%',4). We tested initial clustering numbers ranging from 10 to 100, with a 

step size of 10. 

The results showed that when the number of clusters was less than 40, it led to a decline in 

performance. Although there are small number of inherent class labels, the heterogeneity of 

image textures is more diverse. Having too few clusters results in an excessive number of 

samples within each cluster, and these samples may not belong to the same class. Such pseudo 

labels can lead to the exclusion of true positive and negative sample comparisons. When the 

number of clusters exceeded 60, the performance slightly decreased and then stabilized. This 

is because finer-grained clustering reduces the number of samples in each class, and the 

comparison for some nodes shifts towards comparing with the entire set. Although the 

effectiveness of DS diminishes in this case, other aspects such as graph structure perturbation 

based on image features continue to play a role. Despite some performance loss, the model still 

maintains good results. 

To further ensure that the K-means clustering results did not produce extreme distributions, 

where one class has a very large number of samples while the remaining classes have very few, 

we analyzed the number of samples in each class for the image embeddings of #151673 

(%=9960J03:857.M2>B.%',@) and the human breast cancer slice (%=9960J03:857.M2>B.%',0) when 

the number of clusters was set to 40. We sorted the classes based on the number of samples 

in ascending order. The analysis revealed that most classes had a considerable number of 

samples, and extreme distributions did not occur. Although some classes had fewer samples, 

this does not affect the training process for two reasons. First, when a sample is compared with 

the global set, it effectively transforms into a traditional contrastive learning framework, which 

can still learn the differences among the entire set. Second, samples grouped into the same 

class are due to their similar image features, and they are likely to be adjacent and of the same 

class. Avoiding comparisons with nearby nodes of the same class in a small range helps the 

model learn local expression similarities and commonalities. 

Based on the experimental results, we chose 40 as the default number of clusters for DS. 
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To construct the image distance matrix, we tested three methods for calculating the similarity 

between nodes based on the features extracted from BYOL. We evaluated these methods using 

the average ARI and NMI values from the DLPFC dataset (%=9960J03:857. M2>B. %',?). The 

methods we tested were Euclidean distance, cosine distance, and the RBF kernel. For the RBF 

kernel, we tested three different values for the gamma parameter: 0.01, 0.1, and 1.



The results showed that Euclidean distance and cosine distance performed similarly, indicating 

that the embedding differences can be distinguished to some extent based on either distance 

or direction. However, the performance of the RBF kernel was highly dependent on the choice 

of the gamma value. When gamma was set to 0.01, the performance was closest to that of 

Euclidean distance, but there was still a gap. When gamma was set to other values, the 

performance was worse. 

Therefore, in the default construction of the image distance matrix, we chose to use Euclidean 

distance as the method for measuring the similarity between nodes based on their image 

features. This choice was based on its simplicity, effectiveness, and consistent performance 

compared to the other methods tested. 

.

Comments: L;0.8=:;<51. 483. 2346=@0. 83. 8@@2:2<386.0K9052J03:. ?<5. :01:23>.@8:810:1. G2:;<=:. ghc.

2J8>01B.

.

Response: L;83E.7<=.?<5.7<=5.A86=8D60.4<JJ03:1B.H3.:;0.8D68:2<3.1:=@7.<?.:;0.950A2<=1.A0512<3I.G0.

4<J9850@.:;0.-\H.D<K.96<:1.?<5.:;0.WTOM".@8:810:.=3@05.4<3@2:2<31.G2:;<=:.2J8>0.@8:8.83@.G2:;.

?=66.=10.<?.2J8>0.@8:8B.H3.:;0.68:01:.A0512<3I.G0.;8A0.8@@0@.!$H.96<:1.Z1=9960J03:857.J8:05286I.6230.

'],&']([B.-@@2:2<38667I.G0.12J=68:0@.:;0.2J984:.<?.@2??0503:.0@>0.905:=5D8:2<3.95<D8D262:201.=3@05.3<&

2J8>0.4<3@2:2<31B.M=5:;05J<50I.G0.861<.8110110@.:;0.0??04:1.<?.=123>.83.8@89:2A0.J0:;<@.D810@.<3.

>030.12J26852:7.23.:;0.8D10340.<?.2J8>0.@8:8.Z1=9960J03:857.J8:05286I.6230.'(][B.

.

.

Comments: L;0.4;<240.<?.J81E0@.58:2<.23.0F=8:2<3.ZY[.1;<=6@.D0.@214=110@I.81.:;0.F=862:7.<?.:;0.

?2386.0JD0@@23>1.;23>01.<3.:;21.4;<240B.

.

Response:.L;83E.7<=.?<5.7<=5.A86=8D60.4<JJ03:1B./0.;8A0.86508@7.8@@50110@.:;21.1=>>01:2<3.23.

8.950A2<=1.5019<310B.

Comments: L;0.8D262:7.<?.%L-HN.23.23:0>58:23>.3<3&A05:2486.83@.3<3&;<52Q<3:86.162401.Z0B>BI.:G<.162401.

<?. :;0. 18J0. :211=0. D=:. ?5<J. @2??0503:. 23@2A2@=861. 23. @2??0503:. 1:=@201I. 83@. 4833<:. D0. ;<52Q<3:8667.

1:2:4;0@[.1;<=6@.D0.83867Q0@B

.

Response:. L;83E. 7<=. ?<5. 7<=5. A86=8D60. 4<JJ03:1B. /0. ;8A0. 0K983@0@. <=5. 83867121. :<. 2346=@0.

23:0>58:2<3.845<11.%:050<&10F.83@.%62@0&10Fd'.968:?<5J1B.#=5.J0:;<@<6<>7.;81.D003.4<J9850@.G2:;.

%L-T2>305I.83@.@0:8261.<?.:;010.83867101.483.D0.?<=3@.23.:;0.6230.''X&''bB.

.

Comments: #3.6230.+(*I.:;0.oZM2>B(?.83@.%=9960J03:857.M2>B.%Y[p.8990851.:G240.23.8.5<GB

.

Response: L;83E.7<=.?<5.7<=5.A86=8D60.4<JJ03:1B./0.;8A0.4<5504:0@.:;21.@=96248:2<3.23.:;0.:0K:.23.

6230.+X)B.

.



Comments: #3.6230.+bYI.:;0.:58@2:2<386.%L.J0:;<@1.1;<=6@.D0.0K96242:67.38J0@B.

Response:.L;83E.7<=.?<5.7<=5.A86=8D60.4<JJ03:1B./0.;8A0.J<@2?20@.23.6230.'*)&'*(B.g050.21.:;0.

50A210@.104:2<3.?<5.7<=5.50?050340B.

.

H3. 12J960.16240.4<3?2>=58:2<31I. 1=4;.81.16240.-I.866. 4<J9858:2A0.86><52:;J1. 2@03:2?20@. :;0. 23:05?840.

Z%=9960J03:857. M2>B. %+][B. g<G0A05I. G;03. <5>83. 4<J960K2:7. 23450810@I. 86><52:;J1. 1:5=>>60@. :<.

844=58:067.@0J8548:0.:;010.23:05?8401.Z%=9960J03:857.M2>B.%+b[B.!<:8D67I.N589;%LI.4<3%LI.W009%LI.

83@.%0=58:.23844=58:067.2346=@0@.3<5J86.J=1460.:211=0.G2:;23.23:05?840.46=1:05.D<=3@85201I.83@.G;260.

%98N"!.83@.%L-N-Lc.2@03:2?20@.685>05.23:05?840.85081I.:;07.J2110@.1J86605.148::050@.23:05?8401.

03425460@.D7.:;0.:=J<5.:;8:.%L-HN.844=58:067.862>30@.G2:;.<52>2386.1:=@7.501=6:1.ZM2>B.YD[B.

.

Comments: H3.M2>BY?.60>03@I.2:.1;<=6@.D0.?230&>58230@.231:08@.<?.o?230&:=30@pB.

Response: L;83E.7<=.?<5.7<=5.A86=8D60.4<JJ03:1B./0.;8A0.J<@2?20@.23.6230.Y])B.

Comments: L;0.ghc.2J8>0.98:4;.10>J03:8:2<3.2@08.21.861<.A057.12J2685.:<.g21:L<N030]I.1<.:;21.

98905.1;<=6@.D0.8@@0@.:<.50?050340B.

Response:. L;83E.7<=. ?<5. 7<=5. A86=8D60. 4<JJ03:1B.C<=.850.4<5504:. :;8:.<=5. 8995<84;. :<.98:4;.

10>J03:8:2<3.1;8501.12J26852:201.G2:;.g21:L<N030B.g<G0A05I.g21:L<N030.@2504:67.>03058:01.>030.

0K950112<31.?5<J.2J8>01I.684E23>.83.23:05J0@2857.0JD0@@23>.1:8>0.?<5.4<J9858:2A0.83867121I.83@.21.

3<:.@2504:67.4<J9858D60.?<5.>030.03;8340J03:.83@.198:286.46=1:0523>.:81E1B.L;050?<50I.G0.@2@.3<:.

2346=@0.2:.81.8.D8106230.23.<=5.232:286.4<J98521<31B./0.;8A0.3<G.8@@0@.2:.:<.<=5.50?0503401I.42:0@.<3.

6230.,(*.<?.:;0.J83=14529:B.

Comments: -3<:;05.%L.4<J9=:8:2<386.J0:;<@1I.Lc%T-YI.?<5.1:=@723>.L$c.1;<=6@.D0.50?0550@.83@.

4<J9850@B.

Response: L;83E.7<=.?<5.7<=5.A86=8D60.4<JJ03:1B./0.;8A0.8@@50110@.:;21.23.8.950A2<=1.5019<310B.

/0.;8A0.2346=@0@.Lc%T-.23.<=5.4<J98521<31.83@.@214=110@.2:.G2:;23.:;0.:0K:B.

.

Reference: 

+B. W<3>I.iB.h.q;83>I.%B.W0429;0523>.198:286.@<J8231.?5<J.198:28667.501<6A0@.:58314529:<J241.G2:;.

83.8@89:2A0.>589;.8::03:2<3.8=:<&034<@05B.Nat Commun.13I.+Y,b.Z')''[B.

'B. T<3>I. CB. et al.. %98:28667. 23?<5J0@. 46=1:0523>I. 23:0>58:2<3I. 83@. @04<3A<6=:2<3. <?. 198:286.

:58314529:<J241.G2:;.N589;%LB.Nat Commun.14I.++**.Z')',[B.

,B. q;<=I. lBI. W<3>I. iB. h. q;83>I. %B. H3:0>58:23>. 198:286. :58314529:<J241. @8:8. 845<11. @2??0503:.

4<3@2:2<31I.:04;3<6<>201.83@.@0A06<9J03:86.1:8>01B.Nat Comput Sci.3I.]b(rb)X.Z')',[B.

(B. g=I. ^B. et al.. %98N"!V. H3:0>58:23>. >030. 0K950112<3I. 198:286. 6<48:2<3. 83@. ;21:<6<>7. :<. 2@03:2?7.

198:286.@<J8231.83@.198:28667.A8528D60.>0301.D7.>589;.4<3A<6=:2<386.30:G<5EB.Nat Methods.18I.

+,('r+,*+.Z')'+[B.

*B. q<3>I.CB.et al..conST: An Interpretable Multi-Modal Contrastive Learning Framework for Spatial 

TranscriptomicsB. ;::9VssD2<5K2AB<5>s6<<E=9s@<2s+)B++)+s')''B)+B+(B(YX()]. Z')''[.

@<2V+)B++)+s')''B)+B+(B(YX()]B.

XB. d062tE<A2uI.OB.et al..W009.N589;.H3?<J8KB.O509523:.8:.;::9Vss85K2AB<5>s8D1s+])bB+),(+.Z')+][B.



YB. q;8<I.gBI.C83>I.lBI./83>I.qBI.C83>I.cB.h.W03>I."B.N589;.W0D2810@."<3:581:2A0.T085323>.G2:;.

^<23:.\0950103:8:2<3."6=1:0523>B.23.Proceedings of the Thirtieth International Joint Conference 

on Artificial Intelligence. ,(,(r,((). ZH3:0538:2<386. ^<23:. "<3?0503401. <3.-5:2?24286. H3:0662>0340.

#5>832Q8:2<3I.$<3:5086I."838@8I.')'+[B.@<2V+)B'(bX,s2a482B')'+s(Y,B.

]B. O;8JI.WB.et al..stLearn: Integrating Spatial Location, Tissue Morphology and Gene Expression 

to Find Cell Types, Cell-Cell Interactions and Spatial Trajectories within Undissociated TissuesB.

;::9VssD2<5K2AB<5>s6<<E=9s@<2s+)B++)+s')')B)*B,+B+'*X*].Z')')[.@<2V+)B++)+s')')B)*B,+B+'*X*]B.

bB. l=I."B.et al..W009%LV. 2@03:2?723>.198:286.@<J8231. 23.198:286. :58314529:<J241.D7.@009. 6085323>B.

Nucleic Acids Research.50I.0+,+r0+,+.Z')''[B.

+)B.M86EI.LB.et al..P&!0:V.@009.6085323>.?<5.4066.4<=3:23>I.@0:04:2<3I.83@.J<59;<J0:57B.Nat Methods.

16I.XYrY).Z')+b[B.

++B. N5266I.^B&SB.et al..S<<:1:589.C<=5.#G3.T8:03:.8.!0G.-995<84;.:<.%06?&%=905A210@.T085323>B. 23.

Proceedings of the 34th International Conference on Neural Information Processing Systems.

Z"=5583.-11<428:01.H34BI.\0@.g<<EI.!CI.P%-I.')')[B.

+'B./=I.qBI.%;03I."B.h.d83.W03.g03>06I.-B./2@05.<5.W00905V.\0A212:23>.:;0.\01!0:.$<@06.?<5.d21=86.

\04<>32:2<3B.Pattern Recognition.90I.++br+,,.Z')+b[B.

+,B.O=33I.!B.%B.h.->85G86I.%B.SL&P30:V.-.106?&1=905A210@.6085323>.?58J0G<5E.?<5.D2<J0@2486.2J8>0.

10>J03:8:2<3.=123>.D856<G.:G231.G2:;.P&30:.J<@061B.Mach Learn.111I.(*]*r(X)).Z')''[B.

+(B.g=I.^B.et al..W0429;0523>.:=J<5.04<171:0J1.8:.1=905.501<6=:2<3.?5<J.198:286.:58314529:<J241.G2:;.

Lc%T-B.Cell Systems.14I.()(&(+YB0(.Z')',[B.

. .



General Response to Reviewer #2: 

/0.123405067.89950428:0.7<=5.A86=8D60.1=>>01:2<31.83@. ?00@D84EB.$837.<?.7<=5.4<JJ03:1.;8A0.

>508:67.4<3:52D=:0@.:<.:;0.<A05866.0A86=8:2<3.<?.%L-HNI.0190428667.:;0.2@08.<?.=123>.>030.12J26852:7.?<5.

>589;.8=>J03:8:2<3B.

.

L<.?=5:;05.@0J<31:58:0.%L-HNR1.23:0>58:2<3.4898D262:201I.G0.;8A0.4<3@=4:0@.8@@2:2<386.0K9052J03:1.

83@.2346=@0@.:;0.501=6:1.23.:;0.50A210@.J83=14529:B.L;010.0K9052J03:1.034<J9811.;0:05<>030<=1.

18J9601I. 45<11&968:?<5J. @8:810:1I. 83@. :;0. =10. <?. :;0. S8:4;iT. 83@. HTH%H. J0:5241. :<. A862@8:0. :;0.

062J238:2<3.<?.D8:4;.0??04:1B.L;0.501=6:1.1:5<3>67.1=99<5:.%L-HNR1.8D262:7.:<.0??04:2A067.23:0>58:0.@8:8.

?5<J.A852<=1.1<=5401.83@.968:?<5J1B.

.

$<50<A05I.:<.?84262:8:0.:;0.5095<@=42D262:7.<?.<=5.G<5EI.G0.;8A0.10:.=9.8.46<=@.105A05.:;8:.866<G1.7<=.

:<.?=5:;05.A052?7.<=5.501=6:1B./0.;8A0.95<A2@0@.@0:8260@.231:5=4:2<31.<3.;<G.:<.844011.:;0.105A05.83@.

5096248:0.<=5.0K9052J03:1B.L;21.031=501.:;8:.<=5.?23@23>1.850.:583198503:.83@.483.D0.081267.A862@8:0@.

D7.:;0.5010854;.4<JJ=32:7B.

.

/0.;<90.:;8:.<=5.50A212<31.83@.:;0.8@@2:2<386.0K9052J03:1.8@0F=8:067.8@@5011.7<=5.4<340531B./0.

>03=23067.89950428:0.:;0.:2J0.83@.0??<5:.7<=.;8A0.23A01:0@.23.50A20G23>.<=5.G<5EI.83@.G0.850.>58:0?=6.

?<5.7<=5.A86=8D60.?00@D84EB.C<=5.1=>>01:2<31.;8A0.12>32?2483:67.4<3:52D=:0@.:<.:;0.2J95<A0J03:.<?.

<=5. J83=14529:. 83@. :;0. <A05866. F=862:7. <?. <=5. 5010854;B. S06<GI. G0. 5019<3@. :<. 084;. 4<JJ03:.

23@2A2@=8667.83@.@01452D0.:;0.50A212<31.J8@0.:<.:;0.J83=14529:B./0.89950428:0.:;0.9<12:2A0.?00@D84E.

<3.:;0.3<A06:7.83@.905?<5J8340.<?.<=5.8995<84;.81.G066.81.:;0.@0:8260@.1=>>01:2<31.?<5.2J95<A0J03:B.

.

Detailed Responses to Specific Comments 

Comment:. -44<5@23>. :<. :;0. J0:;<@. @014529:2<3I. :;0. <A05866. 198:286. >589;. 23. %L-HN. 21. 12J967.

4<J9<10@. <?. @21a<23:. 1=D>589;1. 4<55019<3@23>. :<. 23@2A2@=86. 162401I. G2:;<=:. 837. 23:05&16240.

4<3304:2A2:7B."<310F=03:67I. 866. 9<12:2A0.83@.30>8:2A0.98251. 23. 4<3:581:2A0. 6085323>.4<J0. ?5<J. :;0.

18J0.16240.<367B.L;=1I. 2:. 21.3<:.985:24=68567.46085.G;7.%L-HN. 21.8D60. :<.84;20A0.D8:4;. 23:0>58:2<3.

845<11.162401B.L;0.0K8J9601.1;<G4810@.23.:;0.J83=14529:.4<J952101.850.4<3?230@.:<.162401.?5<J.:;0.

18J0.0K9052J03:I.G;050.D8:4;.0??04:. 21.9501=J8D67.J232J86B./<=6@.%L-HN.G<5E.G066.G2:;.J<50.

1=D1:83:286.D8:4;.0??04:1I.0B>BI.:;<10.:;8:.J87.85210.?5<J.@2??0503:.%L.:04;3<6<>201m.

.

Response: L;83E.7<=. ?<5. 7<=5.A86=8D60.4<JJ03:1B./;260. 2:. 21. :5=0. :;8:. :;0.162401. 23.%L-HN.850.

@21a<23:. 23. :;0. 8@a840347. J8:52K. @=523>. :;0. 232:286. 4<31:5=4:2<3. 1:8>0I. :;050. 21. 23@00@. 23?<5J8:2<3.

0K4;83>0.D0:G003.:;0J.@=523>.:;0.:582323>.95<4011B.

M251:67I.60:R1.4<312@05.%L-HNR1.302>;D<5.4<3:581:2A0.6<11.?=34:2<3.Zb[.ZT230.(X)[B.H3.:;21.0F=8:2<3I.:;0.

3=J058:<5.50950103:1.:;0.4<J9=:8:2<3.<?.12J26852:201.D0:G003.8.18J960.83@.2:1.2JJ0@28:0.302>;D<51I.

:508:0@.81.9<12:2A0.98251.G2:;23.:;0.8=>J03:0@.>589;B."<3A051067I.:;0.@03<J238:<5.844<=3:1.?<5.:;0.

23:0584:2<31.G2:;.30>8:2A0.18J9601.845<11.:;0.03:250.18J9601.ZL;0.104<3@.:05J.<?.:;0.@03<J238:<5[B.

L;21.>6<D86.4<J9=:8:2<3.3<:.<367.3<5J862Q01.:;0.2J984:.<?.6<486.23:0584:2<31.D=:.861<.23@2504:67.D52@>01.

@2??0503:. @8:810:1. D7. 8@a=1:23>. 084;. @8:8. 9<23:R1. 23?6=0340. 23. 5068:2<3. :<. :;0. <A05854;23>. @8:8.

4;8584:0521:241B.L;050?<50I.86:;<=>;.@2504:.@8:810:. 23:0584:2<31.850.3<:.J<@060@.D7. :;0.8@a840347.



J8:52K.-I.:;0.@03<J238:<5.96871.8.45=4286.5<60.23.?84262:8:23>.83.23@2504:.23?<5J8:2<3.0K4;83>0I.:;050D7.

12>32?2483:67.03;83423>.:;0.J<@06R1.489842:7.:<.>0305862Q0.845<11.@2A0510.@8:810:1B.

! !"!

!""
" # $!%&

!##$%$%& %' ' ( ##$#$%& )'#!$&"
# ' ( ("%&$)* +'#!$&"

$ " ,*+!

##$%$%& %' ' ( !##$#$%& )' ' ("%&$)* +'"
!'(!")'*

!
(*

"
(

& $,'

.

%04<3@67I. %L-HN. 8@<9:1. 8. 3<A06. 8995<84;. D7. 4<3403:58:23>. <3. 6<486. 98::0531. @=523>. 0@>0.

905:=5D8:2<31B.L;21.1:58:0>7.0J9;812Q01.1=D:60.6<486.@738J241.<A05.D5<8@.>6<D86.4;83>01.:<.489:=50.

4<3121:03:.0K950112<3.98::0531.:;8:.850.950A8603:.845<11.@2??0503:.104:2<31I.0A03.23.:;0.95010340.<?.

A85723>. D8:4;. 0??04:1B. L;21. 866<G1. %L-HNR1. 0JD0@@23>1. :<. 30=:5862Q0. D8:4;. 0??04:1. 0??04:2A067.

031=523>. :;8:. :;0. J<@06R1. <=:9=:. 50J8231. D2<6<>248667. 5060A83:. 83@. 4<3121:03:I. 25501904:2A0. <?.

A8528:2<31.23.@8:8.95<401123>.<5.0K9052J03:86.4<3@2:2<31.845<11.@2??0503:.@8:810:1B.

.

L;25@67I. :;0. G02>;:1. 83@. @2J0312<3862:7. 50@=4:2<3. <?. 18J9601. 850. 1;850@. D7. 968423>. 084;. 16240.

@28><38667.23.:;0.8@a840347.J8:52KI.866<G23>.?<5.23?<5J8:2<3.8J<3>.0K4;83>0.8J<3>.18J9601.@=523>.

:582323>B.

.

M5<J.83.0K9052J03:86.A862@8:2<3.9051904:2A0I.:<.?=5:;05.A052?7.<=5.23:0>58:2<3.4898D262:7I.G0.4<3@=4:0@.

0K9052J03:1.<3.;0:05<>030<=1.18J9601.83@.45<11&968:?<5J.@8:810:1I.83@.G0.=10@.:;0.S8:4;iT.83@.

HTH%H.:<.A862@8:0.G;0:;05.D8:4;.0??04:1.G050.062J238:0@B.M251:I.G0.23:0>58:0@.162401.?5<J.:G<.@2??0503:.

@<3<51.23.:;0.WTOM".@8:810:B.%62401._+*+*)Y.83@._+*+*)].48J0.?5<J.<30.@<3<5I.G;260._+*+XY*.

83@. _+*+XYX. 48J0. ?5<J. 83<:;05B.L;0. 0K9052J03:86. 501=6:1. 1;<G0@. 4<J960:0. 23:0>58:2<3. <3. :;0.

P$-OI.83@.:;0.S8:4;iT.;8@.3<.12>32?2483:.@2??050340.4<J9850@.:<.<:;05.23:0>58:2<3.J0:;<@1B.!0K:I.

G0.0K9052J03:0@.<3.:;0.A21=86.4<5:0K.@8:810:1.<?.:G<.J240.?5<J.$c\MH%gI.83@.<=5.J0:;<@.861<.

84;20A0@.4<J960:0.23:0>58:2<3B.M238667I.G0.844<J9621;0@.:;0.23:0>58:2<3.<?.@8:810:1.?5<J.:;0.%62@0&

10Fd'.83@.%:050<&10F.968:?<5J1B.L;0.19042?24.0K9052J03:86.501=6:1.850.@0:8260@.23.:;0.eH3:0>58:23>.

162401.G2:;<=:.952<5.198:286.862>3J03:e.104:2<3.1:85:23>.?5<J.6230.+]'.<?.:;0.J823.:0K:B.

Comments: %L-HN. 0J96<71. 8. D83@&9811. ?26:05. :<. J2:2>8:0. 3<210. 83@. =30A03. 1:82323>. 23. :;0.

;21:<6<>2486.2J8>01B.H1.2:.304011857.:<.8@a=1:.:;0.D83@&9811.?26:05.G;03.899620@.:<.@2??0503:.@8:810:1m.

M=5:;05J<50I.;<G.J=4;.@<01.:;21.?26:05.1:09.4<3:52D=:0.:<.:;0.<A05866.905?<5J8340m.

.

Response: L;83E.7<=.?<5.7<=5.A86=8D60.4<JJ03:1B.L;0.D83@&9811.?26:05.9858J0:051.850.5068:0@.:<.

:;0.12Q0.<?.:;0.2J8>0B.%2340.G0.5014860.866.2J8>01.:<.:;0.18J0.12Q0.D0?<50.239=:I.:;050.21.3<.300@.:<.

8@a=1:.:;0.9858J0:051.<3.<:;05.@8:810:1B./0.0A86=8:0@.83@.?<=3@.:;0.<9:2J86.9858J0:051.<3.D<:;.

D5823.:211=0.83@.483405.162401I.83@.D<:;.483.84;20A0.><<@.501=6:1.=3@05.:;0.18J0.9858J0:051B.#=5.

10604:2<3. <?. D83@&9811. ?26:05. 9858J0:051. 21. @0:8260@. 23. :;0. 1=9960J03:857. J8:052861I. 6230. ,,]I.

eS83@9811. ?26:05. 9858J0:051. 10604:2<3Be. #=5. 9858J0:051. 850. 8996248D60. :<. D<:;. D5823. :211=0. 83@.

483405. 162401B. L;0. D83@&9811. ?26:05. 84:=8667. 105A01. :<. ;2>;62>;:. 83@. 0J9;812Q0I. ;06923>. :;0.

1=D10F=03:.@009.J<@06.50@=40.2:1.?<4=1.<3.3<210B.#=5.8D68:2<3.0K9052J03:1.<3.:;0.?26:05.1:09.850.23.

:;0.1=9960J03:857.J8:052861I.6230.,X'.eSC#T.8D68:2<3.1:=@7.?<5.;21:<6<>7.?08:=50.0K:584:2<3Be.g050I.

G0. D520?67. @01452D0. :;0. 0K9052J03:86. 10:=9. 83@. :;0. 501=6:1. <D:8230@B. /0. 861<. J03:2<30@. :;0.



9858J0:051.23.J83=14529:.6230.,*)V.L;0.@0?8=6:.9858J0:051.?<5.:;0.D83@&9811.G050.'(*.r.'Y*B

.

Experimental Setup.

L<.811011. :;0. 2J984:.<?.SC#T.83@. 2J8>0.95095<401123>I.G0.4<3@=4:0@.0K9052J03:1.G2:;.10A03.

@2??0503:.J<@061.83@.:G<.:7901.<?.239=:.2J8>01B.L;0.J<@061.850.81.?<66<G1V.

.

+B.P&!0:.:58230@.<3.:;0.<52>2386."O$+*.Z[.@8:810:.Z1=905A210@[.

'B.P&!0:.:58230@.<3.95095<40110@."O$+*.2J8>01.Z1=905A210@[.

,B.H32:286.2J9<5:0@.\01!0:*).

(B.\01!0:*).8?:05.106?&1=905A210@.:582323>.G2:;.SC#T.<3.?26:050@.2J8>01.Z4<J960:0.%L-HN.?58J0G<5E[.

*B.d2L.G2:;.G02>;:1.?5<J.8.950&:58230@.30:G<5E.

XB.d2L.G2:;.G02>;:1.?5<J.8.950&:58230@.30:G<5EI.106?&:58230@.<3.<52>2386.2J8>01.

YB.d2L.G2:;.G02>;:1.?5<J.8.950&:58230@.30:G<5EI.106?&:58230@.<3.95095<40110@.2J8>01.

.

L;0.:G<.:7901.<?.239=:.2J8>01.=10@.23.:;0.0K9052J03:1.850V.

+B.#52>2386.;21:<6<>7.2J8>01.

'B.O5095<40110@.;21:<6<>7.2J8>01.Z?26:050@[.

.

M5<J.:;0.0K9052J03:86.501=6:1I.:;0.<52>2386.2J8>01.?5<J.:;0.D5823.:211=0.WTOM".@8:810:.4<=6@.3<:.

D0.0??04:2A067.504<>32Q0@.D7.837.<?.:;0.J<@061B.-?:05.95095<401123>I.:;0.SC#T.?58J0G<5E.84;20A0@.

:;0.D01:.504<>32:2<3.501=6:1B.#=5.?26:05.1:09.861<.95<A2@0@.1<J0.;069.?<5.<:;05.J<@061k.8?:05.?26:0523>I.

:;0.504<>32:2<3.0??04:.<?.:;0.P&!0:.J<@06.G81.162>;:67.2J95<A0@B.M5<J.:;0.8D68:2<3.0K9052J03:1I.D<:;.

:;0.SC#T.83@.?26:05.1:091.4<3:52D=:0.:<.:;0.0??04:2A0.0K:584:2<3.<?.:;0.?2386.2J8>0.?08:=501B.C<=.483.

@2504:67.50?05.:<.M2>B%'b.:<.A20G.:;0.501=6:1B.

.

H3.1=JJ857I.:;0.D83@&9811.?26:05.9858J0:051.@<.3<:.300@.:<.D0.8@a=1:0@.?<5.@2??0503:.@8:810:1.@=0.:<.

<=5.2J8>0.95095<401123>.1:09B.L;0.?26:05.1:09.96871.8.45=4286.5<60.23.;2>;62>;:23>.2J9<5:83:.23?<5J8:2<3.

83@. 50@=423>. 3<210I. G;24;. D030?2:1. 3<:. <367. %L-HN. D=:. 861<. <:;05. J<@061B. L;0. 8D68:2<3. 1:=@7.

@0J<31:58:01. :;8:. D<:;. :;0. SC#T. ?58J0G<5E. 83@. :;0. ?26:05. 1:09. 4<3:52D=:0. :<. :;0. 1=9052<5.

905?<5J8340. <?. %L-HN. 23. 0K:584:23>. 0??04:2A0. 2J8>0. ?08:=501B. O60810. 50?05. :<. :;0. 1=9960J03:857.

J8:052861.?<5.@0:8260@.0K9052J03:86.501=6:1.83@.83867121B.

.

Comments:. H:.G81.J03:2<30@. 23. :;0.J0:;<@.104:2<3. :;8:.*+'v*+'.92K06.98:4;01.G050.0K:584:0@.

G;03.985:2:2<323>.:;0.ghc.2J8>01B.W<01.:;8:.4<55019<3@.:<.:;0.9;712486.@2J0312<3.<?.:;0.%L.19<:1m.

g<G.G<=6@.%L-HN.8@89:.:<.%L.@8:8.83@.ghc.2J8>01.G2:;.86:0538:2A0.198:286.501<6=:2<31m.

.

Response: L;83E. 7<=. ?<5. 7<=5. A86=8D60. 4<JJ03:1B. H3. %L-HNI. :;0. 4;<240. <?. 98:4;. 12Q0. 21.

J0:24=6<=167. 4862D58:0@. :<. 862>3. G2:;. :;0. 23;0503:. 95<905:201. <?. :;0. %L. @8:810:. D023>. 83867Q0@B.

%9042?248667I.:;0.12Q0.<?.:;0.98:4;01I.G;24;.G0.232:28667.J03:2<30@.81.*+'v*+'.92K061I.21.@0:05J230@.

D810@.<3.8.@8:810:&23;0503:.9858J0:05.E3<G3.81.:;0.?2@=4286.@28J0:05.?=66501.Z@03<:0@.81.d[I.G;24;.

50950103:1.:;0.92K06.@28J0:05.<?.8.?2@=4286.19<:.23.:;0.?=66&501<6=:2<3.2J8>0B.

/0.;8A0.=9@8:0@.:;0.@014529:2<3.23.:;0.J0:;<@.104:2<3.<?.<=5.98905.Z62301.,(*&,(][.:<.46852?7.:;8:.



:;0.98:4;.12Q0.21.10:.:<.,B*.:2J01.dI.58:;05.:;83.8.?2K0@.*+'v*+'.92K061V.L;0.12Q0.<?.:;0.98:4;01.G81.

D810@. <3. 8. @8:810:&19042?24. 9858J0:05I. ()IJB)?!KI)?2H@HLK(J!!LHM. Z@03<:0@. 81. I[I. G;24;. 21. :;0.

92K06.@28J0:05.<?.8.?2@=4286.19<:.23.:;0.?=66&501<6=:2<3.2J8>0B.-44<5@23>.:<.<=5.:01:1I.:;0.@0?8=6:.98:4;.

12Q0.G81.10:.:<. >=/I. Z100.%=9960J03:857.$8:05286I.O8:4;.12Q0.10604:2<3[B.

.

/0.;8A0.0K96<50@.:;0.<9:2J86.J=6:2960.<?.d.?<5.98:4;.12Q0.=123>.:G<.@8:810:1V.WTOM".83@.;=J83.

D5081:.483405.162401.Z%=9960J03:857.$8:052861I.6230.'bXI.eO8:4;.12Q0.10604:2<3e[B.

.

/0.;8A0.96840@.:;0.1=9960J03:857.J8:05286.;050.?<5.7<=5.4<3A0320340.:<.508@.@2504:67B.

.

/0.8110110@.:;0.2J984:.<?.98:4;.12Q0.=123>.162401._+*+*)Y.83@._+*+XY,.?5<J.:;0.WTOM".@8:810:.

83@.8.@8:810:. ?5<J.;=J83.D5081:. 483405j4<A0523>. :;0. :G<.J<1:. 4<JJ<3.1403852<1V.D5823.83@.

483405.:211=01B.L;0.98:4;.12Q01.:01:0@.G050.J=6:29601.<?.dV.'dI.,dI.,B*dI.83@.(dB.

.

/2:;.0K21:23>.46811.68D061I.G0.<A05682@.4<3:<=51.<3.:;0.501=6:1.?<5.8.4608505.4<J98521<3B.-1.1;<G3.23.

%=9960J03:857.M2>B.%']8I.1J86605.98:4;.12Q01.501=6:0@.23.148::050@.46=1:0523>.<?.2J8>0.?08:=501.G2:;.

3<. @21:234:. @0J8548:2<3. D0:G003. :211=0. 4<3:<=51B. M<5. 162401. _+*+XY,. 83@. _+*+*)YI. :;0. J<@061.

?2K8:0@.<3.4<6<5.@2??0503401.58:;05.:;83.:0K:=586.<301I.J82367.@2A2@23>.:;0.2J8>01.23:<.60?:.83@.52>;:.

104:2<31.@=0.:<.231=??24203:.23?<5J8:2<3.?5<J.1J86605.98:4;01I.;23@0523>.:;0.6085323>.<?.468112?28D60.

?08:=501B.-:.8.,d.12Q0I._+*+XY,.83@.:;0.;=J83.D5081:.483405.@8:810:1.D0>83.:<.@214053.:0K:=501I.

862>323>.G2:;.:;0.50?050340.68D061k.;<G0A05I._+*+*)Y.G81.1:266.@215=9:0@.D7.1:82323>.85:2?84:1B.-:.,B*dI.

:;0. 46=1:0523>. <?. 2J8>0. ?08:=501. 4<55019<3@0@. :<. J83=86. 68D061. 845<11. 866. :;500. @8:810:1I. G2:;.

_+*+*)YU1.68705.+.83@._+*+XY,U1.687051.,.83@.(I.86<3>.G2:;.:;0./$.104:2<31I.46<1067.J8:4;23>B.L;0.

;=J83.D5081:.483405.2J8>057.8@09:67.109858:0@.@2??0503:.483405.50>2<31B.g<G0A05I.234508123>.:<.(d.

2J95<A0@.:;0.D5081:.483405.46=1:0523>.D=:.D6=550@.:;0.D5823.2J8>057.501=6:1.@=0.:<.62J2:0@.:0K:=586.

@0:8261.23.D5823.162401.:;8:.4<=6@.3<:.D0.?=5:;05.0K96<2:0@.G2:;.685>05.2J8>0.12Q01B.

.

"<312@0523>.:;0.905?<5J8340.845<11.D<:;.@8:810:1I.G0.@042@0@.:<.10:.:;0.<9:2J86.98:4;.12Q0.8:.,B*.

:2J01.:;0.@28J0:05.dI.D8683423>.@0:826.489:=50.83@.46852:7.<?.46=1:0523>B.

H3.1=JJ857I.D7.10::23>.:;0.98:4;.12Q0.81.8.J=6:2960.<?.@I.%L-HN.8=:<J8:248667.8@89:1.:<.:;0.19042?24.

198:286.4;8584:0521:241.<?.084;.%L.@8:810:B.

.

Comment: /;03.3<.2J8>0.21.8A8268D60I.%L-HN.4<3@=4:1.>589;.8=>J03:8:2<3.D7.50J<A23>.0@>01.

8:.8. ?2K0@.95<D8D262:7B./<=6@. 2:. 2J95<A0.905?<5J8340. 2?. :;0. 50J<A86.95<D8D262:201.G050.@0:05J230@.

D810@.<3.:58314529:<J0.12J26852:7.D0:G003.:;0.19<:1m.

.

Response:.L;83E.7<=.?<5.7<=5.A86=8D60.1=>>01:2<3B./0.;8A0.0K96<50@.:;0.2@08.<?.@0:05J2323>.0@>0.

50J<A86.95<D8D262:201.D810@.<3.:58314529:<J0.12J26852:7.D0:G003.19<:1.83@.4<J9850@.:;0.501=6:1.G2:;.

:;0. ?2K0@. 95<D8D262:7. 8995<84;B. H3. :;0. 1=9960J03:857. J8:052861. 6230. '(]I. =3@05. :;0. 104:2<3.

e"<J98523>. 8@89:2A0. 0@>0. 905:=5D8:2<3. D810@. <3. >030. 12J26852:7. G2:;. 583@<J. 905:=5D8:2<3Ie. G0.

950103:.<=5.?23@23>1B.



.

/0.861<.50A210@.23.98905.6230.(+,&(',V.H3.1403852<1.684E23>.2J8>0.@8:8I.%L-HN.<??051.:G<.J0:;<@1.

<?.0@>0.50J<A86V. ?2K0@.0@>0.50J<A86.G2:;.8.10:.95<D8D262:7I.83@.8@89:2A0.0@>0.50J<A86.D810@.<3.

>030.12J26852:7B.M<5.?2K0@.0@>0.50J<A86I.%L-HNU1.@0?8=6:.9858J0:05. :. 21.10:.:<.)B'B./;03.905?<5J23>.

8@89:2A0.0@>0.50J<A86.D810@.<3.>030.12J26852:7I.G0.95<400@.81.?<66<G1V.O"-.21.=10@.:<.50@=40.:;0.

95095<40110@.>030.0K950112<3.@8:8.<?.084;.19<:.:<.X(.@2J0312<31I.83@.:;21.50@=40@.@8:8.21.:;03.

=10@.:<.4<J9=:0.:;0.4<1230.12J26852:7.D0:G003.19<:1B. .

.

L;0.J8:52K.<?.4<1230.12J26852:201.D0:G003.19<:1.21.@2504:67.=10@.81.:;0.0@>0.G02>;:.J8:52K. N. 23.:;0.

4<J9=:8:2<3.<?.cF=8:2<3.Z([B.M<5.8.4<J98521<3.<?.:;0.0??04:1.<?.583@<J.0@>0.@060:2<3.83@.8@89:2A0.

0@>0.@060:2<3.D810@.<3.>030.12J26852:7I.81.G066.81.:;0.4;<240.<?.@21:8340.?<5J=68.?<5.>030.12J26852:7I.

100.:;0.1=9960J03:857.J8:05286.R"<J98523>.-@89:2A0.c@>0.O05:=5D8:2<3.S810@.<3.N030.%2J26852:7.

G2:;.\83@<J.O05:=5D8:2<3BR.H3.:;0.98905I.G0.4<3@=4:0@.:01:1.=123>.583@<J.0@>0.@060:2<3B.

.

/0.;8A0.96840@.:;0.1=9960J03:857.J8:05286.;050.?<5.7<=5.4<3A0320340.:<.508@.@2504:67B.

.

H3. :;0.8D10340.<?. 2J8>23>.@8:8I.86<3>12@0.583@<J.905:=5D8:2<3I.G0.861<.:01:0@.83.0@>0.@060:2<3.

1:58:0>7. D810@. <3. >030. 12J26852:7. :<. 50@=40. 9858J0:05. :=323>B. %9042?248667I. G0. ?251:. 50@=40@. :;0.

@2J0312<3862:7.<?.:;0.3<@01R.<52>2386.>030.@8:8.:<.X(.@2J0312<31.=123>.O"-B.-1.G2:;.2J8>0.?08:=50.

95<401123>I.G0.4<31:5=4:0@.8.12J26852:7.J8:52K.D7.4864=68:23>.3<@0&:<&3<@0.12J26852:201.D810@.<3.:;0.

50@=40@.A04:<51.83@.4<1230.12J26852:7B.L;21.12J26852:7.G81.:;03.:583168:0@.23:<.8.95<D8D262:7.<?.0@>0.

@060:2<3I.8386<><=1.:<.2J8>0.?08:=50.@21:8340I.?<66<G0@.D7.8@89:2A0.302>;D<5&0@>0.583@<J.@060:2<3.

D810@.<3.>030.12J26852:7B.

.

/0.0J96<70@.:;0.8A058>0.-\H.83@.!$H.?5<J.:;0.WTOM".@8:810:.:<.811011.:;0.0??04:1.<?.583@<J.

A051=1. >030&12J26852:7&D810@. 8@89:2A0. 0@>0. @060:2<3. <3. 198:286. 46=1:0523>. G;03. 2J8>01. 850.

=38A8268D60.Z%=9960J03:857.M2>B.%'Y@[B./0.10:.:;0.583@<J.@060:2<3.95<D8D262:7I;:I.83@.23A01:2>8:0@.

A86=01. 583>23>. ?5<J. )B+. :<. )B*B. #=5. 12J=68:2<31. 50A0860@. :;8:. : # <=-. @062A050@. <9:2J86. 501=6:1B.

H34508123>. : . :<. )B(. 60@. :<. 8. 12>32?2483:. @046230. 23. D<:;.-\H. 83@. !$H. 8A058>01I. 23@248:23>. :;8:.

0K40112A0.@215=9:2<3.<?.:;0.>589;.1:5=4:=50.83@.23?<5J8:2<3.6<11.<=:G02>;.:;0.D030?2:1.<?.905:=5D8:2<3B.

.

L;0.>030.4<1230.12J26852:7&D810@.8@89:2A0.0@>0.905:=5D8:2<3.46<1067.J8:4;0@.:;0.501=6:1.8:. : # <=-.

83@.<=:905?<5J0@.<:;05.A86=01B.-6:;<=>;.4;83>23>.:;0.12J26852:7.4864=68:2<3.J0:;<@.501=6:0@.23.162>;:.

@0462301I.:;010.G050.J232J86B.L;010.?23@23>1.1=>>01:.:;8:.G;260.>030.12J26852:7.@<01.3<:.1=59811.:;0.

908E.905?<5J8340.<?.583@<J.905:=5D8:2<3I.2:1.501=6:1.850.J<50.1:8D60I.J8E23>.2:.8.950?058D60.4;<240.

D0?<50.?23862Q23>. :. A86=01B.

.

%=D10F=03:. :01:1. <3. :;0. %:050<&10F. 968:?<5J. 83@. %62@0&10Fd'. J<=10. D5823. <6?84:<57. @8:810:1.

Z%=9960J03:857.M2>B.%'Y0&?[.8>823.23@248:0@.:;8:. : # <=-. 905?<5J0@.D01:I.84;20A23>.:;0.;2>;01:.%".

83@. 6<G01:. WSB. L;010. <=:4<J01. 46<1067. 985866060@. :;<10. <D:8230@. G2:;. >030. 4<1230. 12J26852:7B.

g<G0A05I. ?5<J. : # <=> . <3G85@1I. D<:;. %". 83@. WS. J0:5241. D0>83. :<. @0:052<58:0I. 1;<G23>. 3<.

12>32?2483:.@2??0503401.8:.6<G05.A86=01B./;03.4<J98523>.:;0.46=1:0523>.501=6:1.<?.4<1230.12J26852:7.<?.



>0301.:<.:;<10.<D:8230@.G2:;. : # <=-I.4<3121:03:.46=1:0523>.G81.<D105A0@.23.%:050<&10FU1.687051B.H3.

4<3:581:I.%62@0&10Fd'.0K;2D2:0@.A8528:2<31I.985:24=68567.46=1:0523>.:;0.844011<57.<6?84:<57.D=6D.Z-#S[.

50>2<3.83@.:;0.>6<J05=685.68705.ZNT[.:<>0:;05I. 62E067.@=0.:<.1;850@.>030.0K950112<31.1=4;.81.:;0.

""i. >030. 23. :;0. NT. 68705. Z%=9960J03:857. M2>B. %'Y>[B.L;21. 1=>>01:1. :;8:. >030. 12J26852:7&D810@.

8@89:2A0. @060:2<3. J87. 608@. :<. D28101. ?5<J. 19042?24. >0301I. 86:;<=>;. 583@<J. 905:=5D8:2<3. ;0691.

J2:2>8:0.:;21.D7.=32?<5J67.@21:52D=:23>.0@>0.@060:2<3.95<D8D262:201.845<11.2:058:2<31B.

.

H3.4<346=12<3I.845<11.@2??0503:.968:?<5J1I.:;0.<9:2J86.95<D8D262:7.?<5.583@<J.0@>0.905:=5D8:2<3.G81.

?<=3@. :<.D0. : # <=-B.-@89:2A0.905:=5D8:2<3.D810@.<3.>030.12J26852:7I.G;260.9<:03:28667. 23:5<@=423>.

D28101. <3. ;2>;&501<6=:2<3. 968:?<5J1. 62E0. %62@0&10Fd'I. 50J8231. :;0. 950?058D60. 4;<240. ?<5. 232:286.

0K9052J03:1.@=0.:<.2:1.8@89:2A03011.83@.4<3121:03:.905?<5J8340.845<11.J<1:.968:?<5J1I.50@=423>.

:;0.300@.?<5.0K:0312A0.9858J0:05.:=323>B.

Comments: L;0.;79059858J0:05.<9:2J2Q8:2<3.G81.4<3@=4:0@.<3.:;0.WTOM".@8:810:.<367I.G;24;.

582101.F=01:2<31.50>85@23>.2:1.>0305862Q8D262:7B.W<01.:;0.<9:2J86.;79059858J0:05.10::23>.;<6@.23.<:;05.

@8:810:1I.<5.G;03.2J8>23>.@8:8.21.3<:.8A8268D60m.

.

Response:. L;83E. 7<=. ?<5. 7<=5. A86=8D60. 4<JJ03:1B. L<. 8@@5011. :;0. >0305862Q8D262:7. <?. :;0.

;79059858J0:05.<9:2J2Q8:2<3I.G0.;8A0.4<3@=4:0@.?=5:;05.:01:1.<3.<:;05.968:?<5J1B./0.0A86=8:0@.:;0.

905?<5J8340.=123>.:;0.%26;<=0::0."<0??24203:.Z%"[.83@.W8A201&S<=6@23.H3@0K.ZWS[.46=1:0523>.J0:5241.

Z8. 30G. 46=1:0523>. 0A86=8:2<3. J0:524. G0. 23:5<@=40@[. <3. :;0. %:050<&10F. 83@. $c\MH%g. 968:?<5J1B.

-@@2:2<38667I. G0. :01:0@. :;0. 905?<5J8340. =123>. :;0.-\H. 83@. !$H. <3. :;0. %L-\J89. 968:?<5JB.L;0.

501=6:1.483.D0.?<=3@.23.:;0.1=9960J03:857.J8:052861I.62301.+b(&',+B.

.

M<5. 084;. :01:0@. 968:?<5JI. G0. 10854;0@. ?<5. 83. <9:2J86. 10:. <?. ;79059858J0:051B. H3. >030586I. :;0.

@2??050340.D0:G003.:;0.<9:2J86.9858J0:051.<?.084;.968:?<5J.21.J82367.68705.3=JD05I.83@.:;0.<:;05.

9858J0:051.850.5068:2A067.1:8D60B.L;0.10604:2<3.583>0.<?. 68705.3=JD05. 21.+.<5.'B. H3. :;0.84:=86.=10.

95<4011I.G0.504<JJ03@.4;<<123>.844<5@23>.:<.:;0.84:=86.12:=8:2<3B.

.

/0.;8A0.=9@8:0@.23.:;0.98905.8:.6230.(]bB.

.

Comments:. H:. G81. J03:2<30@. 23. :;0. J0:;<@. 104:2<3. :;8:. :;0. 46=1:0523>. 501=6:1. 23. WTOM". G050.

8@@2:2<38667.1J<<:;0@.?<5.:;0.%L-HN.J0:;<@B.H:.21.3<:.985:24=68567.46085.G;0:;05.:;0.18J0.95<40@=50.

G81.899620@.?<5.<:;05.D034;J85E0@.J0:;<@1I.G;24;.4<=6@.;8A0.3<:2408D60.2J984:.<3.:;0.0A86=8:2<3.

J0:5241B.S810@.<3.:;0.A21=862Q8:2<3.23.M2>B.'0I.2:.100J1.:;8:.:;0.46=1:051.850.198:28667.148::050@.?<5.

1:T0853.83@.%0=58:I.1=>>01:23>.:;8:.:;07.J2>;:.3<:.;8A0.D003.1J<<:;0@m.

.

.

Response: L;83E.7<=. ?<5. 7<=5. A86=8D60. 4<JJ03:1B.C<=. 850. 4<5504:k. 23. :;0. 232:286. A0512<3.<?. <=5.

J83=14529:I.G0.@2@.3<:.89967.:;0.50?230J03:.95<40@=50.:<.:;0.46=1:0523>.501=6:1.<?.1:T0853.83@.%0=58:I.

G;24;.4<=6@.;8A0.8??04:0@.:;0.0A86=8:2<3.J0:5241B./0.84E3<G60@>0.:;8:.:;21.234<3121:0347.23.9<1:&

95<401123>.J87.;8A0.60@.:<.83.=3?825.4<J98521<3.D0:G003.%L-HN.83@.:;0.D034;J85E0@.J0:;<@1B.



.

L<.8@@5011.:;21.211=0I.G0.;8A0.3<G.899620@.:;0.18J0.50?230J03:.95<40@=50.:<.:;0.46=1:0523>.501=6:1.

<?. 866. :;0. 4<J9850@. 86><52:;J1I. 2346=@23>. 1:T0853. 83@. %0=58:B. L;0. 50?230J03:. 95<4011. 23A<6A01.

1J<<:;23>. :;0.46=1:05.8112>3J03:1.D810@.<3.198:286.95<K2J2:7I.G;24;.;0691. :<. 50@=40. :;0.198:286.

148::0523>.<?.46=1:051.83@.2J95<A0.:;0.<A05866.4<;050340.<?.:;0.501=6:1B.

.

-?:05.8996723>.:;0.50?230J03:.95<40@=50I.G0.;8A0.=9@8:0@.:;0.4<55019<3@23>.-\H.83@.!$H.14<501I.

81.G066.81.:;0.D<K.96<:1.4<J98523>.:;0.905?<5J8340.<?.@2??0503:.J0:;<@1B.L;0.=9@8:0@.501=6:1.1;<G.

:;8:.%L-HN.1:266.84;20A01.:;0.;2>;01:.844=5847.8J<3>.:;0.4<J9850@.J0:;<@1I.0A03.8?:05.031=523>.8.

?825.4<J98521<3.D7.8996723>.4<3121:03:.9<1:&95<401123>.1:091B.

.

%9042?248667I.G0.;8A0.=9@8:0@.:;0.?<66<G23>.?2>=501.83@.62301.23.:;0.J83=14529:V.M2>&'8I0I.T230.+)*&

+)XV.N589;%L.84;20A0@.83.-\H.<?.)BX(.83@.83.!$H.<?.)BY,.D=:.;8@.@214509834201.23.:;0.9<12:2<323>.

<?.687051.(.83@.*k.<:;05.J0:;<@1.504<5@0@.-\H1.D0:G003.)B'*.83@.)B**I.G2:;.4<55019<3@23>.!$H1.

583>23>.?5<J.)B('.:<.)BXbI.<G23>.:<.23844=584201.23.68705.95<9<5:2<31B.

.

H3.%=9960J03:857.$0:052861V.M2>%+I.%'I.T2301.+]&+bV.L<.031=50.?8253011.23.:;0.4<J98521<3.501=6:1I.

G0.=32?<5J67.8@<9:0@.:;0.18J0.50?230J03:.J0:;<@.?<5.:;0.WTOM".@8:810:B.

.

Comment:. H3. :;0.e2J8>0. ?08:=50.0K:584:2<3e.104:2<3I. :;0.8=:;<51.4682J0@. :;8:.%L-HN.46=1:0523>1.

D810@. <3. 2J8>0. ?08:=501. ;2>;67. 4<3?<5J1. G2:;. J83=8667. 833<:8:0@. 50>2<31B. g<G0A05I. 1=4;.

4<3?<5J2:7.21.3<:.A21=8667.8998503:.23.M2>B.,B.cB>BI.:;0.@0J8548:2<3.D0:G003./$.83@.68705.X.@<013R:.

100J.46085.ZM2>B.,8[B.H:.G<=6@.D0.;069?=6.2?.:;0.8=:;<51.;2>;62>;:.:;0.J03:2<30@.@0J8548:2<3.62301.23.

084;.1=D&98306.<?.M2>B.,.:<.0810.4<J98521<3.845<11.983061B.

.

Response: L;83E. 7<=. ?<5. 7<=5. A86=8D60. 4<JJ03:1B. L<. 8@@5011. :;21. 211=0. 83@. ?84262:8:0. 081205.

4<J98521<3.845<11.983061I.G0.;8A0.J8@0.:;0.?<66<G23>.2J95<A0J03:1.:<.M2>B.,V.

.

M<5.:;0.WTOM".@8:810:.ZM2>B.,8&D[I.G0.;8A0.<A05682@.:;0.@0J8548:2<3.62301.D0:G003.@2??0503:.4<5:2486.

687051.<3:<.<=5.46=1:0523>.501=6:1B.-@@2:2<38667I.G0.;8A0.0K96242:67.68D060@.:;0.2@03:2?20@.687051.23.<=5.

501=6:1.:<.866<G.?<5.8.J<50.@2504:.4<J98521<3.G2:;.:;0.J83=86.833<:8:2<31.83@.;21:<6<>2486.2J8>01B.

L;21.1;<=6@.;069.508@051.4608567.100.:;0.4<55019<3@0340.D0:G003.<=5.46=1:0523>1.83@.:;0.4<5:2486.

687051B.

M<5. :;0. ;=J83. D5081:. 483405. 162@01. ZM2>B. ,4[I. G0. ;8A0. <A05682@. :;0. <=:62301. <?. 084;. J83=8667.

833<:8:0@.50>2<3.<3:<.<=5.46=1:0523>.501=6:1B.L;21.038D601.8.J<50.1:582>;:?<5G85@.A21=86.4<J98521<3.

<?.:;0.0??04:2A03011.<?.<=5.2J8>0.?08:=501.23.489:=523>.:;0.@2??0503:.:211=0.50>2<31B.

.

C<=5.4<JJ03:.4<5504:67.;2>;62>;:1.8.E07.211=0V.%L-HN.@<01.23@00@.0K;2D2:.1<J0.D6=5523011.8:.405:823.

D<=3@85201I.G;24;.21.8::52D=:0@.:<.:;0.@2??24=6:7.<?.D5823.;21:<6<>7B.W0192:0.:;010.4;86603>01I.%L-HN.

1:83@1.<=:.8J<3>.4=5503:.J8231:508J.4<J9858:2A0.J0:;<@1B.-44<5@23>.:<.:;0.8D68:2<3.0K9052J03:1.

4<J9850@. 23. <=5. 1=9960J03:857. J8:052861I. %L-HNU1. 501=6:1. =32F=067. 862>3. G2:;. :;0. J83=8667.

833<:8:0@.6870523>.:503@1.Z23.:;0.1=9960J03:857.J8:052861I.6230.,X'[B.-6:;<=>;.1<J0.D<=3@857.85081.



50J823.=346085I.:;0.<A05866.46=1:0523>.844=5847.D030?2:1.12>32?2483:67B.L;21.866<G1.=1.:<.50J<A0.1<J0.

?8610.30>8:2A01.@=523>.:;0.4<J98521<3.95<4011j:;<10.18J9601.:;8:.D06<3>.:<.:;0.18J0.46811.D=:.

850.234<5504:67.:508:0@.81.30>8:2A01j:;=1.2J95<A23>.46=1:0523>.<=:4<J01B.-1.1;<G3.23.M2>=50.,4I.

G;03.:;0.:0K:=50.<?.:;0.2J8>0.D04<J01.524;05I.%L-HNU1.0@>01.850.A057.1;859I.83@.2:1.46=1:0523>.<?.

50>2<31.21.861<.50J85E8D67.9504210.4<J9850@.:<.<=5.8@@0@.4<3:<=5.62301B.

.

M=5:;05J<50I.G0.;8A0.=9@8:0@. :;0. :0K:.@01452D23>. :;0. 501=6:1.83@. :;025.4<55019<3@0340.G2:;. :;0.

J83=86.833<:8:2<31.:<.95<A2@0.8.4608505.83@.J<50.844=58:0.23:05950:8:2<3.<?.<=5.?23@23>1V.T230.+''&

+,]V.

Comments:.L;0.8=:;<51. 2@03:2?20@.8. :=J<5&62E0. 23:05?840.83@.8.J=1460&62E0. 23:05?840. 23.Q0D58?21;.

J0683<J8B.-1.:;0.19<:1.23.:;0.%L.162401.4<55019<3@.:<.J=6:2960.40661I.21.:;21.985:2:2<3.@=0.:<.@2??0503:.

4066.:790.95<9<5:2<31.905.19<:.<5.>03=230.@2??050340.23.123>60&4066.>030.0K950112<3m.

.

Response:.L;83E.7<=.?<5.7<=5.A86=8D60.4<JJ03:1B.H3.:;0.23:05?840.8508.D0:G003.:;0.:=J<5.83@.

3<5J86.:211=01I.844<5@23>.:<.:;0.501=6:1.<?.:;0.ghc.1:82323>.@01452D0@.23.:;0.<52>2386.85:2460.<?.@8:810:.

ZM2>B+. 8[I. :;0. 4066=685. J<59;<6<>7. 23. :;21. 23:05?840. 8508. 21. 4<3121:03:. G2:;. J=1460. 40661I.

23@21:23>=21;8D60.?5<J.:;0.1=55<=3@23>.J=1460.40661I.83@.3<.A212D60.:=J<5.40661.850.950103:. 23.:;21.

8508B.g<G0A05I.:;0.:58314529:2<386.95<?260.<?.:;0.23:05?840.8508.1;<G1.8.1:5<3>05.4<55068:2<3.G2:;.:;0.

:=J<5.Z\.`.)B,,[.:;83.G2:;.J=1460.Z\.`.)B)X[.ZM2>B+.D[B.

.

/0.:;050?<50.1=>>01:.:;8:.:;0.J=1460&62E0.83@.:=J<5&62E0.46=1:051.G0.2@03:2?20@.23.:;0.23:05?840.8508.

850. 3<:. @=0. :<. @2??0503:. 95<9<5:2<31. <?. 4066. :7901. 23. 084;. 19<:I. 81. :;0. 40661. 23. :;21. 50>2<3.

J<59;<6<>248667.4<3121:03:.G2:;.J=1460.4066.58:;05.:;83.:=J<5.40661B.H31:08@I.<=5.501=6:1.850.@=0.:<.

@2??0503401.23.:58314529:2<386.95<?2601.D0:G003.:;010.:G<.46=1:051B.



.

M2>B.+.#52>2386.1:=@7.501=6:.?5<J.g=3:05.0:.86B1.

.

.

Comments:.$<1:.=10.48101.23.:;0.J83=14529:.G050.D810@.<3.198:286.D854<@23>.:04;3<6<>201I.G;24;.

<??05. 5068:2A067. ;2>;. 3=JD051. <?. @0:04:0@. >0301B. /<=6@. %L-HN. G<5E. G066. ?<5. 2J8>23>&D810@.

:04;3<6<>201.81.G066I.0B>BI.$c\MH%gI.10FMH%gm.

.



Response: L;83E.7<=. ?<5.7<=5.A86=8D60.4<JJ03:1B./0.899620@.%L-HN. :<. :G<.@8:810:1. ?5<J.:;0.

$c\MH%g. 968:?<5JV. <30. ?08:=523>. ())). >0301. 23. :;0. ;=J83. J2@@60. :0J9<586. >75=1. Z$LN[. 83@.

83<:;05. G2:;. '(,. >0301. 23. :;0. J<=10. A21=86. 4<5:0K. ZdH%[B. L;0. 83867121. 234<59<58:0@. D<:;. :;0.

J83=8667.833<:8:0@.4066=685.4681101.83@.68705&19042?24.68D061.?5<J.:;0.<52>2386.5010854;.ZM2>B.(;[B.H3.

:;0.;=J83.$LN.@8:810:I.%L-HN.3<:.<367.84;20A0@.:;0.;2>;01:.%".<?.)B'].83@.:;0.6<G01:.WS.<?.+B'X.

4<J9850@.:<.<:;05.86><52:;J1.D=:.G81.861<.:;0.<367.J0:;<@.:;8:.@21:234:67.2@03:2?20@.084;.68705.ZM2>B.

(;.83@.%=9960J03:857.M2>B.%b[B.#:;05.86><52:;J1.?8260@.:<.4608567.@062308:0.:;0.687051I.G2:;.J837.

46=1:0523>. A852<=1. 687051. :<>0:;05B. !<:8D67I. 86:;<=>;. %L-N-Lc. 905?<5J0@. 5068:2A067. G066I. 2:. 1:266.

4<3?=10@.687051.T(I.T*I.83@.TXB.H3.:;0.J<=10.dH%.@8:810:I.%L-HN.4<3:23=0@.:<.<=:905?<5J.866.<:;05.

J0:;<@1.23.:05J1.<?.J0:524.14<501.Z%"V)B,'I.WSV+B)b[.ZM2>B.(;.83@.%=9960J03:857.M2>B.%+)[B.L;0.

46=1:0523>.501=6:1.?5<J.%L-HN.G050.308567.2@03:2486.:<.:;0.5086.J83=86.833<:8:2<31B.-3<:;05.86><52:;J.

:;8:. 1;<G0@.12>32?2483:. 68705.@2??0503:28:2<3.G81.N589;%Lk.;<G0A05I. 2:. 234<5504:67. 468112?20@.1<J0.

18J9601.?5<J.68705.T+.81.D06<3>23>.:<.68705.T(B.ZO8905.6230.+Y+&+])[.

.

Comment:.H:.G81.J03:2<30@.23.:;0.23:5<@=4:2<3.104:2<3.:;8:.e50403:.>589;&D810@.8995<84;01.?<5.%L.

@8:8.850.?68G0@e.@=0.:<.e85:2?2428667.1:5=4:=50@.>589;1eB.L;21.21.8.58:;05.D<6@.4682JI.83@.G<5:;.J<50.

@0:8260@.0K96838:2<3.81.:<.G;7.:;0.>589;1.483.D0.e85:2?2428667.1:5=4:=50@em.

.

Response: L;83E.7<=.?<5.7<=5.A86=8D60.4<JJ03:1B.H3@00@I.<=5.<52>2386.@014529:2<3.G81.3<:.844=58:0.

03<=>;B./0.;8A0.=9@8:0@.:;0.23:5<@=4:2<3.<?.:;21.985:.23.:;0.H3:5<@=4:2<3.104:2<3B.

ZM5<J.6230.']&(+[.

H3. 4<3:581:I. 0J05>23>. 198:286. 46=1:0523>. J0:;<@1. 23:0>58:0. >030:24. 83@. 198:286. 23?<5J8:2<3. =123>.

>589;. 4<3A<6=:2<386. J<@061B. M<5. 231:8340I. %cW\2. 0J96<71. 8. @009. 8=:<034<@05. 86<3>12@0. 8.

A8528:2<386.>589;.8=:<034<@05.:<.J89.>030.@8:8B.g<G0A05I.:;21.46811.<?.J0:;<@1.J87.;8A0.9<:03:286.

92:?8661B.%9042?248667I.:;0.:5831?<5J8:2<3.<?.%L.@8:8.23:<.>589;.1:5=4:=501.952J85267.506201.<3.85:2?2428667.

@0?230@. @21:8340. 452:0528I. G;24;. 483. 23:5<@=40. D28101B. L;010. D28101. 85210. ?5<J. :;0. =32?<5J.

4<31:5=4:2<3. <?. 0@>01. D0:G003. 50>2<31. :;8:. D06<3>. :<. @2??0503:. D2<6<>2486. @<J8231. D=:. J00:. :;0.

85D2:5857.452:0528B.

.

-6:;<=>;.1<J0.J0:;<@1.62E0.%L-N-Lc3.8@@5011.:;21.211=0.D7.8112>323>.G02>;:1.:<.0@>01.D810@.<3.

4066.>030.12J26852:7I.:;07.@<.3<:.J<@2?7.:;0.>589;.1:5=4:=50.@=523>.:582323>I.G;24;.50J8231.=34;83>0@.

?5<J.2:1.232:286.10:=9B.L;21.23?60K2D262:7.950A03:1.:;0.062J238:2<3.<?.D28101.23:5<@=40@.@=523>.:;0.232:286.

4<31:5=4:2<3B.%2J268567I.<:;05.J0:;<@1.1=4;.81.N589;%L4.83@."<3%L5.=:262Q0.4<3:581:2A0. 6085323>.

?58J0G<5E1.:;8:.950105A0.:;0.<52>2386.1:5=4:=50.83@.23A<6A0.583@<J.1;=??623>.<?.3<@01.@=523>.:582323>I.

608A23>.:;0.1:5=4:=50.23:84:.:;5<=>;<=:.:;0.95<4011B."<34=5503:67I.:;010.J0:;<@1.?826.:<.4<312@05.:;0.

0K46=12<3.<?.9<:03:28667.12J2685.3<@01. ?5<J.:;0.30>8:2A0.18J9601.@=523>.4<J98521<31I.501=6:23>. 23.

D28101.?5<J.?8610.30>8:2A01.2J984:23>.:;0.<=:4<J01B.

Comments: L;0.:582323>.@0:8261.<?.SC#T.21.3<:.1=??24203:67.0K968230@B./81.:;0.SC#T.J<@06.:58230@.

<3.8.905&@8:810:.D8121I.<5.950&:58230@.<3.8.685>05.4<59=1.<?.;21:<6<>2486.2J8>01m.

.

Response: L;83E.7<=.?<5.7<=5.A86=8D60.4<JJ03:1B.W=523>.:;0.232:2862Q8:2<3.9;810I.SC#T.=101.:;0.



\01!0:*).G02>;:1.95<A2@0@.D7.:;0.<??24286.O7L<54;.509<12:<57B.H3.:;0.1=D10F=03:.1:8>01I.3<.8@@2:2<386.

950&:582323>.21.905?<5J0@B.-?:05.232:2862Q8:2<3I.:;0.J<@06.21.@2504:67.=10@.?<5.:81E&<5203:0@.:582323>B. .

/0.;8A0.=9@8:0@.:;0.@014529:2<3.23.:;0.85:2460.844<5@23>67B.ZT230.,X)&,X+[V.

W=523>. :;0. 232:2862Q8:2<3. 9;810. <?. SC#TI. G0. 0J96<70@. :;0. <??24286. O7L<54;&950:58230@. \01!0:*).

G02>;:1.81.:;0.232:286.J<@06I.G2:;<=:.837.?=5:;05.?230&:=323>.<3.8@@2:2<386.@8:810:1B.

.

Comments:."83<32486.SC#T.=101.:;0.<36230.30:G<5E.81.:;0.?2386.30:G<5EI.D=:.6230.']].1:8:01.:;8:.

:;0.e:85>0:.30:G<5Ee.G81.=10@.8?:05.SC#T.:582323>B.H1.:;8:.8.:79<m.

.

Response: L;83E.7<=.?<5.7<=5.A86=8D60.4<JJ03:1B.C<=.850.4<5504:k.2:.G81.8.:79<.23.<=5.J83=14529:B.

H3. 6230.,X]I.2:.1;<=6@.1:8:0.:;8:.:;0.e<36230.30:G<5Ee.G81.=10@.8?:05.SC#T.:582323>I.3<:.:;0.e:85>0:.

30:G<5EBe./0.;8A0.3<G.4<5504:0@.:;21.J21:8E0.23.:;0.50A210@.A0512<3.<?.:;0.J83=14529:B.

Comments: -\H.<5.%".14<501.850.3<:.1;<G3.?<5.M2>B.%++I.@0192:0.D023>.1;<G3.?<5.866.<:;05.5060A83:.

?2>=501B.

.

Response: L;83E.7<=.?<5.7<=5.A86=8D60.4<JJ03:1B./0.89<6<>2Q0.?<5.:;0.234<3121:0347.23.950103:23>.

:;0.0A86=8:2<3.J0:5241.845<11.:;0.1=9960J03:857.?2>=501B./0.;8A0.3<G.8@@0@.:;0.-\H.83@.%".14<501.

:<.M2>B.%+'.Z950A2<=167.M2>B.%++[.:<.031=50.4<3121:0347.G2:;.:;0.<:;05.5060A83:.?2>=501B.

.

Comments:.M2>B.'M.83@.%,.@2??05.D7.8.b).@0>500.5<:8:2<3I.G;24;.21.=3304011857B.

.

Response:.L;83E.7<=.?<5.7<=5.A86=8D60.4<JJ03:1B.L<.J823:823.4<3121:0347.83@.8A<2@.=3304011857.

4<3?=12<3I.G0.;8A0.3<G.8@a=1:0@.:;0.<5203:8:2<3.<?.M2>B.%,.:<.J8:4;.:;8:.<?.M2>B.'MI.031=523>.:;8:.

D<:;.?2>=501.850.862>30@.23.:;0.18J0.@2504:2<3B.

.

Comment: L;0.1=90514529:.3<:8:2<31.?<5.8=>J03:0@.>589;1.850.3<:.4<3121:03:B.$<1:.<44=5503401.

4<3:8230@.3<.98503:;0101I.D=:.6230.,(Yr,*'.=10@.98503:;0101B.

Response: L;83E.7<=.?<5.7<=5.A86=8D60.4<JJ03:1B./0.89<6<>2Q0.?<5.:;0.684E.<?.4<3121:0347.23.:;0.

1=90514529:. 3<:8:2<31. ?<5. 8=>J03:0@. >589;1. :;5<=>;<=:. :;0. J83=14529:B. L<. J823:823. 46852:7. 83@.

=32?<5J2:7I.G0.;8A0.3<G.50J<A0@.:;0.98503:;0101.?5<J.:;0.1=90514529:.3<:8:2<31.23.62301.,(Y&,*'.

Z!<G.6230.(,(&(XY[I.031=523>.:;8:.866.<44=5503401.<?.:;0.8=>J03:0@.>589;.3<:8:2<31.850.4<3121:03:.

83@.@<.3<:.2346=@0.98503:;0101B. .

Comments: L;0.?2>=50.3=JD051.23.L8D60.%+.850.234<5504:B.cB>B.:;050.21.3<.M2>B.,?.Z681:.5<G.23.L8D60.

%+[.23.:;0.J83=14529:B.

.

Response:.L;83E.7<=.?<5.7<=5.A86=8D60.4<JJ03:1B./0.89<6<>2Q0.?<5.:;0.23844=584201.23.:;0.?2>=50.

50?0503401.G2:;23.:;0.:8D60B./0.;8A0.3<G.:;<5<=>;67.50A20G0@.83@.4<5504:0@.:;0.:8D60.:<.031=50.:;8:.

866.?2>=50.3=JD051.J03:2<30@.23.L8D60.%+.4<55019<3@.:<.:;0.84:=86.?2>=501.950103:.23.:;0.J83=14529:B.

.

.



Comments: S52>;:3011.23.M2>B.X0.D<::<J.983061.850.3<:.95<90567.3<5J862Q0@B.

.

Response: L;83E.7<=.?<5.7<=5.A86=8D60.4<JJ03:1B.L;0.50A210@.M2>B.X0.3<G.?08:=501.D<::<J.983061.

G2:;.8995<9528:067.3<5J862Q0@.D52>;:3011I.866<G23>.?<5.4608505.A21=862Q8:2<3.83@.4<J98521<3.<?. :;0.

501=6:1B. .

.

Comments: L;0. 8=:;<51. ;8A0. 5060810@. w%L-HNw. 81. 8. N2:;=D. 509<I. 83@. 95<A2@0@. 304011857.

231:5=4:2<31. <3. 03A25<3J03:. J838>0J03:. 83@. =18>0B. L;0. 4<@01. 100J. G066. 1:5=4:=50@. 83@. :;0.

:=:<5286.5=31.G2:;<=:.055<5I.0K409:.:;8:.1<J0.4<JJ03:1.83@.9523:.J0118>01.850.G52::03.23.";23010.

58:;05.:;83.c3>621;B.

.

Response: L;83E. 7<=. ?<5. 7<=5. A86=8D60. 4<JJ03:1B. /0. 89<6<>2Q0. ?<5. 837. 211=01. <3. :;0.

2J960J03:8:2<3.<?.%L-HNB./0.;8A0.3<G.=9@8:0@. :;0.509<12:<57. :<.031=50.:;8:.866.4<JJ03:1.83@.

9523:.J0118>01.850.G52::03.23.c3>621;B.

.

M=5:;05J<50I.:<.?84262:8:0.:;0.5095<@=42D262:7.<?.<=5.0K9052J03:1I.G0.;8A0.503:0@.8.NOP.<3.8.46<=@.

968:?<5J.83@.5096248:0@.<=5.0K9052J03:1.<3.:;21.105A05B./0.;8A0.95<A2@0@.@0:8260@.231:5=4:2<31.23.:;0.

509<12:<57.<3.;<G.:<.50J<:067.4<3304:.:<.:;0.105A05.83@.5=3.<=5.4<@0.=123>.̂ =97:05.!<:0D<<E.Z2973D[.

:<.A052?7.:;0.501=6:1B

Reference: 

+B. g=3:05I. $B. dBI. $<348@8I. \BI. /0211I. ^B. $BI. C8382I. HB. h. /;2:0I. \B. $B. %98:28667. 501<6A0@.

:58314529:<J241.50A0861.:;0.854;2:04:=50.<?.:;0.:=J<5&J245<03A25<3J03:.23:05?840B.Nat Commun.

+'I.X'Y].Z')'+[B.

'B. M=I.gB.et al..Unsupervised Spatially Embedded Deep Representation of Spatial TranscriptomicsB.

;::9VssD2<5K2AB<5>s6<<E=9s@<2s+)B++)+s')'+B)XB+*B((]*('. Z')'+[.

@<2V+)B++)+s')'+B)XB+*B((]*('B.

,B. W<3>I.iB.h.q;83>I.%B.W0429;0523>.198:286.@<J8231.?5<J.198:28667.501<6A0@.:58314529:<J241.G2:;.

83.8@89:2A0.>589;.8::03:2<3.8=:<&034<@05B.Nat Commun.+,I.+Y,b.Z')''[B.

(B. T<3>I. CB. et al.. %98:28667. 23?<5J0@. 46=1:0523>I. 23:0>58:2<3I. 83@. @04<3A<6=:2<3. <?. 198:286.

:58314529:<J241.G2:;.N589;%LB.Nat Commun.+(I.++**.Z')',[B.

*B. q<3>I.CB.et al..conST: An Interpretable Multi-Modal Contrastive Learning Framework for Spatial 

TranscriptomicsB. ;::9VssD2<5K2AB<5>s6<<E=9s@<2s+)B++)+s')''B)+B+(B(YX()]. Z')''[.

@<2V+)B++)+s')''B)+B+(B(YX()]B.

.

. .



General Response to Reviewer #3: 

/0. >508:67. 89950428:0. 7<=5. :;<5<=>;. 50A20G. 83@. 4<31:5=4:2A0. 1=>>01:2<31. ?<5. 2J95<A23>. <=5.

J83=14529:B. /0. ;8A0. 4850?=667. 4<312@050@. 084;. <?. 7<=5. 4<JJ03:1. 83@. ;8A0. J8@0. 12>32?2483:.

50A212<31.:<.8@@5011.7<=5.4<340531.83@.03;8340.:;0.<A05866.F=862:7.<?.<=5.G<5EB.

.

%9042?248667I.G0.;8A0.J8@0.:;0.?<66<G23>.J8a<5.4;83>01V.

!+". Introduction: /0.;8A0.0K983@0@.:;0.23:5<@=4:2<3.104:2<3.:<.95<A2@0.8.J<50.4<J950;0312A0.

<A05A20G. <?. :;0. 4=5503:. 1:8:0&<?&:;0&85:. J0:;<@1. 83@. :;025. 62J2:8:2<31B. /0. ;8A0. 861<.

;2>;62>;:0@.:;0.4;86603>23>.<Da04:2A01.:;8:.%L-HN.82J1.:<.84;20A0I.0J9;812Q23>.:;0.3<A06:7.

83@.12>32?248340.<?.<=5.8995<84;B.

!'". Figures:./0.;8A0.50@012>30@.:;0.687<=:.<?.:;0.?2>=501.:<.2J95<A0.508@8D262:7B.L;0.60>03@1.

83@.:;0.?<3:.12Q01.G2:;23. :;0. 60>03@1.;8A0.D003.03685>0@I.83@.G0.;8A0.8@@0@.3=J052486.

148601.:<.:;0.>030.0K950112<3.1:5291.:<.?84262:8:0.F=83:2:8:2A0.4<J98521<31B.

!,". Reproducibility:. L<. A862@8:0. :;0. 8=:;03:242:7. 83@. 50628D262:7. <?. <=5. 0K9052J03:1I. G0. ;8A0.

:8E03.:G<.95<84:2A0.J081=501B.M251:I.G0.;8A0.95<A2@0@.^=97:05.!<:0D<<E.Z2973D[.?2601.:;8:.

@<4=J03:. :;0. :582323>. 95<4011. 83@. :;0. 4<55019<3@23>. <=:9=:1B. L;010. 3<:0D<<E1. <??05. 8.

@0:8260@I.1:09&D7&1:09.504<5@.<?.<=5.0K9052J03:1B.%04<3@I.:<.?84262:8:0.:;0.A052?248:2<3.<?.<=5.

4<@0I.G0.;8A0. 503:0@.8. NOP&0F=2990@.46<=@.968:?<5JB./0.;8A0.9509850@.8. :=:<5286. :;8:.

>=2@01. 7<=. :;5<=>;. :;0. 95<4011. <?. 50J<:067. 84401123>. :;0. 105A05. 83@. 5095<@=423>. <=5.

0K9052J03:86.501=6:1B.

/0.;<90.:;8:.<=5.50A212<31.83@.:;0.8@@2:2<386.0K9052J03:1.8@0F=8:067.8@@5011.7<=5.4<340531B./0.

>03=23067.89950428:0.:;0.:2J0.83@.0??<5:.7<=.;8A0.23A01:0@.23.50A20G23>.<=5.G<5EI.83@.G0.850.>58:0?=6.

?<5.7<=5.A86=8D60.?00@D84EB.C<=5.1=>>01:2<31.;8A0.12>32?2483:67.4<3:52D=:0@.:<.:;0.2J95<A0J03:.<?.

<=5. J83=14529:. 83@. :;0. <A05866. F=862:7. <?. <=5. 5010854;B. S06<GI. G0. 5019<3@. :<. 084;. 4<JJ03:.

23@2A2@=8667.83@.@01452D0.:;0.50A212<31.J8@0.:<.:;0.J83=14529:B./0.89950428:0.:;0.9<12:2A0.?00@D84E.

<3.:;0.3<A06:7.83@.905?<5J8340.<?.<=5.8995<84;.81.G066.81.:;0.@0:8260@.1=>>01:2<31.?<5.2J95<A0J03:B.

Detailed Responses to Specific Comments 

Comment:. L;0. 23:5<@=4:2<3. F=24E67. 42:01. 10A0586. 4<J90:23>. 8995<84;01. G;260. 95<A2@23>. J23<5.

23?<5J8:2<3I.D023>.8.D2:.@21:584:23>B.H:.4<=6@.D0.2J95<A0@.D7.95<A2@23>.8@@2:2<386.@0:8261.83@.;<G.:;07.

@2??05.?5<J.:;0.95<9<10@.8995<84;B. .

.

Response:.L;83E.7<=.?<5.7<=5.A86=8D60.4<JJ03:1B./0.;8A0.50A210@.83@.0K983@0@.:;0.23:5<@=4:2<3.

D810@.<3.7<=5.1=>>01:2<31B.H3.:;0.=9@8:0@.H3:5<@=4:2<3I.G0.;8A0.;2>;62>;:0@.:;0.62J2:8:2<31.<?.4=5503:.

J0:;<@1.23.:;0.232:286.>589;.4<31:5=4:2<3.95<4011I.:;0.4;86603>01.?840@.23.2J8>0.?08:=50.0K:584:2<3I.

83@.:;0.9<:03:286.?<5.2J95<A0J03:.23.D8:4;.23:0>58:2<3B.M238667I.G0.;8A0.9<23:0@.<=:.:;0.19042?24.211=01.

:;8:.<=5.95<9<10@.J0:;<@.82J1.:<.8@@5011B.L;0.50A210@.4<3:03:.483.D0.?<=3@.23.:;0.J823.:0K:I.62301.

')&X,B

Comments:.L;0.J0:;<@1.83@.501=6:1.850.4608567.@01452D0@B.M2>=501.G2:;.1J866.60>03@1.850.;85@.:<.

508@I.0A03.@2>2:8667I.@=0.:<.:;0.581:052Q8:2<3.<?.:0K:B.

.



Response:.L;83E.7<=. ?<5.7<=5.A86=8D60.4<JJ03:1B.L<.8@@5011. :;0.4<34053.50>85@23>. :;0.1J866.

60>03@1.23.:;0.?2>=501I.G0.;8A0.50@012>30@.:;0.687<=:.<?.:;0.?2>=501.83@.23450810@.:;0.12Q0.<?.:;0.

60>03@1B.L;21.1;<=6@. 2J95<A0. :;0. 508@8D262:7.<?. :;0. ?2>=501B.%9042?248667I.G0. 23450810@. :;0.12Q0.<?.

60>03@.23.M2>B.'>I.M2>B.,4I.M2>B.(@I.(>I.M2>B.X8.M2>BY8B.H3.8@@2:2<3.:<.:;010.19042?24.4;83>01I.G0.;8A0.

861<. :520@. :<. 03685>0. :;0. <A05866. 12Q0. <?. :;0. ?2>=501. G;050. 9<112D60. G;260. J823:82323>. :;0. 95<905.

?<5J8::23>.<?. :;0.J83=14529:B.L;21.1;<=6@. ?=5:;05.03;8340. :;0.A21=86.46852:7.83@. 508@8D262:7.<?. :;0.

?2>=501B.

.

Comments:.T230.'YXV./;8:.850.:;0.9858J0:051.<?.:;0.N8=11283.?26:05.83@.:;0.D83@&9811.?26:05m.L;0.

8=:;<51. 1=>>01:. :;010. ?26:0523>. 1:091. 850. A057. 2J9<5:83:B. -. 1:=@7. 1;<G23>. ;<G. :;07. 2J984:. :;0.

86><52:;JR1. 905?<5J8340.G<=6@.D0. 0K:50J067.;069?=6. ?<5. 5010854;051.D=26@23>. =9<3. :;21.G<5E.83@.

4<=6@.D0.2346=@0@.23.:;0.8D68:2<3.1:=@201.104:2<3B.

.

Response: L;83E.7<=.?<5.7<=5.A86=8D60.4<JJ03:1B./0.;8A0.4<3@=4:0@.8@@2:2<386.0K9052J03:1.:<.

8@@5011.7<=5.4<340531.50>85@23>.:;0.N8=11283.?26:05.83@.D83@9811.?26:05.9858J0:051.83@.:;025.2J984:.

<3.:;0.86><52:;JR1.905?<5J8340B.L;0.N8=11283.?26:05.E05306.21.YKY.83@.:;0.D83@&9811.?26:05.21.'(*&'Y*B.

L;0.501=6:1.<?.:;010.0K9052J03:1.850.3<G.2346=@0@.23.:;0.1=9960J03:857.J8:05286B.-:.:;0.18J0.:2J0I.

G0.19042?7.:;0.@0?8=6:.9858J0:05.23.6230.,((.83@.,*).<?.:;0.J823.:0K:B

.

l. N8=11283.S6=5.O858J0:05.%0604:2<3.ZW0:8261.23.%=9960J03:857.$8:05286I.T230.,')&,,X[V.

/0.:01:0@.@2??0503:.E05306.12Q01.Z,K,I.YKYI.83@.+*K+*[. ?<5. :;0.N8=11283.D6=5.<3.D5823.83@.D5081:.

483405.:211=0.2J8>01B.L;0.501=6:1.1;<G0@.:;8:.8.YKY.E05306.12Q0.95<A2@0@.:;0.D01:.D868340.D0:G003.

@0:826.950105A8:2<3.83@.3<210.50@=4:2<3B.%J86605.E05306.12Q01.Z,K,[.@2@.3<:.1=??24203:67.1J<<:;.<=:.:;0.

3<210I.G;260.685>05.E05306.12Q01.Z+*K+*[.60@.:<.0K40112A0.6<11.<?.@0:826B.L;050?<50I.G0.;8A0.10:.:;0.

@0?8=6:.N8=11283.D6=5.E05306.12Q0.:<.YKYB.

.

l. S83@9811.M26:05.O858J0:051.%0604:2<3.ZW0:8261.23.%=9960J03:857.$8:05286I.T230.,,]&,*b[V.

/0.0A86=8:0@.:;0.0??04:.<?.:;0.D83@9811.?26:05R1.?50F=0347.D83@.<3.:;0.?2386.<=:4<J01.=123>.D5823.

83@.D5081:.483405.:211=0.2J8>01B./0.?<=3@.:;8:.D5<8@05.?50F=0347.D83@1.Z0B>BI.)&,))I.'))&,))I.<5.

'))&*+'[.@2@.3<:.0??04:2A067.062J238:0.3<210I.G;260.0K40112A067.3855<G.D83@1.Z0B>BI.'*)&'Y)[.48=10@.

:;0.@218990858340.<?.@0:8260@.1=D&46=1:051B.L;0.<9:2J86.?50F=0347.D83@.G81.@0:05J230@.:<.D0.'(*&

'Y*I. G;24;. 95<A2@0@. 8. D868340. D0:G003. 3<210. ?26:58:2<3. 83@. 23?<5J8:2<3. 950105A8:2<3B. %2340. G0.

4<3121:03:67. ?2K. :;0. 2J8>0.12Q0.D0?<50. 239=:I. :;21. ?50F=0347.D83@.<??051.5068:2A067.4<3121:03:.3<210.

?26:58:2<3.83@.D5<8@.8996248D262:7B.

.

l. SC#T.-D68:2<3.%:=@7.?<5.g21:<6<>7.M08:=50.cK:584:2<3.ZW0:8261.23.%=9960J03:857.$8:05286I.T230.

,X'[V.

/0. 4<3@=4:0@. 8. 4<J950;0312A0. 8D68:2<3. 1:=@7. :<. @062308:0. :;0. 23@2A2@=86. 0??04:1. <?. 2J8>0.

95095<401123>.83@. :;0.SC#T.?58J0G<5E.<3. ?08:=50.0K:584:2<3. ?5<J.;21:<98:;<6<>2486. 2J8>01B./0.

4<J9850@. :;0. 905?<5J8340. <?. SC#T. G2:;. <:;05. J<@061I. 2346=@23>. 950:58230@. \01!0:*)I. P&!0:.

Z:58230@.<3.<52>2386.83@.D83@9811&?26:050@.2J8>01[I.83@.d212<3.L5831?<5J05.ZdHL[.23.A852<=1.1:8:01.

Z950:58230@I.?230&:=30@.<3.<52>2386.2J8>01I.83@.?230&:=30@.<3.D83@9811&?26:050@.2J8>01[B.



.

L;0.501=6:1.1;<G0@.:;8:.SC#T.@0J<31:58:0@.1=9052<5.905?<5J8340.G;03.=123>.D83@9811&?26:050@.

2J8>01I.G2:;.1;85905.?08:=50.<=:62301.4<J9850@.:<.:;0.D8106230.\01!0:*)B.L;0.D83@9811.?26:0523>.

1:09.0??04:2A067.;2>;62>;:0@.A86=8D60.23?<5J8:2<3I.03;83423>.?08:=50.0K:584:2<3.0A03.?<5.<:;05.J<@061B.

L;0.106?&1=905A210@.:582323>.<?.SC#T.95<A0@.:<.D0.0??24842<=1I.1=D1:83:28667.060A8:23>.:;0.F=862:7.<?.

:;0.0K:584:0@.?08:=501.4<J9850@.:<.:;0.232:286.950:58230@.\01!0:*)B.

.

Comments:. T230. ,+(V. /;7. 21. :;0. 6<>. 96=1. <30. :5831?<5J. 899620@. :<. 0F=8:2<3. Z,[. 2?. 2:U1. D023>.

:5831?<5J0@.D7.0xK.<3.0F=8:2<3.Z([m.-3@.G;7.21.2:.304011857.:<.@<.:;0.060J03:&G210.95<@=4:.G2:;.-.

23.0F=8:2<3.Z,[.2?.0F=8:2<3.Z([.21.4<3@2:2<30@.:<.-y2a.``.+.

.

ResponseV.\0>85@23>.:;0.6<>852:;J24.:5831?<5J8:2<3.23.cF=8:2<3.Z,[I.G0.89967.:;21.:5831?<5J8:2<3.

:<.:;0.2J8>0.198:286.@21:8340.J8:52K. O2-3. :<.J<@=68:0.:;0.@21:8340.A86=01B.S7.:8E23>.:;0.6<>852:;J.

<?. PO2-3 ' ;AQ I. G0. 4<J95011. :;0. 583>0. <?. @21:8340. A86=01I. >2A23>. J<50. 0J9;8121. :<. 1J86605.

@21:83401.83@.50@=423>. :;0. 2J984:.<?. 685>05.@21:83401B.L;21. :5831?<5J8:2<3.;0691. 23.489:=523>.:;0.

6<486.198:286.5068:2<31;291.D0:G003.19<:1.23.:;0.2J8>0.?08:=50.19840B.

.

L;0.8@@2:2<3.<?.+.:<. O2-3. D0?<50.:8E23>.:;0.6<>852:;J.21.:<.950A03:.:8E23>.:;0.6<>852:;J.<?.Q05<I.G;24;.

21.=3@0?230@B.L;21.21.8.4<JJ<3.9584:240.G;03.@08623>.G2:;.3<3&30>8:2A0.A86=01.:;8:.J2>;:.2346=@0.

Q05<1B.

.

H3. <=5. 232:286. 1:8>01. <?. @0A06<9J03:I. G0. @2504:67. =10@. :;0. %<?:$8K. ?=34:2<3. ZcF=8:2<3. Z([[. ?<5.

95<D8D262:7. :5831?<5J8:2<3. G2:;<=:. 8996723>. :;0. 6<>852:;J24. :5831?<5J8:2<3B. g<G0A05I. =9<3.

23A01:2>8:2<3I. G0. @214<A050@. :;8:. 9<23:1. G2:;. 685>0. @21:83401. 48=10@. 12>32?2483:. 95<D8D262:7.

2JD8683401B. S7. 8996723>. :;0. 6<>852:;J24. :5831?<5J8:2<3I. G0. 1J<<:;. <=:. :;010. 685>0. @21:83401I.
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Responses to the reviewers 

We sincerely appreciate the thoughtful suggestions and insights you have provided. Your feedback 

has significantly enhanced the quality and rigor of our work. In this revision, our main focus was to 

validate STAIG's integration capability through ablation experiments. Based on our experimental 

results, STAIG's integration ability primarily stems from its contrastive framework, which differs from 

DGI, and the random gene mask during training. Through ablation experiments, we discovered that 

restricting negative samples within the same slice leads to better integration effects. Consequently, 

we have updated the description of the loss function in the paper, providing more details. We have 

also updated the corresponding section with the latest integrated experimental results, showing 

improvements in all metrics compared to the previous version. 

Furthermore, in response to concerns about the reproducibility of our experimental results, we have 

followed Reviewer 1's suggestion and improved the stability of our code. Our STAIG model achieves 

stable results across different GPU devices in our local test. We have also provided access to a 

cloud server to validate the experimental results presented in this revision. 

We hope that our amended manuscript fully addresses all the critiques and comments raised by the 

reviewers. Please find below our point-by-point responses to each comment. 

General Response to Reviewer #1: 

We sincerely appreciate your continued guidance and insightful feedback. 

In this revised version, we have optimized the algorithm and its stability. We have also addressed 

your concerns specifically. The effectiveness of STAIG has been validated through ablation studies, 

which have further enhanced its integration performance. 

We hope that our revisions and the additional experiments sufficiently address your concerns. We 

are truly grateful for the time and effort you have invested in reviewing our work. Your feedback has 

been invaluable in improving our study. 

Detailed Responses to Specific Comments: 

Comment: Questionable reproducibility and local performance of STAIG. I appreciate the authors' 

provision of a pre-configured cloud server, which facilitates the verification of STAIG's performance. 

However, I remain concerned about its reproducibility and performance consistency across different 

environments. Our tests on a local server demonstrated significant discrepancies compared to the 

results reported in the manuscript (refer to the attached results in the reviewer's response email). 

This variation might stem from inherent limitations in STAIG’s methodology, particularly the 

probabilistic perturbation in the graph's local structure during contrastive learning, which results in 



highly variable augmented graphs G1 and G2 in each training instance. To mitigate this, I suggest 

resampling G1 and G2 multiple times and using their average structure, although this may increase 

training complexity and time. I recommend other reviewers also test STAIG on their local machines 

to verify STAIG’s reproducibility at the user end. 

Response: Thank you for your constructive feedback on our methodology. We have updated the 

STAIG code to optimize its stability. First, we have incorporated your suggestion of resampling G1 

and G2 multiple times and using their average structure. Second, we have extensively tested STAIG 

on a variety of mainstream GPUs. Initially, our tests were limited to GPUs representing the Ampere 

architecture (sm_86), such as the RTX 3090, where we achieved reproducible and stable results. 

However, when we conducted tests on GPUs from the Ada (Lovelace) architecture, such as the 40-

series, using our original setup instructions, we indeed observed a decrease in performance. This 

issue stemmed from an incompatibility with the CUDA version used; our original code utilized CUDA 

11.7, while the 40-series GPUs require CUDA 11.8 or higher. This incompatibility led to a decrease 

in computational precision in PyTorch. 

We have redesigned STAIG's installation process, employing updated versions of PyTorch and 

CUDA, which have improved computational precision. Although this update results in a slight 

decrease in computational speed, it ensures stable reproducibility across different GPU models. 

Following the updated installation guide and code, you should be able to replicate our results locally 

as consistently as those obtained on our cloud server. 

Comment: Theoretically suspicious batch correction 

The approach to contrasting learning described in Equation 9 permits interactions across batches 

but may not effectively mitigate batch effects. Specifically, in equation 9, positive samples are all from 

the same batch, while samples from different batches only serve as negative samples in the 

denominator. Theoretically, batch effects can help minimize this loss function—its loss declines when 

the dissimilarity of such negative samples are increased, which the existence of batch effects can 

contribute to. In other words, rather than distancing cross-batch negative samples, batch effects are 

effectively addressed only when pulling closer cross-batch positive samples, which STAIG fails to 

achieve, at least theoretically. 

Response: Thank you for your comment. To evaluate STAIG’s capability for spatial integration, we 

conducted comparative studies with other contrastive learning frameworks and performed detailed 

ablation studies on various components of the loss function. The results of these experiments can 

be found in the supplementary material "Ablation Studies for Integration" (lines 435-495). 

Based on these results, we can draw several conclusions. First, it's evident that samples from 

different individuals and platforms exhibit significant batch effects in their raw data. Second, after 

standard data preprocessing, the contrastive architectures of GraphST[1] and ConST[2] (representing 

DGI[3]) only achieved minor integration of data on the Visium platform and failed to integrate data 



across platforms. In contrast, STAIG demonstrated robust integration capabilities both visually 

(UMAP) and through performance metrics, indicating that its strength primarily derives from a 

different contrastive framework. Further ablation studies on STAIG’s loss function components 

showed that random gene masking and positive samples from first-order neighbors enhanced 

integration capability. However, gene masking was not the main factor, as DGI could not achieve 

cross-platform integration with or without gene masking, and was minimally influenced by the 

masking. 

You are correct that negative samples across slices actually reduced integration capability. 

Restricting negative sample pairs to the same slice significantly improved integration. This does not 

imply that our training process is equivalent to inputting individual datasets into a GCN one by one, 

as the same process could not integrate data using DGI's architecture. 

Based on our findings, we believe STAIG's integration capability stems from its node-by-node 

contrastive learning framework, which can effectively learn commonalities in gene expression. 

Interestingly, a recent study by Zhang et al[4]. supports our observations. They argue that while DGI 

relies solely on spatial dependencies, their InfoNCE[5] framework—a contrastive pattern similar to 

ours—can adaptively learn both spatial dependencies and common gene expression traits. Their 

conclusions align with our results, though they did not further explore integration. We have included 

their method in our comparative analysis. 

Following the insights from the ablation studies, we restricted negative sample pairs to the same 

slice during batch integration, updating our original integration results (Line 180-227, Fig.5, 

Supplementary Fig.S11-15). Compared to the previous version, our current integration metrics have 

significantly improved. We have also updated the descriptions in the Methods section accordingly 

(Line 386-387, 464-469). 

Comment: 7NSUFFICIENT TASK AND METHODOLOGICAL NOVELTY 

=HE NOVELTY OF <=/75 IS STILL QUESTIONABLE FROM BOTH TASK'ORIENTED AND METHODOLOGICAL PERSPECTIVES( 

=HE TASKS OF SPATIAL CLUSTERING AND SLICE ALIGNMENT ARE WELL'TRODDEN AREAS& WHILE THE IDEAS OF APPLYING 

GRAPH CONVOLUTIONAL NETWORKS& HISTOLOGY IMAGE INTEGRATION& AND GRAPH CONTRASTIVE LEARNING TO SPATIAL 

CLUSTERING HAVE BEEN PREVIOUSLY EXPLORED IN OTHER STUDIES( 9OREOVER& THE TECHNIQUES USED IN <=/75& 

SUCH AS 0>;8& LOCAL GRAPH STRUCTURE PERTURBATION& 51:& ARE COMMON IN THE FIELD OF DEEP LEARNING(

Response: Thank you for your comments. While the domain of spatial transcriptomics has indeed 

seen significant research, existing methods still struggle with three critical issues: 1) ST data 

inherently contains spatial, genetic, and image information, but not graph structure. The optimal 

graph structure and processing method for ST datasets is still undetermined. 2) The effective 

extraction and utilization of image data. 3) Identifying the most suitable contrastive learning 

framework for ST datasets. 



Firstly, most existing methods do not focus on the graph construction process, typically building 

graphs based directly on proximity, which can introduce erroneous edges and biases. STAGATE 

addresses this by adjusting edge weights based on genetic similarity, but it does not integrate image 

information. Methods like SpaGCN consider images by using RGB differences, which are severely 

affected by staining biases. STAIG pioneers in effectively integrating image data and implementing 

appropriate structural modifications in the spatial transcriptomics field. 

Prior to STAIG, few image processing methods were specifically optimized for spatial transcriptomics 

(ST) datasets. Unsupervised learning has advanced significantly in medical imaging for modalities 

like CT, ultrasound, and X-rays, but HE images, often used in ST, have been less studied due to their 

lower commercial value and smaller dataset sizes. These images, especially those of brain tissue, 

present unique challenges due to subtle textures and uneven staining. Existing methods, largely 

focused on supervised and semi-supervised approaches, struggle to effectively extract features from 

these images. STAIG addresses these gaps by successfully applying self-supervised learning to 

extract meaningful features from brain tissue HE slides, which are notably noisy and differ 

significantly from traditional histology images. 

Our ablation experiments clearly show that different contrastive learning frameworks extract valuable 

information from ST data differently. STAIG's unique framework achieves batch integration that prior 

methods could not. 

With these innovations in processing ST data, STAIG achieves higher clustering accuracy and 

simpler integration methods. Additionally, our exploration of HE images from the Visium platform can 

inspire future research, providing significant reference value. 

Spatial clustering and batch integration are foundational tasks in spatial transcriptomics research. 

Achieving higher clustering accuracy and simpler integration methods has always been a goal. Our 

baseline tests revealed significant flaws in current methods. For batch integration, most methods 

require additional tools like Harmony, which adjust embeddings but sometimes perform poorly. 

Compared to these, STAIG is significantly simpler and more effective, capable of both clustering and 

integrating with superior results to existing tools like STAlinger. 

In our experiments, we believe the spatial transcriptomics field needs suitable, rather than novel 

computational methods. In exploring image extraction, we evaluated models and self-supervised 

methods including RGB, CNN, U-Net, and ViT. BYOL consistently outperformed others, 

demonstrating superior results on Visium images when combined with ResNet over ViT. Similarly, 

while local graph structure perturbation is not new in computer science, STAIG is the first to attempt 

it on ST data. Effectively extracting image features and utilizing them for adaptive graph structure 

perturbation still requires significant innovation. 

In conclusion, we believe STAIG's contributions to the spatial transcriptomics field are substantial, 

and our findings and experiments provide valuable insights for future research. 



Comment: Overly ad hoc parameter settings 

The adjustments of critical parameters without detailed justification, such as the increase in the 

number of selected highly variable genes from 3000 to 5000 and the alteration in edge removal 

probabilities (from 0.3 to 0.2), raise concerns about STAIG’s adaptability to diverse datasets. Other 

ad hoc parameters include the p_min, p_max on line 409, the Bernoulli masking ratio on line 427, 

the number of clusters in DS filtering on line 457, and many other hyperparameters in network 

architecture, image processing and loss functions. While a few ad hoc parameters are generally 

acceptable, too many such parameters undermine the model's robustness and generalizability.

Response: Thank you for your comment. We have not altered the count of highly variable genes 

(HVGs) used for clustering within a single spatial slice, which has consistently been set at 3,000 

(Line 330). The 5,000 HVGs referenced on Line 374 pertain to settings adjusted for multi-batch 

integration, following your previous suggestions. Our initial approach involved concatenating multiple 

slices followed by normalization, selecting 3,000 genes thereafter. However, your feedback 

highlighted potential information loss with this method. In response, we revised our preprocessing 

workflow to normalize slices individually and then intersect the genes, adopting the 5,000 gene count 

to align with the methodologies described in STAlinger, the reference you provided. Since this 

process involves an intersection of genes, we believe it is reasonable to select a higher number than 

used for individual slices. Moreover, both the initial 3,000 and the revised 5,000 gene counts (different 

processes) have enabled STAIG to achieve robust integration.

Regarding the adjustment of edge removal probabilities. Initially, we did not perform sensitivity testing 

for the parameter ! during our early experiments. However, in our previous version, we conducted 

sensitivity tests for all parameters across various platforms. From these experiments, we found that 

! " #$% slightly outperformed ! " #$&, prompting us to make this adjustment. Our findings indicate 

that variations in results are minimal when ! is less than or equal to 0.3 (Supplementary material 

Fig. S27d-f), demonstrating stability within this range. Recognizing that the random perturbation 

probability !  as a hyperparameter could impact user experience, we introduced an adaptive 

perturbation based on gene similarity in the last update, following Reviewer 2’s suggestion. This 

adaptive approach eliminates the need to set a specific ! value, especially on platforms without 

imaging capabilities. 

Regarding the parameters !!"# d !!$% hese were initially designed to prevent extreme edge 

perturbation probabilities. Upon revisiting our calculations and assessing the range of adaptive 

perturbations based on image similarity, which typically falls between 0.1 and 0.4 (as shown in the 

probability distribution in Figure 1 of the subsequent response), we realized that the impact of this 

interval scaling was minimal. Throughout our testing, we consistently set !!$% at 0.1 and !!"# at 

0.9 and never altered these values, which ultimately proved to have little effect. Your comment is 

quite insightful, and to avoid confusion and simplify the operation, we decided to remove these 

parameters. After re-testing, we found that the accuracy remained unchanged. 

Except for the number of clusters in DS filtering, STAIG’s hyperparameters are comparable to those 



in ConST, essential for any contrastive learning framework. Compared to GraphST, STAIG only adds 

the Bernoulli masking ratio for gene perturbation and the number of DS clusters. The Bernoulli 

masking ratio was optimized through sensitivity testing across multiple platforms, enhancing model 

generalization and batch integration capabilities. DS filtering, which slightly improves performance 

by removing bias in negative samples, is an optional strategy, proven by ablation studies to be 

effective without fundamentally altering STAIG's performance (Supplementary material Fig. S27h). 

For image feature extraction, key parameters include filter settings, Gaussian blur parameters, and 

image size. In partnership with Visium platform's specifications, we have implemented adaptive 

scaling that requires no user adjustments. This contrasts with methods like DeepST and ConST, 

which rely on CNNs and ViTs respectively, necessitating more parameters. 

In summary, compared to other deep learning methods, STAIG does not introduce an excessive 

number of hyperparameters. We have conducted extensive hyperparameter testing to ensure the 

stability and robustness of the algorithm. 

Comment: ;VERLY CASUAL CLUSTERING IN 2< FILTERING 

5IVEN THE NUMBER OF CLUSTERS IN THE 2< FILTERING IS KEY TO THE DETERMINATION OF NEGATIVE SAMPLES AND 

SUBSEQUENT GRAPH CONTRASTIVE LEARNING& ITS SETTING NECESSITATES FURTHER INVESTIGATION( =HE AUTHORS 

SHOULD PROVIDE ORIGINAL IMAGES OF THE CLUSTERING RESULTS TO ALLOW THE INTERPRETATION OF LABELING SAMPLES 

IN THE SAME CLUSTER AS POSITIVES WHILE IN DISTINCT CLUSTERS AS NEGATIVES( 9EANWHILE& GIVEN THE BATCH 

EFFECTS AMONG 6!3 IMAGES OF DIFFERENT SLICES& IT IS VERY LIKELY THAT IMAGE PATCHES OF DIFFERENT TISSUE 

DOMAIN TYPES FROM SAME SLICE CAN END UP IN THE SAME CLUSTER& WHILE THOSE OF THE SAME TISSUE TYPE 

FROM DIFFERENT SLICES IN DIFFERENT CLUSTERS( <UCH CLUSTERING RESULTS ARE NOT DESIRABLE AS THEY ARE 

INCONSISTENT WITH THE IMAGESa SEMANTIC MEANING(

Response: Thank you for your comments.  

In STAIG, we first assign a class label to each node based on the k-means clustering results of the 

image features. When the DS filter is not applied, the negative samples are all nodes that are not 

adjacent to the given node. After applying the DS filter, among all non-adjacent nodes of the given 

node, a portion of nodes with the same class label are removed from the negative samples. 

Assuming the number of clusters is 40, except for the samples belonging to the same class as the 

node, all non-neighboring nodes of the remaining 39 classes are considered as negative samples 

and participate in the calculation.  

At the same time, the DS filter does not affect the selection of positive samples; it only excludes a 

small portion of negative samples during the calculation. This exclusion of negative samples is an 

optimization technique, and it does not have a significant adverse impact on the overall results of the 

STAIG framework. STAIG employs a training approach that primarily relies on genes and uses image 

features as auxiliary information. In fact, in the ablation experiments without the DS strategy and 

without the image platform, the accuracy of STAIG already surpasses that of the compared 

algorithms. 



Regarding your request for original images of the clustering results, we would like to clarify that there 

are two possible interpretations of your request. If you are referring to the visualization of the k-

means clustering results based on the high-dimensional image features, it is challenging to present 

the clustering results in a two-dimensional format after obtaining the class labels. Alternatively, if you 

are asking for the direct presentation of the original spot patch images belonging to the same cluster, 

it is impractical to enumerate all the patch images within a cluster due to the large number of spots 

(typically over 3,000) in a single Visium slice. 

To address your concerns and provide a better understanding of the effectiveness of our DS 

approach, we present an alternative method of explanation. We have included a stacked bar plot 

(Figure 1) showing the distribution of the 40 clusters based on the image features of slice #151673, 

along with the proportion of class labels within each cluster. We acknowledge that due to the inherent 

noise in the images and the shallow textures of brain images, it is challenging to achieve precise 

segmentation solely based on image information without prior knowledge. The presence of different 

classes within each cluster is inevitable. 

Figure 1 Distribution of the 40 clusters based on the image features of slice #151673 



In the stacked bar plot, we have sorted the clusters in descending order based on their sample counts. 

We can observe that the clusters with the highest sample counts are predominantly composed of 

the WM layer. In the subsequent clusters with relatively high sample counts, there is usually one 

layer that occupies a significant proportion. Moreover, even when multiple classes are present within 

a cluster, they tend to be adjacent layers, such as Layer6 and Layer5, or Layer3 and Layer4. 

When applying the DS filter, nodes with the same class label within a cluster are excluded from the 

negative samples, along with nodes of other classes that also belong to the same class. In most 

cases, the layer with the largest proportion benefits more from this approach. Compared to not using 

the DS strategy, for the nodes in the first bar, over 200 nodes of the same class are excluded from 

the negative samples during training. 

Increasing the number of clusters can undoubtedly increase the dominant proportion within each 

cluster. However, this leads to a decrease in the sample count of each class, resulting in a smaller 

number of excluded samples per iteration and less significant benefits. In our assumed usage 

scenario, given an H&E stained slice without any prior knowledge, we aim to extract and utilize 

features effectively. Currently, there is no clustering algorithm that can operate without parameter 

settings, which means that the number of clusters in DS can only be provided as a hyperparameter. 

We have conducted tests on existing datasets and determined an empirical value (Supplementary 

Fig. S23b-c) that is considered appropriate. 

Regarding the handling of multiple slices, we agree with your suggestion that batch effects exist 

among images from different slices. In the updated version of our approach, when dealing with 

multiple slices, we do not employ the DS strategy to mitigate the potential inconsistencies arising 

from batch effects. 

Comment: -( 7NSUFFICIENT MATHEMATICAL SOLIDITY 

<=/75 FALLS SHORT OF MATHEMATICALLY SOLIDITY& AS REFLECTED NOT ONLY BY EXCESSIVE AD HOC PARAMETER 

SETTINGS BUT ALSO THE LACK OF SUCCINCT MATHEMATICS AND EFFICIENT COMPUTATIONS( 4OR EXAMPLE& THE USE OF 

A LOGARITHMIC OPERATION IN 3QUATION + FOLLOWED BY AN EXPONENTIAL IN 3QUATION , SEEMS UNNECESSARY AND 

ONLY INCURS EXTRA COMPUTATIONAL COSTS( =HIS COULD BE STREAMLINED BY SKIPPING EQUATION + AND DIRECTLY 

EMPLOYING 2?[IMG\%* IN 3QUATION ,( /DDITIONALLY& THE COMPUTATION OF THE DISTANCE MATRIX 2?[IMG\ 

COULD BE OPTIMIZED BY LEVERAGING THE SPARSITY OF THE ADJACENCY MATRIX& RATHER THAN USING THE 

COMPUTATIONALLY INTENSIVE FUNCTION LIKE _EUCLIDEAN@DISTANCES . CDIST#NODE@EMB& NODE@EMB& 

METRIC."EUCLIDEAN"$` ON LINE *)- IN ADATA@PREPROCESSING(PY( :OT ONLY THIS BRUTAL'FORCE CALCULATION IS 

NOT INEFFICIENT& BUT ALSO POTENTIALLY LEADS TO MEMORY ISSUES IN CASE OF LARGE'SCALE DATA AND HIGH'

DIMENSIONAL EMBEDDINGS( 

Response: Thank you for your comment. While it might seem straightforward to obtain normalized 

probabilities directly through Softmax, in practice, due to significant variations in Euclidean distances, 

not applying a logarithmic transformation would lead to extremization of edge perturbation 

probabilities. Figure 2 displays the distribution of adaptive edge deletion probabilities under different 

processing conditions. It clearly demonstrates the importance of applying a logarithm before the 



Softmax operation, as it effectively prevents the extremization of probabilities. 

Figure 2. The distribution of edge deletion probabilities (log with SoftMax vs SoftMax).

Additionally, following Reviewer #3's suggestion, we found that when performing the logarithmic 

operation, the minimum values of '$!& were all significantly greater than 1, rendering the "+1" in 

the original ()*+,- . /0 unnecessary, as it does not prevent extremely small values that could 

potentially cause issues in subsequent results. Therefore, based on Reviewer #3's advice, we 

changed ()*1'$!& . /2 to ()*1'$!&2(Line 398). As shown in Figure 3, the probability distributions 

before and after this adjustment remain unchanged. 

Figure 3. The distribution of edge deletion probabilities (log(X+1) vs log(X)).

In terms of code implementation, we modified the original computation of the distance matrix '$!&. 

Instead of using cdist, we now only calculate the similarities between the necessary neighboring 

edges, avoiding unnecessary computations. Additionally, we have added a progress bar to visualize 

the progress of the computation, allowing users to track the program's advancement clearly. 

Reference: 

[1] Long Y, Ang K S, Li M, et al. Spatially informed clustering, integration, and deconvolution of spatial 

transcriptomics with GraphST[J]. Nature Communications, 2023, 14(1): 1155. 

[2] Zong Y, Yu T, Wang X, et al. conST: an interpretable multi-modal contrastive learning framework for 
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[4] Zhang L, Liang S, Wan L. A multi-view graph contrastive learning framework for deciphering spatially 



resolved transcriptomics data[J]. Briefings in Bioinformatics, 2024, 25(4): bbae255. 

[5] Oord A, Li Y, Vinyals O. Representation learning with contrastive predictive coding[J]. arXiv preprint 

arXiv:1807.03748, 2018. 



General Response to Reviewer #2: 

We sincerely appreciate your continued guidance and insightful feedback. 

In this revised version, we have updated the descriptions of the formulas to make them easier to 

understand. Additionally, we have demonstrated the effectiveness of STAIG through ablation 

experiments. Based on the findings from these experiments, we have updated the experimental 

results for batch integration. 

We hope that our revisions and the additional experiments sufficiently address your concerns. We 

are truly grateful for the time and effort you have invested in reviewing our work. Your feedback has 

been invaluable in improving our study. 

Detailed Responses to Specific Comments 

Comment: - The authors explained cross-slice interaction in the STAIG model by referring to 

negative samples in the contrastive loss. If I understand it correctly, the negative samples include 

not only pre-existing edges that get removed based on image feature similarity, but also edges that 

do not exist in the original adjacency graph, such as those across slices. If that was the case, the 

second term in the denominator of Eq. 9 involving a sum over all such negative samples would be 

highly inefficient to compute. I suspect that some sort of negative sampling strategy was actually 

employed instead of computing the exhaustive sum, which was not clearly reflected in Eq. 9. 

Furthermore, the normalization of negative samples does not seem to align with that of positive 

samples in Eq. 9. Additionally, I am also unclear why f^1,2(i, i) is included in the denominator; should 

this not be a positive edge? Lastly, I still find it counterintuitive why batch effect correction works in 

STAIG, which obviously still lacks positive samples across slices. "Emphasizing on subtle local 

dynamics over broad global changes" is posited as an explanation, but remains a fuzzy intuition. 

Could ablation experiments help clarify the underlying mechanism of STAIG's batch effect correction, 

and verify the authors' intuitions provided here? 

Response: Thank you for your valuable comments. Firstly, let we explain the loss function when not 

considering the DS filter strategy. The loss function is formulated as follows: 
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To show this equation more clearly, we color-code each term in the equation, corresponding to the 

schematic of Figure 1. 



Figure 1. Schematic of the STAIG loss 

As we can see, the training objective for the loss function is to maximize the numerator while 

minimizing the contribution of negative samples in the denominator. Typically, in contrastive learning, 

the denominator includes the sum of the exponential of the similarities for all sample pairs (both 

positive and negative), serving as a regularization term. This helps to prevent the numerator from 

disproportionately influencing the overall loss value. If only the similarities of negative samples were 

calculated, the denominator might be too small, leading to large or unstable loss values. Including 

positive samples ensures that even when the similarity of positive samples is high, the loss function 

remains within a reasonable range. 

Furthermore, this setup is computationally advantageous, as the similarity calculations for all sample 

pairs can be performed directly through matrix operations (multiplying two vector matrices and 

summing across specified dimensions). This computation can be accelerated with GPU processing, 

which is faster than selecting several negative samples manually. 

On the coding level, assume that after two augmentation graphs, the resulting normalized matrices 

are !9 and !: . The intra-graph similarity is calculated as "#$%&!9&!9';', and the inter-graph 

similarity is calculated as "#$%&!9&!:';'. If it is necessary to exclude some negative samples, a 

mask matrix can be pre-built to set the corresponding similarity entries to zero. 

The calculation for negative samples would then be the row-wise sum of "#$%&!9&!9';' plus the 

row-wise sum of "#$%&!9&!:';', subtracting the diagonal sum of "#$%&!9&!9';' (to remove the 

non-existent (9'9&)* )' from the formula). 

Moreover, regarding various contrastive learning loss functions, when the first-order adjacency 

matrix is not considered, the loss function transitions to the one used by Zhu et al.[1]: 
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When further removing the negative samples within the intra-graph, the loss function is transformed 

into the basic InfoNCE[2] loss: 
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Thank you for suggesting ablation experiments. To evaluate STAIG's capability for spatial integration, 

we conducted comparative studies with other contrastive learning frameworks and performed 

ablation studies on various components of the loss function. The results of these experiments are 

detailed in the supplementary material "Ablation Studies for Integration" (lines 435-495), where we 

have included schematic diagrams of different loss functions for clarity. 

Initially, we compared STAIG with other contrastive learning frameworks, such as DGI[3], which is 

represented by models like GraphST[4] and ConST[5]. These models employ different graph 

augmentation strategies. In the DGI architecture, the augmented graph does not alter the graph 

structure but instead randomly permutes the node positions. Their model defines positive samples 

as the node and its first-order neighbors in the original graph and negative samples as nodes in 

corresponding positions in the augmented graph. 

After similar data preprocessing, DGI's contrastive architecture managed only minor integration of 

data from the Visium platform and failed to achieve cross-platform integration. In contrast, STAIG 

demonstrated its integration capability both visually (UMAP) and through performance metrics, 

indicating that its strength primarily derives from a different contrastive framework. Further ablation 

studies on STAIG's loss function components showed that random gene masking and positive 

samples from first-order neighbors enhanced integration capability. However, gene masking alone 

was not the primary factor, as DGI was unable to achieve cross-platform integration with or without 

gene masking and was minimally affected by the masking. 

Our ablation experiments also revealed that negative samples across slices actually reduced 

integration capability. When we restricted negative sample pairs to the same slice, integration 

capability improved significantly. This does not imply that our training process simply inputs individual 

datasets into a GCN one by one, as the same process could not integrate data using DGI's 

architecture. 

Based on these findings, we believe STAIG's integration capability stems from its node-by-node 

contrastive learning framework, which can effectively learn commonalities in gene expression. 

Interestingly, a recent study by Zhang et al.[6] supports our observations. They argue that while DGI 

relies solely on spatial dependencies, their InfoNCE framework—a contrastive pattern similar to 

ours—can adaptively learn both spatial dependencies and common gene expression traits. Their 

conclusions align with our results, though they did not further explore integration. We have included 

their method in our comparative analysis. 

Following the insights from the ablation studies, we restricted negative sample pairs to the same 

slice during batch integration, updating our original integration results (Line 180-227, Fig.5, 

Supplementary Fig.S11-15). Compared to the previous version, our current integration metrics have 

significantly improved. We have also updated the descriptions in the Methods section accordingly 

(Line 386-387, 464-469). 



Comment: - Regarding the "artificially structured graphs," I now understand its meaning, but still 

have a minor complaint regarding the assertion that the artificial graph structure in STAGATE does 

not change. My understanding is that the graph attention mechanism in STAGATE could effectively 

reduce the influence of unreasonable edges through low attention scores, which might mitigate this 

issue. A more distinct comparison between STAIG and STAGATE might focus on STAIG's 

integration of image features rather than solely relying on transcriptomic data. 

Response: Thank you for your valuable comments. We agree with your points, and have updated 

our phrasing in the Introduction accordingly. At line 35, we have revised the statement to read: 

"Although some methods like STAGATE address this issue by assigning weights to edges based on 

cell gene similarity, they do not integrate the image information." 

Comment:  The colors representing "intra-view non-neighbors" and "inter-view non-neighbors" in 

Fig. 1e do not match the contrastive learning illustration, which may confuse readers. 

Response: Thank you for your valuable comments. We have corrected the color errors in Fig. 1e. 

Additionally, we have included more detailed schematic diagrams in the supplementary material 

section to clarify this further (Fig. S30). 

Comment:  In line 463, the second highlighted term should be l(h_i^1). 

Response: Thank you for your valuable comments. We have corrected the superscript of this term. 

The modification can now be found at line 470. 

Comment: The panel order in Fig. 3c does not match those in Fig. 3a, b. 

Response: Thank you for your valuable comments. We have corrected the order in Fig. 3c. 

Reference: 
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transcriptomics with GraphST[J]. Nature Communications, 2023, 14(1): 1155. 

[5] Zong Y, Yu T, Wang X, et al. conST: an interpretable multi-modal contrastive learning framework for 

spatial transcriptomics[J]. BioRxiv, 2022: 2022.01. 14.476408. 

[6] Zhang L, Liang S, Wan L. A multi-view graph contrastive learning framework for deciphering spatially 

resolved transcriptomics data[J]. Briefings in Bioinformatics, 2024, 25(4): bbae255.



General Response to Reviewer #3: 

We sincerely appreciate your continued guidance and insightful feedback. 

Following your recommendations, we have made several important revisions to our manuscript. We 

refined the expressions in the paper's formulas for enhanced clarity and added a detailed section in 

the supplementary materials to describe the loss function and contrastive mechanisms, 

accompanied by corresponding ablation studies. These revisions underscore the effective integration 

capability of STAIG.  

Responding further to your feedback, we conducted additional tests and removed the parameters 

you identified as unnecessary.  

We hope that our revisions and the additional experiments sufficiently address your concerns. We 

are truly grateful for the time and effort you have invested in reviewing our work. Your feedback has 

been invaluable in improving our study. 

Detailed Responses to Specific Comments 

Comment: The authors have addressed my comments and most comments from the other reviews. 

The revised version of the manuscript clearly improves the original version, especially by the 

inclusion of results from imaging-based spatial transcriptomics.  

However, as raised by reviewers #1 and #2, the claims of global interaction between multiple 

datasets could be excessive. 

While the responses clearly show that equation 9 is a global computation, they are not connected 

through adjacencies, only through their embedding space --- which is the default for deep learning 

training with multiple samples --- it's unclear how much of that can be qualified as a novelty once the 

unnecessary terms are removed and the formulas simplified. 

This doesn't disqualify the paper's claims and experiments that they obtained a better integration, 

but the description could be more transparent. 

This extends to equation 4, as acknowledged during their response. Despite being originally 

motivated by softmax, once you apply "log" and then "exp," it would be clearer to show that "Pij" is a 

normalized distance, which raises the question of why the +1 is an important constant to this 

normalized distance.  

Response: Thank you for your valuable comments. In response to the concerns raised by Reviewers 

1 and 2, we have made concerted efforts in two main areas. First, we have added a more detailed 

description of the loss function in the main text from line 452-473. Additionally, we have conducted 

ablation experiments to compare the graph augmentation strategies of STAIG with those of other 

methods. We also performed ablation studies on various components of the loss function, the results 

of which are documented in the supplementary material "Ablation Studies for Integration," lines 435-



495. For clarity, this section now includes schematic diagrams of the various loss functions. 

Our efforts focused on three main tests: 1) comparing the graph augmentation strategies of STAIG 

with those of DGI[1], 2) examining the effects of restricting negative samples within a single slice 

versus across slices, and 3) evaluating the impact of random gene masking on integration. 

Our experimental results demonstrate that STAIG's integration capability primarily stems from its 

contrastive architecture, which is distinct from DGI. Under the same data preprocessing conditions, 

DGI is unable to integrate cross-platform data. Moreover, we found that restricting negative samples 

to a single slice can enhance batch integration, a finding that emerged from our ablation studies and 

admittedly contradicts our previous descriptions. Additionally, we observed that random gene 

masking plays a significant role in STAIG's integration capability, simulating batch effects to some 

extent and thereby enhancing the model's generalizability. However, this approach was not as 

beneficial for DGI. 

In fact, a recent study by Zhang et al.[2] shares similar findings. They argue that while DGI can only 

utilize spatial dependencies, their InfoNCE[3] framework—a contrastive pattern akin to ours—can 

adaptively learn both spatial dependencies and common gene expression features. Their 

conclusions align with our experimental results, though they did not further explore integration. We 

have also included their method in our comparative analyses. 

Given that restricting negative samples within slices leads to better aggregation results, we have 

updated the formula descriptions (Line 386-387, 464-469) and redone the related integration 

experiments (Line 180-227, Fig.5, Supplementary Fig.S11-15). The metrics have shown significant 

improvements over the previous version. 

Regarding Formula 4, Figure 1 displays the distribution of adaptive edge deletion probabilities under 

different processing conditions in #151673. It clearly demonstrates the importance of applying a 

logarithm before the SoftMax operation, as it effectively prevents the extremization of probabilities. 

Figure 1. The distribution of edge deletion probabilities (log with SoftMax vs SoftMax).

Originally, we used 345,6 . /0 to leverage the curvilinear part of the logarithmic function when 6 7

# to smooth the Euclidean distances. This approach was based on the consideration that if the 



Euclidean distance between two points was very small, directly applying 345,60 would generate a 

large negative number. This could result in the corresponding edge's importance being almost 

ignored in subsequent processes, and potentially cause numerical underflow when applying the 

softmax function. By using 345,6 . /0, we avoided generating negative values, thus maintaining 

numerical stability and ensuring a smoother calculation of probability distributions. 

However, upon revisiting the calculations based on your suggestion, we discovered that the minimum 

values in the initially obtained Euclidean distance matrix were all significantly greater than 1, 

indicating that our original scenario did not exist. We appreciate your pointing this out. Consequently, 

we have removed the ./ term, changing it to 8 " 3451'$!&2(Line 398). As shown in Figure 2, the 

probability distributions before and after this adjustment remain virtually unchanged. 

Figure 2. The distribution of edge deletion probabilities (log(X+1) vs log(X)).
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STAIG: Spatial Transcriptomics Analysis via Image-Aided Graph Contrastive Learning 

for Domain Exploration and Alignment-Free Integration 

Yitao Yang, Yang Cui, Xin Zeng, Yubo Zhang, Martin Loza, Sung-Joon Park, Kenta Nakai

Response to Reviewer #1:

Comment: 1. The authors claim that they have updated STAIG code and incorporated resampling

process into the construction of G1 and G2 to improve STAIG’s performance stability. However, I do

not see the incorporation of resampling process in their method section. Moreover, the authors

should show experimental results, including the ablation study on the resampling process, to prove

the improved stability due to these efforts. Given the randomness inherent to STAIG, it is better to

add a section in the manuscript, describing the stability issue and authors’ efforts on addressing this

issue. Also, given the authors' claim the update results in a slight decrease in computational speed

as well as the extra costs associated with the resampling process, STAIG’s scalability against

different sample sizes after these updates should be demonstrated.

Response: Thank you for your comment. First, we would like to apologize for any confusion caused

by our previous response. In the last version, we improved the code and resolved the compatibility

issues between Torch and CUDA, ensuring stable results across the hardware we were able to test.

Reviewer 2 successfully replicated our results in their local environment. However, as we cannot test

on all possible hardware configurations, we have implemented your suggestion as an optional

feature for users to address any potential stability issues.

We have added a new section in the supplementary materials titled "Stability and efficiency of the

averaged structure" (Supplementary Material, Lines 504-526, Figures S31d-f) to address the stability

issue specifically.

In this section, we detail the method and conducted an ablation study using the DLPFC dataset from

the Visium platform and the STARmap platform, which lacks image data, to evaluate the impact of

varying the number of resampled graphs on both accuracy and time cost. As shown in

Supplementary Fig. S31d-e, the performance is nearly identical to that without resampling when the

number of resampled graphs is less than 10. However, when the number of resampled graphs

reaches 20, the time cost doubles.

Additionally, we have expanded the discussion on this topic in the main text under the Discussion

section (Lines 313-319):

We acknowledge a potential stability issue in the sampling process of -/ and -0. To address this,

we implemented a resampling method that generates n augmented graphs and averages their

structures to create the final enhanced graph (see Supplementary Materials: Stability and efficiency

of the averaged structure). While resampling increases algorithmic complexity, our ablation studies



show stable results when . was kept below 10 (see Supplementary Fig. S31d-f). Therefore, we

believe that the current methodology is robust across various datasets and scenarios. Nonetheless,

this approach may not completely eliminate stability issues in every test or dataset. To mitigate

potential biases, we provide users with the option to apply the resampling process to their own

datasets, which we anticipate will help reduce any sampling-related bias.

Comment: 2.The authors have updated STAIG to restrict negative sample pairs to the same slice

during integration and claimed that it significantly improves the integration. However, this update fails

to address my previous concern about shortening distances between inter-batch positive pairs, which

can truly mitigate batch effects in theory. Moreover, this update seems to contradict the authors’

statement in the previous response, where I quote:

“Firstly, let's consider STAIG's neighbor contrastive loss functon(9) (Line 460). In this equation, the

numerator represents the computation of similarities between a sample and its immediate neighbors,

treated as positive pairs within the augmented graph. Conversely, the denominator accounts for the

interactions with negative samples across the entire samples (The second term of the denominator).

This global computation not only normalizes the impact of local interactions but also indirectly bridges

different datasets by adjusting each data point's influence in relation to the overarching data

characteristics.

Therefore, although direct dataset interactions are not modeled by the matrices A and W, the

denominator plays a crucial role in facilitating an indirect information exchange, thereby significantly

enhancing the model's capacity to generalize across diverse datasets”.

This statement clearly indicates the importance of using cross sample negative pairs to make STAIG

as a multi-batch model, which is however denied in this response. Although the authors have

conducted ablation studies, attempting to demonstrate this point empirically, the seemingly good

results may be purely random, particularly considering its theoretical deficiency. Restricting negative

sample pairs to the same slice during integration essentially forbids interactions between samples

across batches and makes STAIG a method for single batch only. In summary, I do not think authors

fully address my concern about STAIG’s effectiveness in batch integration, at least theoretically.

Response: Thank you for your comment. We apologize for not providing a more detailed explanation

in our previous response. In this revision, we have clarified the underlying principles of STAIG's

integration capability from the perspective of latent space analysis.

First, it is important to acknowledge that, even in the theoretical field of computer science, there is

currently no widely accepted explanation for the success of contrastive learning1. In areas like

computer vision, where contrastive learning is more frequently applied, practice often precedes

theory2. Recent findings suggest that contrastive learning frameworks exhibit a certain degree of

generalization, but the source of this generalization, and why positive and negative sample

comparisons at the sample level lead to clustering, is only beginning to be theorized in the context

of contrastive learning for images3. In contrast, theoretical analysis in graph-based contrastive



learning remains limited4. Based on the analysis from Huang et al.3 in the image domain, the reason

for generalization and clustering in sample-level contrastive learning stems from the proximity of

augmented positive samples of the same class in latent space. Inspired by their work, we

investigated the behavior of samples from two cross-platform datasets in the latent space as the

iterations progressed.

The principles behind STAIG’s integration in latent space, along with detailed experimental results,

have been documented in the supplementary materials under the section titled "The principle of

STAIG integration in latent space."(Line 527-600, Fig. S32,S33)

A summarized version of these findings and conclusions has been included in the main text within

the Discussion section (Lines 291-304):

The batch integration capability of STAIG stems from the generalization power of the contrastive

learning framework, enabling the model to extract meaningful information across multiple similar

datasets. While a comprehensive theoretical explanation for why sample-level contrastive learning

leads to effective self-supervised clustering and generalization is still lacking, we investigated this

phenomenon from the perspective of changes in the positions of samples in the latent space.

Specifically, we observed that, in the early stages after dimensionality reduction through GNN and

graph augmentation, the latent space exhibited a directional shift between samples from different

slices due to batch effects. However, the angular differences between samples of different categories

remained consistent across slices. That is, while all samples are initially very close to each other in

the latent space, during each iteration, the contrastive learning at the node level ensures that the

model focuses on the angular differences between categories rather than the differences introduced

by batch effects when processing consecutive slices. This alignment enables samples from the same

category, regardless of the slice, to move in similar directions and distances. In subsequent iterations,

the model increasingly learns and extracts features relevant to category distinctions, further

mitigating the impact of batch effects. Ultimately, samples of the same category, irrespective of their

slice origin, cluster together, leading to embeddings that are largely free from batch effects.

Comment: 3.Graph construction: Admittedly, few existing methods augment graph using H&E image. 

I believe this is due to several reasons: Firstly, Only a limited ST platforms provide H&E image. Using 

gene similarity or proximity is for general applicability, at least better than the ad hoc parameter 0.2 

used in the fixed edge removal in STAIG when H&E image is unavailable. Secondly, H&E image quality 

cannot be guaranteed, with different tissue types appearing similarly in the image. For example, a 

TME microenvironment may encompass many tumor subtypes but appear as a homogeneous tumor. 

Nonetheless, such subtle differences can be detected by gene expression data at the molecular level. 

Therefore, authors need to demonstrate H&E images’ edge over ST data even when the H&E image 

quality is poor. Otherwise, authors need to provide corresponding solutions. 

H&E image utilization: Spatial clustering methods in ST that effectively use the H&E image data are 

not limited. For example, iSTAR and conST are well-known such methods. 



Batch integration: Since authors provide a claim contradictory to their previous claim about the using 

of cross-batch negative samples in the response to my question 2, as well as fail to address my concern 

about STAIG’s batch integration from a theoretical perspective, I am not convinced about authors’

claim “STAIG's unique framework achieves batch integration that prior methods could not”.

Response: Thank you for your comments. We appreciate your thoughtful feedback and would like

to address your concerns regarding graph construction, H&E image utilization, and batch integration

in STAIG.

Regarding graph construction, we want to emphasize that STAIG's approach is not a mutually

exclusive choice between using images, gene similarity, or fixed edge removal. Instead, it offers

flexibility to users based on their specific needs and data availability. Our tests have shown that all

three methods outperform current baselines. To the best of our knowledge, at the time of submission,

few studies had approached ST optimization from the perspective of altering graph structure.

We acknowledge the potential unreliability of image quality, including noise and, as you mentioned,

the inability to distinguish certain regions within tumors through imaging alone. Without prior

knowledge, even experts might struggle to further segment tumors based on images. As a result, we

have always used image features in a limited capacity rather than in a dominant role. Specifically,

we do not incorporate image features directly into the node features but use them as a weighting

factor in edge removal during graph augmentation. The node information remains gene-based. While

images may not enable fine segmentation within a tumor, after our feature extraction process, we

can distinctly identify the overall tumor boundary, which can be crucial in defining major functional

regions. Compared to baselines like GraphST and conST, which do not alter the fixed graph structure,

leveraging the overall boundary information provides an advantage. This approach reduces errors

arising from incorrect neighbor edge aggregation. When the internal tumor regions have similar

image characteristics, the removal probability between nodes becomes similar (like a type of fixed

edge removal), effectively returning to a gene-level contrast for finer segmentation within the tumor.

It's important to note that even in traditional image processing, no single unsupervised algorithm can

handle all types of images perfectly. Our method has shown broad effectiveness in our test

experiments. The Visium platform provides images with consistent format and size, generally

ensuring adequate quality. In cases where image quality is poor, users can opt for gene similarity-

based clustering.

Regarding H&E image utilization, while conST's ViT-pretrained model demonstrated poor feature

extraction results in brain regions (as shown in Fig. 3a-c) and significant discrepancies in cancer

tissue contours compared to manual annotations, it raises questions about whether such image

extraction quality can genuinely improve the final results. iSTAR is an excellent work that utilizes ViT

for self-training, feature extraction, and segmentation, published on January 2, 2024. However, it

was not publicly available during the development of STAIG. Additionally, our approach differs from

theirs. We base our method on the ResNet framework, which requires fewer parameters and lower



hardware specifications compared to ViT, and can self-train on a single image without needing

additional datasets. The goals of our methods also differ. This distinction does not undermine the

innovation of our approach; rather, it highlights the potential for various image processing methods

to inspire future researchers to explore new avenues.

Concerning batch integration, we appreciate your concern and have responded this in the previous

comment.

Comment: 3. Thanks for the authors’ detailed explanation about their choice of these

hyperparameters, though I am a little surprised when reading authors’ response “Regarding the

adjustment of edge removal probabilities. Initially, we did not perform sensitivity testing for the

parameter p during our early experiments.”. Given the key role of p in the absence of H&E image for

most ST platforms, the lack of sensitivity test leaves the choice of 0.3 in the initial submission purely

based on speculation, not even on less rigorous empirical sensitivity test, let alone solid theoretical

foundation.

Response: Thank you for your comment. Thank you for your comment. We sincerely apologize for

the shortcomings in our initial work. We greatly appreciate the suggestions from you and the other

reviewers, which have prompted us to conduct additional experiments to address the areas that were

previously overlooked. As a result, we have now included sensitivity testing for the parameters,

making the current version of STAIG significantly more robust and stable compared to the initial

submission.

Comment: 4. Since the authors have removed the DS filtering in scenarios involving images from 

difference slices, corresponding results should be updated to reflect this change. For example, if Fig.7 

involves DS filtering in the previous version, its results need to be updated. 

Response: Thank you for your comments. In the previous version, we made the necessary

adjustments for experiments involving multiple slices. Regarding Fig. 7, the results were based on

experiments conducted on individual slices and did not involve integration analysis. We have

carefully reviewed the figure and confirmed that no updates are required for this figure. In the

previous version, all tasks involving multiple slices were addressed in Fig. 3 and the corresponding

supplementary materials, and we have already made the necessary updates for these sections.

Comment: 5. The authors fail to understand my concern. Please see the simple math below: 

W=log\left(D^{img}\right)\rightarrow 

e^{W_{i,j}}=e^{log\left(D_{i,j}\right)}=D_{i,j}\rightarrow 

P_{i,j}=\frac{D_{i,j}}{\sum D_{i,k}A_{i,k}} 

Response: Thank you for your comment. We apologize for misunderstanding your concern in our

previous response. We appreciate you pointing out the issue with our formula. We have made the

necessary corrections in the corresponding section, and we have also further optimized the code to

reflect these changes. The specific modifications can be found in Lines 415-419.
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Response to Reviewer #2:

Comment: I appreciate the authors' efforts in addressing my previous questions. The clarity of the 

manuscript has significantly improved. Following the recommendation of reviewer 1, I attempted to 

install and run the software as an end user. I am glad to report that the obtained results were nearly 

identical to those presented in the manuscript when executed on a local server equipped with A100 

GPUs. 

Response: Thank you for your valuable comments. We greatly appreciate you taking the time to

validate our experimental results.

Comment: I have one remaining request concerning the newly-added ablation experiments on batch 

integration. Typically, batch correction carries the risk of over-correction, which may result in the 

removal of genuine biological signals. Therefore, in addition to the iLISI and batchKL metrics that 

quantify the extent of batch mixing, I suggest that the authors also report metrics related to the 

preservation of biological signals in these ablation tests (such as NMI and ARI), as is already included 

in previous parts of the manuscript. 

Response: Thank you for your valuable comments. In this round of revisions, we have added metrics

related to the preservation of biological signals during the ablation experiments. Specifically, for the

DLPFC dataset, we have included ARI and NMI metrics. For cross-platform dataset integration, we

have supplemented the analysis with SC and DB indices. The corresponding results can be found in

Supplementary Materials, Figures S30 and S31.

From these metrics, we observe that under the STAIG framework, ARI and NMI remain robust,

indicating that the integration process does not compromise the preservation of meaningful biological

information. In contrast, the DGI framework not only exhibits inferior integration capabilities but also

results in embeddings that lose valuable biological information, leading to lower ARI and NMI scores.

The SC and DB metrics for cross-platform integration similarly reflect this trend. Additionally, in the

ablation study involving random gene masking, we found that random gene masking enhances the

effectiveness of the final embeddings produced by the model. Overall, the effectiveness of biological

signal preservation aligns closely with the integration capability, demonstrating that STAIG can

achieve strong integration while maintaining high clustering performance.

The specific changes are detailed in the Supplementary Materials section "Ablation studies for

integration" (Lines 435-502) and in Supplementary Figures S30a-i and S31a-c.



NCOMMS-24-00513D 

STAIG: Spatial Transcriptomics Analysis via Image-Aided Graph Contrastive Learning 

for Domain Exploration and Alignment-Free Integration 

Q]hUc QUb[( QUb[ ;i]( P]b RYb[( QiVc R\Ub[( EUfh]b DcnU( Kib[)Bccb HUf_( CYbhU FU_U]

Response to Reviewer #1:

Comment: ,* L]aY ;cghg UbX @UfXkUfY ;cbZ][ifUh]cbg5 O\]`Y h\Y Uih\cfg \UjY UXXfYggYX h\Y

ghUV]`]hm WcbWYfb h\fci[\ hYgh]b[( A kci`X `]_Y hc gYY h\Y ]bWiffYX h]aY Wcghg* KdYW]Z]WU``m( h\Y Uih\cfg

g\ci`X fYdcfh KL9A?pg fibb]b[ h]aY ]b a]bihYg( fY`Uh]jY hc h\Y biaVYf cZ XUhUgYhg UbX hchU` biaVYf

cZ gdchg( U`cb[ k]h\ h\Y \UfXkUfY WcbZ][ifUh]cbg cZ h\Y hYgh Ybj]fcbaYbh*

Response: L\Ub_ mci Zcf mcif WcaaYbh* >c``ck]b[ mcif gi[[Ygh]cb( kY \UjY XYgWf]VYX cif

\UfXkUfY WcbZ][ifUh]cbg ]b D]bYg 0..)0./ cZ h\Y aU]b hYlh5

KL9A? kUg hYghYX cb Ub FNA<A9 9,++ ?HM ]bghU``YX ]b U D]bil gmghYa k]h\ Ub 9E< =HQ; 22/-

;HM UbX 1/?: cZ aYacfm* <YhU]`YX fibh]aY Wcghg UfY dfcj]XYX ]b Kidd`YaYbhUfm LUV`Y K.*

9XX]h]cbU``m( kY \UjY fYdcfhYX h\Y fibb]b[ h]aYg ]b LUV`Y K. cZ h\Y gidd`YaYbhUfm aUhYf]U`g

&gidd`YaYbhUfm aUhYf]U`g D]bY 2--'*

Comment: -* :UhW\ AbhY[fUh]cb ;`Uf]hm5 A fYaU]b ibW`YUf UVcih h\Y VUhW\ ]bhY[fUh]cb dfcWYgg*

KdYW]Z]WU``m( XcYg Ubm ]bZcfaUh]cb YlW\Ub[Y cWWif VYhkYYb VUhW\Yg Xif]b[ KL9A?pg VUhW\ U`][baYbh8

AZ gc( \ck ]g h\]g YlW\Ub[Y UW\]YjYX k]h\cih ]bhYfUWh]cbg VYhkYYb XUhUgYh)gdYW]Z]W UX^UWYbWm

aUhf]WYg ]b h\Y 3 aUhf]l UbX Wfcgg)gUad`Y bY[Uh]jY gUad`Yg8 9XX]h]cbU``m( A gYY_ W`Uf]Z]WUh]cb cb h\Y

X]ZZYfYbWY VYhkYYb ig]b[ Ub U[[fY[UhYX 3 aUhf]l &g]a]`Uf hc k\c`Y VUhW\ hfU]b]b[' jYfgig hfU]b]b[

YUW\ XUhUgYh gYdUfUhY`m k]h\ h\Y]f ckb UX^UWYbWm aUhf]WYg &U_]b hc a]b])VUhW\ hfU]b]b['* A kci`X

UddfYW]UhY ]h ]Z h\Y Uih\cfg Wci`X Yld`U]b h\]g X]gh]bWh]cb ig]b[ ghfU][\hZcfkUfX aUh\YaUh]WU` `Ub[iU[Y*

Response: L\Ub_ mci Zcf mcif WcaaYbhg* <if]b[ VUhW\ ]bhY[fUh]cb( ]bZcfaUh]cb YlW\Ub[Y cWWifg

h\fci[\ h\Y idXUh]b[ cZ g\UfYX bYifU` bYhkcf_ dUfUaYhYfg* FchUV`m( VUhW\ ]bhY[fUh]cb XcYg bch

bYWYggUf]`m fYei]fY YghUV`]g\]b[ X]fYWh WcbbYWh]cbg cf dfcl]a]hm VYhkYYb bcXYg Zfca X]ZZYfYbh g`]WYg

hc UW\]YjY ]bhY[fUh]cb* :UgYX cb cif dfYj]cig cVgYfjUh]cbg ]b h\Y YaVYXX]b[ gdUWY( h\]g ]bhY[fUh]cb

WUdUV]`]hm ghYag Zfca h\Y ?;F acXY`%g [YbYfU`]nUh]cb UV]`]hm hc `YUfb Wcaacb aUdd]b[ dUhhYfbg* 9h

h\Y VY[]bb]b[ cZ ]hYfUh]cb( bcXYg Zfca X]ZZYfYbh g`]WYg UfY ]b]h]U``m W`ighYfYX hc[Yh\Yf ]b h\Y `UhYbh gdUWY*

L\fci[\ gY`Z)gidYfj]gYX `YUfb]b[( h\Y acXY` [fUXiU``m acjYg bcXYg cZ h\Y gUaY WUhY[cfm Zfca

X]ZZYfYbh g`]WYg ]b h\Y gUaY X]fYWh]cb( h\YfYVm UW\]Yj]b[ ]bhY[fUh]cb UbX W`ighYf]b[*

JYj]YkYf - ZcibX cif Yld`UbUh]cb fYUgcbUV`Y UbX gi[[YghYX hYgh]b[ ]bhY[fUh]cb WUdUV]`]hm `]a]hg

ig]b[ gmbh\Yg]nYX XUhU k]h\ ]bWfYaYbhU``m ]bWfYUg]b[ VUhW\ YZZYWhg* >c``ck]b[ h\Y]f gi[[Ygh]cb( kY

igYX h\Y gW<Yg][b.S,T aYh\cX hc Ufh]Z]W]U``m WfYUhY VUhW\ YZZYWhg cZ jUfm]b[ aU[b]hiXYg Vm UX^igh]b[

h\Y [YbY :9L;@ aUf[]bU` VYhkYYb g`]WYg* Mg]b[ gW<Yg][b.( kY XYhYfa]bYX h\Uh h\Y aUf[]bU`



X]ghf]Vih]cbg VYhkYYb X]ZZYfYbh Xcbcfg% <DH>; XUhUgYhg &,0,0+2 UbX ,0,120' Uddfcl]aUhYX U

bcfaU` X]ghf]Vih]cb k]h\ aYUb7+*,- UbX K<7+*-.* OY [fUXiU``m ]bWfYUgYX h\YgY aYUb UbX K<

jU`iYg ]b cif YldYf]aYbhg* L\Y fYgi`hg g\ckYX h\Uh VUhW\ YZZYWhg Wci`X VY YZZYWh]jY`m Y`]a]bUhYX k\Yb

aYUbo+*0 UbX K<6+*3* 9h aYUb7+*3( VUhW\ YZZYWhg Wci`X VY kY``)Y`]a]bUhYX k\Yb K<6+*-* L\YgY

hYgh fYgi`hg XYacbghfUhY h\Uh cif WiffYbh acXY` WUb ]bhY[fUhY VUhW\ YZZYWhg UWfcgg U k]XY fUb[Y*

>ifh\YfacfY( igYfg WUb dfY)YjU`iUhY VUhW\ YZZYWhg VYhkYYb g`]WYg ig]b[ gW<Yg][b.( Ybgif]b[ h\Uh

]bhY[fUh]cb ]g bch dYfZcfaYX V`]bX`m*

JY[UfX]b[ mcif gYWcbX eiYgh]cb UVcih h\Y X]ZZYfYbWY VYhkYYb k\c`Y VUhW\ UbX gYdUfUhY hfU]b]b[5

>cf k\c`Y VUhW\ hfU]b]b[( h\Y ?;F WcadihUh]cb Zcfai`U ]g5

/ H 2I.10J*

k\YfY . ]g h\Y aYf[YX UX^UWYbWm aUhf]l( 1 ]g h\Y ]bdih XUhU( 0 fYdfYgYbhg h\Y ?;F dUfUaYhYfg(

UbX 2 ]g h\Y UWh]jUh]cb ZibWh]cb*

>cf gYdUfUhY hfU]b]b[( h\Y ?;F WcadihUh]cb Zcfai`Ug UfY5

/4 H 2I.41404J* /5 H 2I.51505J*

k\YfY .4( .5 UfY UX^UWYbWm aUhf]WYg Zcf h\Y hkc XUhUgYhg( 14( 15 UfY h\Y]f fYgdYWh]jY ]bdih XUhU(

04 UbX 05( UfY ]bXYdYbXYbh ?;F dUfUaYhYfg( UbX 2 ]g h\Y UWh]jUh]cb ZibWh]cb*

>fca U Zcfai`U]W dYfgdYWh]jY( h\Y X]gh]bWh]cb VYhkYYb k\c`Y VUhW\ UbX gYdUfUhY hfU]b]b[ `]Yg ]b h\Y

]hYfUh]cb dfcWYgg* Ab k\c`Y VUhW\ hfU]b]b[( h\Y `cgg ]g WU`Wi`UhYX Ug h\Y UjYfU[Y cZ U`` dc]bhg UWfcgg

U`` g`]WYg( k]h\ 0%g [fUX]Ybh idXUhYg WcadihYX VUgYX cb h\Y hchU` `cgg* Ab gYdUfUhY hfU]b]b[( 04 UbX

05 UfY idXUhYX ]bXYdYbXYbh`m( k]h\ YUW\ VUW_kUfX [fUX]Ybh WU`Wi`UhYX VUgYX cb h\Y `cgg Zfca

WcffYgdcbX]b[ g`]WY bcXYg* L\]g dfcWYgg Uad`]Z]Yg X]ZZYfYbWYg Xif]b[ ]hYfUh]cb( WUig]b[ bcXYg Zfca

X]ZZYfYbh g`]WYg hc aUd hc X]gh]bWh `cWUh]cbg ]b h\Y `UhYbh gdUWY*

9WWcfX]b[ hc @i Yh U`*%g fYgYUfW\S-T( a]b])VUhW\ dYfZcfaUbWY ]g ]bZYf]cf hc k\c`Y VUhW\ hfU]b]b[*

9XX]h]cbU``m( h\Y]f YldYf]aYbhg ]bjc`j]b[ XUhUgYh X]j]g]cb ]bhc hfU]b]b[ UbX hYgh gYhg Zcf ?;F hfU]b]b[

fYjYU`YX h\Uh hYgh gYh dc]bhg X]X bch Wcad`YhY`m U`][b k]h\ hfU]b]b[ gYh dc]bhg ]b ME9H j]giU`]nUh]cb(

Zifh\Yf XYacbghfUh]b[ h\Y ]adcfhUbWY cZ g\UfYX dUfUaYhYfg*

Lc Zifh\Yf jU`]XUhY h\YgY Z]bX]b[g( kY WcbXiWhYX Wfcgg)d`UhZcfa g`]WY ]bhY[fUh]cb YldYf]aYbhg ibXYf

Zcif gWYbUf]cg5 >]fgh( k\c`Y VUhW\ hfU]b]b[* KYWcbX( hfU]b]b[ ig]b[ h\Y KhYfYc)gYe d`UhZcfa acXY` UbX

[YbYfUh]b[ YaVYXX]b[g Zcf Vch\ KhYfYc)gYe UbX g`]XY)gYeN- d`UhZcfa XUhUgYhg* L\]fX( gYeiYbh]U`

hfU]b]b[ ) Z]fgh k]h\ h\Y KhYfYc)gYe d`UhZcfa XUhUgYh( Zc``ckYX Vm h\Y g`]XY)gYeN- d`UhZcfa XUhUgYh*

>cifh\( U`hYfbUh]b[ hfU]b]b[ VYhkYYb KhYfYc)gYe UbX g`]XY)gYeN- d`UhZcfa XUhUgYhg &gk]hW\]b[ YjYfm

YdcW\'*



L\Y ME9H j]giU`]nUh]cb fYgi`hg UfY dfYgYbhYX ]b Kidd`YaYbhUfm >][ifY K./U* L\Y fYgi`hg W`YUf`m

XYacbghfUhY h\Uh cb`m k\c`Y VUhW\ hfU]b]b[ YbgifYg dfcdYf g`]WY ]bhY[fUh]cb* 9`hYfbUh]b[ hfU]b]b[ fUb_g

gYWcbX ]b dYfZcfaUbWY( h\ci[\ ]hg K; UbX <: aYhf]Wg UfY giVcdh]aU`* L\Y ch\Yf hkc UddfcUW\Yg ZU]`

hc UW\]YjY ]bhY[fUh]cb( Yl\]V]h]b[ \][\ :UhW\CD jU`iYg UbX jYfm `ck ]DAKA gWcfYg*

OY \UjY UXXYX h\]g gYWh]cb hc >][* K./U UbX `]bYg 1//)120 cZ h\Y Kidd`YaYbhUfm EUhYf]U` UbX hc

D]bYg .,+).,. cZ h\Y aU]b hYlh*

Comment:

Response: L\Ub_ mci Zcf mcif WcaaYbhg* >c``ck]b[ mcif gi[[Ygh]cb( kY \UjY UXXYX W]hUh]cbg Zcf

U`` h\Y aYh\cXg mci aYbh]cbYX ]b h\Y aU]b hYlh &D]bYg .04).11' UbX ]ad`YaYbhYX h\YgY Zcif [YbY

gY`YWh]cb aYh\cXg ]b cif WcXY* ;cbg]XYf]b[ Hmh\cb Ybj]fcbaYbh WcadUh]V]`]hm( kY W\cgY

aYUb*jUf*d`ch( k\]W\ ]g U`gc Ub Yad]f]WU` X]ghf]Vih]cb)VUgYX aYh\cX( Ug Ub U`hYfbUh]jY Zcf gY`YWh]b[

\][\`m jUf]UV`Y [YbYg* L\Y XYhU]`YX ]ad`YaYbhUh]cb aYh\cXg UbX dYfZcfaUbWY YjU`iUh]cb WUb VY

ZcibX ]b h\Y gidd`YaYbhUfm aUhYf]U`g( D]bYg 123)140*

Reference

S,T Kcb[ <( OUb[ I( QUb ?( Yh U`* gW<Yg][b. [YbYfUhYg fYU`]gh]W ]b g]`]Wc XUhU Zcf ai`h]acXU` g]b[`Y)WY`` UbX gdUh]U`

ca]WgSBT* FUhifY :]chYW\bc`c[m( -+-/( /-&-'5 -/2)-0-*

S-T @i O( >Ym E( R]hb]_ E( Yh U`* GdYb [fUd\ VYbW\aUf_5 <UhUgYhg Zcf aUW\]bY `YUfb]b[ cb [fUd\gSBT* 9XjUbWYg ]b



bYifU` ]bZcfaUh]cb dfcWYgg]b[ gmghYag( -+-+( ..5 --,,3)--,..*



Response to Reviewer #2:

Comment: The authors' rationale that model generalizability is the key to its batch correction 

capability makes sense. The challenge of batch effects in many existing embedding techniques (e.g., 

PCA or VAE) stems from their requirement to reconstruct the original expression data, thereby 

preserving any major data variation in the embeddings, including batch effects. Common strategy to 

mitigate this issue include incorporating "batch" as a covariate in the embedding process, allowing 

batch variation to be explained away[1], and explicitly pulling batches together with cross-batch 

anchors[2]. Alternatively, eliminating the need for embeddings to reconstruct the entire expression 

profile offers a third solution. Early attempts using supervised classification[3] or STAIG's use of self-

supervised contrastive learning fall into this category. By eliminating the data reconstruction 

requirement, embeddings are less inclined to retain batch variations, and more likely to use up all 

explanation power for capturing within-batch variations, which leads to integration when combined 

with generalizability across batches. 

Nevertheless, the absence of a theoretical guarantee means that the effectiveness of STAIG in batch 

correction could vary, particularly as "generalizability" of deep learning models can be unstable, and 

really depends on the extent of distribution shift between batches. It is conceivable that STAIG's 

batch correction capabilities might falter as batch effects intensify beyond a certain generalizable 

limit. Demonstrating this through synthetic augmentation of batch effects between slices could help 

identify STAIG's operational limits, and provide valuable guidelines for users regarding the reliability 

of STAIG in batch effect correction under varying conditions. 

L\Ub_ mci Zcf mcif jU`iUV`Y WcaaYbhg* >c``ck]b[ mcif gi[[Ygh]cb( kY ih]`]nYX h\Y

gW<Yg][b. hcc` hc g]ai`UhY UbX [YbYfUhY gdUh]U` hfUbgWf]dhca]Wg XUhU* K]bWY gW<Yg][b. ]g cbY cZ h\Y

ZYk hcc`g h\Uh aYYh cif hYgh]b[ fYei]fYaYbhg UbX WUb gdYW]Z]WU``m [YbYfUhY g]ai`UhYX XUhU Zcf h\Y

N]g]ia d`UhZcfa( kY ZcWigYX cif hYghg cb h\]g d`UhZcfa* OY hYghYX KL9A?%g ]bhY[fUh]cb WUdUV]`]hm Vm

Ufh]Z]W]U``m UX^igh]b[ VUhW\ YZZYWhg* L\Y XYhU]`YX WcbhYbh WUb VY ZcibX ]b gidd`YaYbhUfm aUhYf]U`g

D]bYg 142)2,, UbX LUV`Y K/5

L\Y ]bhY[fUh]cb WUdUW]hm cZ KL9A? ghYag Zfca ]hg ghfcb[ [YbYfU`]nUh]cb WUdUV]`]hm* Lc Zifh\Yf YlUa]bY

h\Y `]a]hg cZ KL9A?pg ]bhY[fUh]cb dYfZcfaUbWY( kY igYX gW<Yg][b.S,T hc Ufh]Z]W]U``m acX]Zm VUhW\ YZZYWhg

]b h\Y XUhU( U``ck]b[ ig hc gmghYaUh]WU``m Yld`cfY h\Y acXY`%g ]bhY[fUh]cb h\fYg\c`X*

KdYW]Z]WU``m( kY Udd`]YX gW<Yg][b. hc XUhU Zfca hkc Xcbcfg &$,0,0+2 UbX $,0,120' ]b h\Y <DH>;

XUhUgYh* Ab]h]U``m( kY aYUgifYX h\Y cf][]bU` VUhW\ aUf[]bU` X]ghf]Vih]cb &Kidd`YaYbhUfm >][* K./W'(

Uddfcl]aUhYX U bcfaU` X]ghf]Vih]cb k]h\ U aYUb cZ +*,- UbX Ub K< cZ +*-.* OY h\Yb g]ai`UhYX

XUhUgYhg k]h\ gdYW]Z]YX VUhW\ YZZYWh ]bhYbg]h]Yg Vm jUfm]b[ h\Y aYUb UbX K< jU`iYg* L\Y aYUb jU`iYg

igYX kYfY +*,( +*.( +*0( UbX +*3( k\]`Y h\Y K< jU`iYg kYfY gYh hc +*-( +*0( UbX +*3* KL9A?pg

]bhY[fUh]cb WUdUV]`]hm kUg hYghYX cb YUW\ WcaV]bUh]cb* L\Y fYgi`hg UfY dfYgYbhYX ]b Kidd`YaYbhUfm

LUV`Y K/( k]h\ ME9H j]giU`]nUh]cbg cZ gY`YWhYX WcaV]bUh]cbg g\ckb ]b Kidd`YaYbhUfm >][* K./X*

:UgYX cb dfYj]cig ]bhY[fUh]cb aYhf]Wg( kY gYh h\Y giWWYgg h\fYg\c`Xg Zcf ]bhY[fUh]cb Uh U :UhW\CD

VY`ck +*0 UbX ]DAKA UVcjY ,*0* 9g g\ckb ]b h\Y hUV`Y( k\Yb h\Y aYUb ]g VY`ck +*.( KL9A? UW\]YjYg

[ccX ]bhY[fUh]cb UWfcgg U`` K< jU`iYg* >cf aYUb jU`iYg cZ +*0( ]bhY[fUh]cb fYaU]bg YZZYWh]jY k]h\ K<g



VY`ck +*0( k\]`Y Zcf U aYUb cZ +*3( ]bhY[fUh]cb ]g gh]`` YZZYWh]jY k\Yb K< ]g +*-*

L\YgY fYgi`hg XYacbghfUhY h\Uh KL9A? aU]bhU]bg U \][\ ]bhY[fUh]cb WUdUW]hm YjYb ibXYf giVghUbh]U`

VUhW\ YZZYWhg* MgYfg WUb Udd`m gW<Yg][b. hc hYgh k\Yh\Yf h\Y VUhW\ YZZYWhg ]b h\Y]f XUhU ZU`` k]h\]b

KL9A?pg YZZYWh]jY fUb[Y( \Y`d]b[ YbgifY cdh]aU` Udd`]WUh]cb cZ h\Y acXY`*

9XX]h]cbU``m( kY \UjY giaaUf]nYX h\YgY fYgi`hg ]b h\Y aU]b hYlh &D]bYg .+1).,+'5

OY Zifh\Yf YjU`iUhYX ]bhY[fUh]cb WUdUV]`]h]Yg cZ KL9A? Vm ih]`]n]b[ gW<Yg][b. hc [YbYfUhY g]ai`UhYX
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