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Reviewer 1

Were you able to assess all statistics in the manuscript, including the appropriateness of statistical tests used? Yes

Comments to author:

This manuscript presents a comprehensive evaluation of 16 different loss functions for single-cell integration using deep learning models. It not only addresses a critical gap in the proper evaluation of intra-cell-type information preservation, which is often overlooked in existing benchmarking metrics, but also proposes a correlation-based loss function to address this issue and extends the single-cell integration benchmarking (scIB-E) framework accordingly.

I find the manuscript to be of very high quality: it is clearly written, scientifically rigorous, and well-structured. The study is thoughtfully designed, the results are compelling and well-supported by data, and the figures are clear and enhance the presentation significantly. The discussion offers valuable insight into the broader implications of the findings and commendably acknowledges the limitations of the proposed framework—specifically, that intra-cell-type signals can still be confounded by unwanted sources of variation and noise.

I particularly appreciated the step-by-step explanation using a multi-layer annotated single-cell lung atlas dataset to illustrate why current bio-conservation metrics fall short in capturing intra-cell-type information. This added depth and clarity to the rationale behind the proposed methodological improvements.

I have no major concerns or suggestions for improvement. In my view, the manuscript is ready for publication in its current form. Congratulations to the authors on an excellent piece of work.


Reviewer 2

Were you able to assess all statistics in the manuscript, including the appropriateness of statistical tests used? Yes



Comments to author:
This paper aims to benchmark existing deep learning approaches for biologically conserved single cell integration. Specifically, the authors have benchmarked 16 integration methods using a unified autoencoder framework as well as incorporating batch and cell-type information. They have additionally introduced some interesting benchmarking metrics hopefully to capture biological conservation. This paper is interesting, however, there are some major concerns that should be addressed to enhance its quality.

1. There have already been numerous benchmarking articles [1-3] published in multiple journals. It is unclear what unique contributions this manuscript would bring to the research community. This should be seriously and clearly addressed as it would dampen the enthusiasm of readers to check this manuscript.
[1] https://www.nature.com/articles/s41592-021-01336-8
[2] https://academic.oup.com/bib/article/25/2/bbae095/7630478
[3] https://genomebiology.biomedcentral.com/articles/10.1186/s13059-019-1850-9

2. By default, single cell integration and batch effect correction during integration require the balance between batch effect correction and preserving biological signals. It is nothing new to have some metrics to measure the biological signal conservation. To this end, the authors should justify why their proposed loss function and benchmarking metrics would better measure the biological signal preservation. Right now, it is unclear.

3. Large-scale integration for single cell analysis remains an interesting yet not-fully-explored topic. The authors should explore this specific field to justify whether their benchmarking metrics would be better in evaluating in this field. Specifically, there are multiple cases for large-scale single cell integration, including large number of data sources of single cell data to integrate, large-scale number of single cells to integrate, etc.

4. The authors claimed to have used a three-level methods to measure single cell integration, including Level 1 (batch label), Level 2 (cell type label), and Level 3 (batch label and cell type label). However, it is not clear how the Level 3 is different from Level 1 and Level 2.

Reviewer 3

Were you able to assess all statistics in the manuscript, including the appropriateness of statistical tests used? Yes



Comments to author:
General assessment:
This manuscript systematically reviews and extends loss function design and benchmarking strategies for deep learning-based single-cell data integration. The authors introduce a novel correlation-based loss and finer-grained evaluation metrics (scIB-E), aiming to address the inability of existing metrics to adequately assess subtype or local biological diversity preservation. Overall, the study is well-organized, with comprehensive data, methods, and open-source code. It offers value as a resource for the field.

Major strengths
1. Systematic benchmarking and reproducibility: The authors conduct a large-scale, unified benchmarking of 16 integration methods and loss combinations. The workflow is clear, code is open-sourced, and the work provides a solid foundation for comparative studies and further method development.
2. Innovative methods and metrics:
	The study extends scIB by introducing metrics such as PCR comparison and Jaccard Index, which assess the preservation of local topological structures and better capture intra-cell-type diversity.
	The proposed Corr-MSE loss imposes direct topological constraints on cell embeddings, offering a promising strategy for preserving diversity in unlabeled or weakly labelled scenarios.
3. Validation across multiple datasets and annotation levels: The experiments cover several public datasets and multi-level cell annotations, with robust and comprehensive results.

Major weaknesses and suggestions for improvement
1. Unclear loss function combination:
The methods section lists multiple loss functions but lacks a systematic explanation of how they are combined or weighted. Although Ray Tune is mentioned for hyperparameter optimization, I recommend that the authors provide a brief description of the actual loss function formulation, including how the different loss terms are aggregated, weighted, and optimized in practice, as well as the rationale or procedure for parameter selection.
2. Insufficient explanation of metric aggregation and weighting:
While various metrics are introduced, the manuscript does not detail how overall performance scores are computed or how weights are determined. Please supplement with explicit details and rationale for metric aggregation.
3. Methodological clarity:
The methods section is somewhat a collection of functions and metrics. Please organize the methodological framework logically, clearly highlighting what is novel in this study versus what is based on previous work.
4. Precision in notation and formula definitions:
For example, in the PCR comparison metrics, the definitions of C and V are not clear, and there is ambiguity between the meanings of  Var on either side of the equations. Please rigorously define all core symbols and formulas to ensure consistency and clarity throughout.
5. Discussion of metric balance and integration is lacking:
While preserving local structure is an effective regularization against over-integration, overemphasis may also result in subtype batch effects within cell types. Please discuss in detail how multiple metrics are balanced and how optimal trade-offs are achieved in practice.
6. Limited biological validation and downstream application:
Current validation mainly focuses on structural/statistical metrics, with limited demonstration of biological discovery. Please supplement with analyses in more realistic settings (e.g., multi-sample, multi-condition, or disease-related datasets) and demonstrate the retention of rare or disease-specific subpopulations and downstream functional gene and pathway signals, to enhance the practical value of the metrics.
7. On the risk of label leakage (for discussion, not limited to this study):
Incorporating cell type labels during integration poses the risk of information leakage. When label supervision is used for model training and label-related metrics are then used for evaluation, it may inflate performance scores while reducing generalizability. Please discuss this risk and clarify the applicable boundaries for such approaches.

Overall, the study is well-motivated and potentially valuable, but it requires additional detail and scientific rigor to strengthen its academic contribution. Greater clarity regarding loss and metric aggregation, rigorous notation and formula definitions, further biological validation, and a comprehensive discussion of methodological boundaries and risks would substantially enhance the manuscript.
Authors Response

Point-by-Point Responses to Reviewers’ Comments
We would like to thank all the reviewers for their positive evaluations and valuable comments, as well as the editorial board of Genome Biology for their constructive and favorable editorial assistance. We have revised our manuscript based on these comments and have responded to the reviewers’ comments point-by-point below. The comments from the reviewers are shown in blue italics, and our responses are shown in black regular. 

Response to Reviewer #1:
[bookmark: OLE_LINK69]Reviewer #1:
This manuscript presents a comprehensive evaluation of 16 different loss functions for single-cell integration using deep learning models. It not only addresses a critical gap in the proper evaluation of intra-cell-type information preservation, which is often overlooked in existing benchmarking metrics, but also proposes a correlation-based loss function to address this issue and extends the single-cell integration benchmarking (scIB-E) framework accordingly.

I find the manuscript to be of very high quality: it is clearly written, scientifically rigorous, and well-structured. The study is thoughtfully designed, the results are compelling and well-supported by data, and the figures are clear and enhance the presentation significantly. The discussion offers valuable insight into the broader implications of the findings and commendably acknowledges the limitations of the proposed framework—specifically, that intra-cell-type signals can still be confounded by unwanted sources of variation and noise.

I particularly appreciated the step-by-step explanation using a multi-layer annotated single-cell lung atlas dataset to illustrate why current bio-conservation metrics fall short in capturing intra-cell-type information. This added depth and clarity to the rationale behind the proposed methodological improvements.

I have no major concerns or suggestions for improvement. In my view, the manuscript is ready for publication in its current form. Congratulations to the authors on an excellent piece of work.

[bookmark: OLE_LINK180]Response-1: We sincerely thank Reviewer #1 for their positive and encouraging feedback. We are particularly grateful for their recognition of our work's key contributions, including the focus on intra-cell-type information and the extension of the scIB-E framework. Their supportive assessment is greatly appreciated.

Response to Reviewer #2:
Reviewer #2:
This paper aims to benchmark existing deep learning approaches for biologically conserved single cell integration. Specifically, the authors have benchmarked 16 integration methods using a unified autoencoder framework as well as incorporating batch and cell-type information. They have additionally introduced some interesting benchmarking metrics hopefully to capture biological conservation. This paper is interesting, however, there are some major concerns that should be addressed to enhance its quality.

[bookmark: OLE_LINK70]Response-2: We sincerely thank Reviewer #2 for their thorough and insightful feedback. We appreciate the positive recognition of our work’s interesting aspects and are grateful for the constructive comments, which have been instrumental in helping us enhance the quality and clarity of our manuscript.

[bookmark: OLE_LINK76][bookmark: OLE_LINK77]Comment-1: There have already been numerous benchmarking articles [1-3] published in multiple journals. It is unclear what unique contributions this manuscript would bring to the research community. This should be seriously and clearly addressed as it would dampen the enthusiasm of readers to check this manuscript.
[bookmark: OLE_LINK120][1] https://www.nature.com/articles/s41592-021-01336-8
[2] https://academic.oup.com/bib/article/25/2/bbae095/7630478
[3] https://genomebiology.biomedcentral.com/articles/10.1186/s13059-019-1850-9

Response-2.1: We sincerely thank the reviewer for this critical comment. We agree that the field has benefited greatly from several excellent benchmarking studies, and we appreciate the opportunity to elaborate on the unique contributions of our manuscript that distinguish it from this foundational work.

[bookmark: OLE_LINK119][bookmark: OLE_LINK118]Compared to foundational benchmark studies that compare disparate single-cell integration methods, our study aims to benchmark different informatic loss designs within a common, unified framework. Specifically, we designed and evaluated 16 integration methods based on a variational autoencoder framework. These methods were structured across three distinct levels of information regularization: Level 1 focuses on batch effect removal, Level 2 incorporates cell-type labels for biological conservation, and Level 3 integrates both batch and cell-type information. This systematic approach allows for a direct, horizontal comparison of how distinct loss function combinations impact integration performance, offering a more granular analysis than a comparison of entirely different tools.

Furthermore, this is not a benchmarking-only study. A key contribution is our identification of a new challenge in the field: the preservation of intra-cell-type biological variation, the subtle but significant heterogeneity within a single cell population. Our results revealed that the widely used single-cell integration benchmarking (scIB) framework has limitations in preserving this type of information. We found that existing metrics and methods often fail to adequately capture this intra-cell-type biological conservation. Based on this observation, we have proposed two novel solutions:

· Extended Benchmarking Metrics (scIB-E): We developed an extended version of the scIB metrics, termed scIB-E, which introduces a new category specifically for intra-cell-type biological conservation. This new category incorporates Jaccard and PCR comparison-batch indices to better quantify the preservation of these subtle biological signals.

· A Novel Loss Function (Corr-MSE): We introduced a correlation-based loss function, Correlation Mean Squared Error (Corr-MSE) Loss. This function is designed to better preserve biological signals by maintaining the correlation similarity of single cells within each batch before and after data integration.

Overall, this study is not a repetition of previous benchmarking efforts but a necessary and complementary extension. It systematically dissects the internal mechanics of deep learning integration methods, refines the community’s standard for evaluating biological conservation by addressing the challenge of intra-cell-type variation, and proposes a novel loss function to address this key limitation. These contributions offer deeper insights for current users and provide both theoretical and practical guidance for the development of more advanced integration methods.

[bookmark: OLE_LINK78]Comment-2: By default, single cell integration and batch effect correction during integration require the balance between batch effect correction and preserving biological signals. It is nothing new to have some metrics to measure the biological signal conservation. To this end, the authors should justify why their proposed loss function and benchmarking metrics would better measure the biological signal preservation. Right now, it is unclear.

[bookmark: OLE_LINK79]Response-2.2: We thank the reviewer for this constructive comment. We agree that balancing batch effect correction with the preservation of biological signals is the central challenge in single-cell data integration and that metrics for evaluating biological conservation already exist. Our work addresses this challenge by making a critical, yet often overlooked, distinction between the preservation of inter-cell-type and intra-cell-type biological variation. We have clarified in our revised manuscript how our proposed loss function (Corr-MSE) and benchmarking metrics (scIB-E) are specifically designed to be a superior solution for preserving these fine-grained signals.

A Gap in Standard Metrics: Overlooking Intra-Cell-Type Variation
[bookmark: OLE_LINK80]The evaluation of biological conservation in standard frameworks like scIB predominantly relies on metrics that are heavily dependent on pre-annotated cell-type labels. While these metrics effectively assess inter-cell-type separation, their dependence on predefined labels prevents them from measuring crucial intra-cell-type conservation (the preservation of heterogeneity within a single cell type). Consequently, this approach is unable to capture continuous biological signals like developmental trajectories or the diversity within annotated populations, which can include significant signals from micro-populations or disease-specific subtypes. To empirically validate this limitation, we designed a controlled experiment by systematically intensifying cell-type regularization using the CellSupcon loss. While this led to expected improvements in label-based scIB bio-conservation scores (Fig. 3B, C) , it also produced a contradictory result: the Principal Component Regression (PCR) comparison index, which reflects the extent of batch information removed, consistently decreased as regularization intensified (Fig. 3D). This inverse relationship reveals that a reduction in batch-associated variance corresponds to a loss of underlying biological information (Fig. 3F). Therefore, label-driven integration can create overly homogenous cell clusters, which improves clustering metrics but simultaneously erodes meaningful intra-cell-type heterogeneity.

[bookmark: OLE_LINK81]scIB-E & Corr-MSE: Evaluating and Preserving Intra-Cell-Type Structure
As addressed in Response-2.1, to address the evaluation gap in standard benchmarks, we developed scIB-E, an extended framework that introduces a new category for intra-cell-type bio-conservation. This category uses label-independent metrics, including the Jaccard and PCR comparison-batch indices, to provide a more holistic assessment of biological preservation. To actively preserve this fine-grained structure, we designed the Corr-MSE loss, which maintains cell-to-cell correlation similarity within each batch before and after integration. This approach complements traditional label-driven losses, which primarily improve the preservation of inter-cell-type biological processes in single-cell datasets.

In conclusion, the novelty of our work lies not merely in proposing new tools, but in identifying and systematically addressing the critical challenge of preserving intra-cell-type biological variation. The scIB-E framework offers a more comprehensive evaluation, while the Corr-MSE loss provides a direct mechanism for its preservation.  These contributions provide the research community with a more robust and nuanced toolkit to achieve a superior balance in single-cell data integration.

[bookmark: OLE_LINK82][bookmark: OLE_LINK150]Comment-3: Large-scale integration for single cell analysis remains an interesting yet not-fully-explored topic. The authors should explore this specific field to justify whether their benchmarking metrics would be better in evaluating in this field. Specifically, there are multiple cases for large-scale single cell integration, including large number of data sources of single cell data to integrate, large-scale number of single cells to integrate, etc.

Response-2.3: We thank the reviewer for this insightful comment. Evaluating performance on large-scale, atlas-level datasets is a critical and not-fully-explored challenge, and our framework was specifically designed to address it. Your comment correctly identifies key scenarios, such as integrating a large number of data sources or a large number of cells. A central difficulty in these scenarios is the reliance on broad, common cell labels for integration. This creates an evaluation gap: traditional metrics can confirm the successful mixing of major cell types but fail to detect the loss of fine-grained biological structure (e.g., cell subtypes, continuous trajectories) due to over-correction. Our scIB-E framework directly addresses this gap. Its intra-cell-type bio-conservation metrics are specifically designed to be label-independent. By assessing the local neighborhood structure within broad cell-type clusters, these metrics can quantify the preservation of nuanced biological information that coarse labels completely miss.

We validated this capability on complex datasets that mirror the scenarios you described:
· Human Lung Cell Atlas (HLCA): On this dataset of 584,944 cells from 166 diverse sources, we guided integration using only coarse-level annotations. When evaluating against held-out, fine-grained "ground truth" labels, the scIB-E total score showed a stronger correlation with the preservation of true, high-resolution cell identity compared to the original scIB framework.
· Human Fetal Lung Cell Atlas: Similarly, our analysis demonstrated that higher scores in scIB-E’s intra-cell-type metrics corresponded to the superior preservation of detailed subtype and developmental stage information that was not provided to the integration model.
· Human Breast Cell Atlas (HBCA): In this multi-sample, disease-focused atlas, we evaluated integration across conditions including high-risk BRCA1/2 germline mutations. We showed that the integration method achieving the highest scIB-E score was also powerful in downstream discovery, such as successfully identifying a key multi-compartment signal in BRCA1 carriers involving specific immune (CD8 Tc1, CD8 Trm) and epithelial (BMYO2, LHS1) subpopulations. 

In summary, by quantifying the preservation of critical, fine-grained biological signals independently of the coarse labels used for integration, scIB-E provides a more robust and suitable benchmarking tool for navigating the complexities of large-scale, single-cell data integration.

[bookmark: OLE_LINK84]Comment-4: The authors claimed to have used a three-level methods to measure single cell integration, including Level 1 (batch label), Level 2 (cell type label), and Level 3 (batch label and cell type label). However, it is not clear how the Level 3 is different from Level 1 and Level 2.

Response-2.4: We thank the reviewer for highlighting this point. The fundamental difference between the levels lies in the information used and the optimization objective.
· Level 1 uses only batch labels with the objective of removing batch effects.
· Level 2 uses only cell-type labels to preserve known biological structures.
· Level 3 is a distinct, multi-objective approach that uses both batch and cell-type labels concurrently to simultaneously remove batch effects and preserve biological signals within a single framework.
This makes Level 3 a fundamentally different methodological category. For instance, the Domain class triplet loss we employed is inherently a Level 3 method, as its loss function requires selecting data points based on both their domain (batch) and class (cell type). This conceptual difference translates to distinct performance profiles; our results show that Level 3 methods, particularly the Domain class triplet loss, consistently demonstrate a strong, balanced performance across both batch correction and biological conservation metrics, unlike the more specialized Level 1 and Level 2 methods.

Response to Reviewer #3:
[bookmark: OLE_LINK86]Reviewer #3:
General assessment:
This manuscript systematically reviews and extends loss function design and benchmarking strategies for deep learning-based single-cell data integration. The authors introduce a novel correlation-based loss and finer-grained evaluation metrics (scIB-E), aiming to address the inability of existing metrics to adequately assess subtype or local biological diversity preservation. Overall, the study is well-organized, with comprehensive data, methods, and open-source code. It offers value as a resource for the field.

Major strengths
1. Systematic benchmarking and reproducibility: The authors conduct a large-scale, unified benchmarking of 16 integration methods and loss combinations. The workflow is clear, code is open-sourced, and the work provides a solid foundation for comparative studies and further method development.
2. Innovative methods and metrics:
The study extends scIB by introducing metrics such as PCR comparison and Jaccard Index, which assess the preservation of local topological structures and better capture intra-cell-type diversity.
The proposed Corr-MSE loss imposes direct topological constraints on cell embeddings, offering a promising strategy for preserving diversity in unlabeled or weakly labelled scenarios.
3. Validation across multiple datasets and annotation levels: The experiments cover several public datasets and multi-level cell annotations, with robust and comprehensive results.

Response-3: We thank the reviewer for this constructive and positive feedback. We are very encouraged that they found our study to be well-organized, comprehensive, and a valuable resource for the field. We are especially grateful for their recognition of our contributions in systematic benchmarking, the development of finer-grained evaluation metrics (scIB-E), and the novel Corr-MSE loss function.

[bookmark: OLE_LINK87]Comment-1: Unclear loss function combination:
The methods section lists multiple loss functions but lacks a systematic explanation of how they are combined or weighted. Although Ray Tune is mentioned for hyperparameter optimization, I recommend that the authors provide a brief description of the actual loss function formulation, including how the different loss terms are aggregated, weighted, and optimized in practice, as well as the rationale or procedure for parameter selection.

[bookmark: OLE_LINK85]Response-3.1: We thank the reviewer for this constructive feedback. To enhance the clarity and reproducibility of our methodology, we have revised and expanded the “Model Implementation and Hyperparameter Optimization” subsection (Lines 901-923, Page 43-44).

In this updated section, we now provide:
· The general mathematical formulation for the total loss function, detailing how the primary variational autoencoder (VAE) loss is aggregated with various weighted regularization terms.
· A clear hyperparameter optimization strategy, specifying the framework used (Ray Tune), the benchmark dataset for tuning (immune dataset), and the objective function for determining optimal loss weights (maximization of the overall scIB score).
· The procedure and rationale for parameter selection, including the search space for our grid search. For instance, we now explicitly state that the optimal weight for the CellSupcon loss was determined by balancing the trade-off between inter- and intra-cell-type biological conservation, an analysis supported by our findings in Figure 3.
To ensure a fair and standardized benchmark, these optimized weights were subsequently fixed and applied across all other datasets. For full transparency, the complete list of final hyperparameters for all 16 methods is provided in Additional file 2: Table S2.

[bookmark: OLE_LINK88]Comment-2: Insufficient explanation of metric aggregation and weighting:
While various metrics are introduced, the manuscript does not detail how overall performance scores are computed or how weights are determined. Please supplement with explicit details and rationale for metric aggregation.

Response-3.2: We thank the reviewer for this important comment. We agree that a detailed explanation of metric aggregation is crucial for the transparency of our framework. To address this, we have added a new subsection to the Methods section titled “Performance Score Aggregation” (Lines 925-951, Pages 44-45).

In this new section, we now provide:
· Intra-Category Score Calculation: We clarify that scores within each of the three scIB-E pillars (batch correction, inter-cell-type bio-conservation, and intra-cell-type bio-conservation) are calculated as an unweighted arithmetic mean.
· Overall Score Calculation: We explicitly state that the final scIB-E Total score is a weighted average of the three pillar scores, using weights of 0.2 for batch correction, 0.4 for inter-cell-type conservation, and 0.4 for intra-cell-type conservation.
· Empirical Rationale for Weight Selection: We detail the data-driven procedure used to determine these weights. This involved defining a “gold standard” for biological conservation using the multi-layer annotated HLCA dataset and then performing a constrained, exhaustive search to find the weight combination that maximized the Pearson correlation between the total score and this gold standard (analogous to the analysis in Figure 4E).
This empirical approach ensures our weighting scheme is not arbitrary but is instead optimized to reward methods that best preserve fine-grained biological signals.

[bookmark: OLE_LINK89]Comment-3: Methodological clarity:
The methods section is somewhat a collection of functions and metrics. Please organize the methodological framework logically, clearly highlighting what is novel in this study versus what is based on previous work.

Response-3.3: We thank the reviewer for this crucial comment. We agree that the initial organization of the Methods section could be improved to better distinguish our novel contributions from foundational work. To address this, we have comprehensively restructured the entire Methods section (Lines 531-985, Page 28-47) to present a more logical narrative, guiding the reader from established concepts to our novel contributions.

The revised Methods section is now organized into a clear, hierarchical structure designed to address these points:
1. Establishing Foundational Work: We begin by delineating the established methods our study builds upon. A new introductory section, “A Unified Benchmarking Framework for Single-Cell Integration,” clarifies that our benchmark is built upon the standard Variational Autoencoder (VAE) architecture, using scVI and scANVI as baselines. This clearly establishes the foundational work upon which our study is built.
2. [bookmark: OLE_LINK90][bookmark: OLE_LINK91]Systematizing the Benchmarking Logic: To provide a more structured experimental design, the “Multi-Level Loss Designs for Single-Cell Data Integration” section now systematically groups the 16 benchmarked loss functions into three distinct levels. This approach transforms the previous list of functions into a coherent framework that clarifies the logic behind our comparisons.
3. [bookmark: OLE_LINK92][bookmark: OLE_LINK93]Highlighting Novel Contributions: To clearly distinguish the novel aspects of our study, our two primary methodological contributions are now presented in dedicated, top-level sections. The first, “An Extended Framework for Comprehensive Benchmarking,” details our novel evaluation framework, explicitly describing how it extends the original scIB benchmark by reorganizing existing metrics and introducing the novel intra-cell-type bio-conservation category. The second, “A Correlation-based Loss for Preserving Intra-Batch Structure,” is dedicated to the novel loss function we developed to address this conservation challenge.
4. Consolidating Experimental Methodology: Finally, all practical details concerning the experimental and computational procedures are consolidated in the concluding section, “Benchmarking Implementation and Evaluation.” This section provides a comprehensive description of the benchmark datasets and preprocessing steps; the model implementation and hyperparameter optimization strategy; the data-driven method for performance score aggregation; and the procedures for the downstream biological validation tasks.

We are confident that this revised structure provides the logical clarity requested by the reviewer and effectively distinguishes between the foundational and novel components of our work.

[bookmark: OLE_LINK94]Comment-4: Precision in notation and formula definitions:
For example, in the PCR comparison metrics, the definitions of C and V are not clear, and there is ambiguity between the meanings of Var on either side of the equations. Please rigorously define all core symbols and formulas to ensure consistency and clarity throughout.

Response-3.4: We thank the reviewer for this valuable feedback. We agree that precision in our notations and formulas is crucial. Accordingly, we have performed a comprehensive revision of the Methods section (Lines 531-985, Page 28-47) to address your concerns. 

The main improvements in the revised manuscript are as follows:
1. Strengthened Explanation of Key Metrics: The definitions for the PCR comparison metrics have been rigorously revised. We have explicitly defined core symbols, clarifying  as “the centered data matrix of the dataset under evaluation at a given stage” and  as “the explanatory variable whose effect is being quantified”. Furthermore, the  notation has been disambiguated by detailing its meaning in different contexts (e.g.,  and ) to ensure the formulas are clear.
2. Correction of Key Mathematical Formulas: A thorough review of all equations was conducted, and key formulas, such as the one for GAN loss, have been corrected to ensure their mathematical accuracy and alignment with established standards.
3. Supplementation of Methodological Details: To provide clearer context, we have added important implementation details for several methods, including specifying the exact application of variables within the HSIC and Orthog loss functions.

[bookmark: OLE_LINK129]Comment-5: Discussion of metric balance and integration is lacking:
While preserving local structure is an effective regularization against over-integration, overemphasis may also result in subtype batch effects within cell types. Please discuss in detail how multiple metrics are balanced and how optimal trade-offs are achieved in practice.

Response-3.5: We thank the reviewer for this insightful comment. We concur that a detailed discussion on the trade-off between mitigating technical artifacts and preserving biological heterogeneity is essential. To address this, we have substantially revised our Discussion section (Lines 470-529, Page 25-27).

Our revised discussion now emphasizes that a central challenge is “balancing the removal of technical variation with the preservation of biological heterogeneity”. We note that integration performance is highly dependent on the level of information regularization applied. For example, we discuss how “Stronger regularization, such as the CellSupcon loss, improves biological conservation at inter-cell-type levels but can compromise intra-cell-type information and lead to over-correction.”

To address this trade-off, we propose that carefully calibrated approaches are needed. We demonstrate that combining different loss functions, such as Corr-MSE with CellSupcon, can achieve a more nuanced integration that mitigates batch effects while retaining subtle biological variations. We acknowledge that while we provide optimized hyperparameters, “fixed weights may be insufficient for all integration scenarios”. We conclude that “optimal integration is not achieved by maximizing a single metric but by attaining a favorable balance across multiple factors”.

[bookmark: OLE_LINK148]Comment-6: Limited biological validation and downstream application:
Current validation mainly focuses on structural/statistical metrics, with limited demonstration of biological discovery. Please supplement with analyses in more realistic settings (e.g., multi-sample, multi-condition, or disease-related datasets) and demonstrate the retention of rare or disease-specific subpopulations and downstream functional gene and pathway signals, to enhance the practical value of the metrics.

Response-3.6: We thank the reviewer for this insightful comment regarding the practical application and biological validation of our method. We agree that demonstrating the utility of our framework in a realistic, complex setting is crucial for establishing its value to the research community.

To address this, we have added a new section to the manuscript, “Enhanced biological discovery in a multi-condition breast cancer atlas” (Lines 410-468, Page 22-25), which thoroughly evaluates our method’s performance on a challenging, multi-sample, multi-condition, and disease-related dataset, with the following key results:

Specifically, we addressed the reviewer’s points as follows:
· Validation in a Complex, Disease-Relevant Setting: We applied our method to a multi-condition human breast cell atlas (e.g., age, parity, and high-risk BRCA1/2 mutations) and performed a differential abundance analysis to demonstrate its practical utility.
· [bookmark: OLE_LINK149]Detection of Biologically Important Subpopulations: Our method demonstrated enhanced sensitivity by not only recapitulating the original study’s findings but also uniquely identifying more subtle, condition-specific shifts in cell subpopulations (e.g., within LHS2 and BMYO2 epithelial cells) that were less apparent with baseline integration methods.
· Enhanced Foundation for Functional Discovery: In the context of high-risk BRCA1 and BRCA2 mutations, our method successfully recapitulated the key cross-compartment signals described in the original study. This included identifying the enrichment of specific immune cell subtypes (CD8 Tc1, CD8 Trm) co-occurring with significant changes in distinct epithelial (BMYO2, LHS1, LHS2) and stromal (VEAT) populations.

In summary, this new section demonstrates that the improved quantitative performance of our method has direct practical consequences, enabling more sensitive and reliable biological discovery in complex, real-world datasets. We believe these results substantially strengthen the manuscript and directly address the reviewer’s valid concerns.

[bookmark: OLE_LINK128][bookmark: OLE_LINK117]Comment-7: On the risk of label leakage (for discussion, not limited to this study):
Incorporating cell type labels during integration poses the risk of information leakage. When label supervision is used for model training and label-related metrics are then used for evaluation, it may inflate performance scores while reducing generalizability. Please discuss this risk and clarify the applicable boundaries for such approaches.

[bookmark: OLE_LINK96]Response-3.7: We appreciate the reviewer for raising this critical point regarding the risk of information leakage in supervised integration methods. We agree that this is a crucial consideration and have incorporated a dedicated paragraph in the Discussion (Lines 470-529, Page 25-27) to address it directly.

In the revised manuscript, we state, “It is crucial to acknowledge the potential risk of information leakage when employing supervised or semi-supervised integration strategies that utilize cell-type labels during model training”. We elaborate that using the same labels for both training and evaluation “can lead to artificially inflated scores”. This circular reasoning may produce an embedding that appears well-structured according to the provided annotations but ultimately “lacks generalizability, potentially obscuring novel or unannotated cell states and failing to generalize to datasets with different compositions”.

To address these limitations, we highlight the need for methods that can better separate true biological signals from batch-specific artifacts. We point to potential solutions, such as using “reference-based mapping to integrate a new query dataset into a common atlas-level context”. Additionally, we mention “emerging approaches like contrastiveVI and DA-seq that aim to isolate condition-specific biological signal.” These strategies represent promising directions for overcoming the challenges associated with supervised integration and label dependency.

[bookmark: OLE_LINK95][bookmark: OLE_LINK97]Overall, the study is well-motivated and potentially valuable, but it requires additional detail and scientific rigor to strengthen its academic contribution. Greater clarity regarding loss and metric aggregation, rigorous notation and formula definitions, further biological validation, and a comprehensive discussion of methodological boundaries and risks would substantially enhance the manuscript.

Response-3.8: We are grateful to the reviewer for their valuable feedback and encouragement regarding our study’s motivation and potential. In response to the excellent suggestions, we have comprehensively revised the manuscript to improve its scientific rigor and clarity. Specifically, we have provided greater detail on loss and metric aggregation, refined our mathematical notation, included further biological validation, and added a new section discussing the methodological boundaries and risks. We trust that these revisions fully address the reviewer's concerns and substantially strengthen our contribution.


Second round of review
Reviewer 1

I believe the quality, clarity, and reproducibility of the manuscript have been further improved in this round of revision, based on the feedback from the other two reviewer

Reviewer 3
 The authors have adequately addressed my concerns, and the revised manuscript shows clear improvement.
[bookmark: _891nk55qcja8]
