
 

Dear editor, 

Thank you very much for your email and a chance to revise our 

manuscript (manuscript ID: 107646) again. We now resubmit the revision 

of our manuscript. We appreciate editor and reviewers very much for 

their constructive comments and suggestions on our manuscript. We are 

very grateful to the journal for providing us with the reviewers’ review 

comments, and we also thank the reviewers for their careful review of the 

article. We tried our best to improve the manuscript and made some 

changes in the manuscript. 

Thank you again for your time and kind help. 

 

Yours sincerely, 

Haibo Yu  

Corresponding author: Wenzhou Central Hospital, The Dingli Clinical 

Institute of Wenzhou Medical University, Wenzhou 325000, Zhejiang 

Province, China.  

Email：zjuboby@zuaa.zju.edu.cn 
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Our point-by-point responses to editor and reviewer’s comments are 

as the following. 

# Reviewer Comments: 

Reviewer:  

1）While the current title is informative, it may benefit from being 

more specific. A suggested revision is: "Advances and Challenges in 

Pathomics for Liver Cancer: From Diagnosis to Prognostic 

Stratification," which better reflects the review’s breadth and future 

outlook.  

Response: We sincerely appreciate your valuable suggestion 

regarding the manuscript title. In response to your insightful 

feedback, we have revised the title to "Advances and Challenges in 

Pathomics for Liver Cancer: From Diagnostic Evaluation to 

Prognostic Stratification" to better align with the journal's scope and 

comprehensively reflect the multidimensional research framework 

presented in this study. 

2 ） The abstract is concise and informative but lacks a clear 

definition of "pathomics," which could limit accessibility for non-

specialist readers. A brief definition early on would improve clarity. 

Additionally, ending the abstract with a sentence highlighting the 

aim to guide future research and facilitate clinical translation would 

strengthen its impact.  



 

Response:  We sincerely appreciate the reviewer's insightful feedback 

regarding the abstract refinement. In response to your valuable 

suggestions, we have thoroughly revised the Abstract section by 

incorporating a concise definition of pathomics and emphasizing the 

goal of this review to guide future research and facilitate clinical 

translation at the end of the abstract. 

3）The introduction offers strong epidemiological context; however, 

there are instances of redundancy (e.g., “HCC is one of the most 

lethal cancers…” is stated in similar ways multiple times). A more 

concise revision would improve flow and readability. The authors 

may also consider citing more updated reviews in the field. 

Response: This question is well formulated. We have reworked the 

INTRODUCTION section and have cited some of the most recent 

literature to support our views. 

4）The manuscript currently lacks any figures. Including at least one 

integrative schematic that visually summarizes key DL models like 

MVI-AIDM, CHOWDER, and FuNet would significantly improve 

reader comprehension and engagement. 

Response: Greatly appreciate your suggestion. We think this is an 

excellent suggestion. We have constructed a schematic diagram 

(Figure 1) to delineate the standardized workflow of pathomics. The 

predictive models highlighted in this study—including the MVI-



 

AIDM, CHOWDER, and FuNet architectures—are methodologically 

grounded in this established framework. 

5）While the review mentions interpretability as a limitation of DL, 

it does not explore advanced interpretability tools such as attention 

maps, Grad-CAM, or SHAP. A brief discussion of these methods 

could strengthen the technical depth and provide practical insights 

into current research efforts addressing AI transparency. 

Response: We appreciate the reviewers’ feedback. Thank you to the 

reviewers for pointing out this issue. We thank the reviewers for their 

insights into the topic of deep learning model interpretability. We 

fully recognize the value of interpretability tools to enhance AI 

transparency and have added relevant content to the revised 

manuscript. 

6）Although real-world implementation is briefly addressed, this 

section would benefit from more detail. Points such as regulatory 

hurdles, data interoperability, integration with hospital information 

systems (e.g., PACS/LIS), and the need for prospective validation 

should be elaborated upon to better emphasize the challenges of 

clinical adoption. 

Response: Your review has made my paper more complete and 

rigorous, thank you for your help. We recognize that the successful 

translation of artificial intelligence (AI)-powered pathomics tools 



 

from the research setting to clinical practice does face multifaceted 

challenges. Based on your suggestions, we provide more detail on 

several key challenges in the CONCLUSION section of the article to 

emphasize the complexity of clinical applications. 

7）Minor language edits will improve clarity and professional tone. 

For example: Change “pathomics has shown breakthrough 

potential” to “pathomics shows promising potential.” Revise “enables 

visualization and quantitative analysis of MVI features…” for 

improved clarity and flow. With the incorporation of these revisions, 

the manuscript has the potential to serve as a high-impact reference 

for researchers and clinicians working at the intersection of 

computational pathology and liver cancer. 

Response: We sincerely appreciate the time and effort you have 

dedicated to reviewing our manuscript. Your insightful comments 

and constructive suggestions have significantly improved the quality 

of our work. In accordance with your recommendation, we have 

implemented the following textual revisions: 

(1) Modified the statement regarding pathomics' potential from 

"pathomics has shown breakthrough potential" to "pathomics shows 

promising potential" in the main text; 

(2) Restructured the description of the MVI-AIDM system to read: 

"The MVI-AIDM system advances computational pathology by: 



 

(i) Enhancing diagnostic accuracy through AI-assisted MVI detection 

(ii) Enabling quantitative visualization of MVI architectural features. 

These innovations collectively address the unmet need for 

reproducible MVI grading standards, establishing a validation 

platform for clinical studies in hepatic oncology." 
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Our point-by-point responses to editor and reviewer’s comments 

are as the following. 

# Reviewer Comments: 

Reviewer in round 2: 

1）While the authors are saying that they have revised the 

manuscript as per the Rebuttal but in the rebuttal they only 

mentioned that we have revised we have updated, but no 

mention of the content. Also, when I checked the revised 

manuscript, there is no highlighted content. Atleast the authors 

should have highlighted the revised content. This is such as 

unethical behaviour. 

Response:We sincerely apologize for the oversight in not 

highlighting revisions in the revised manuscript and for the lack 

of detailed revision descriptions in our rebuttal letter. This was 

an unintentional error during the submission process and not a 

reflection of unethical intent. We take full responsibility for this 

mistake and deeply regret any inconvenience or concern it may 

have caused. 

To address this promptly, we have: 



 

1. Provided a detailed list of revisions below, cross-

referenced to specific sections, lines, and changes made in 

the manuscript. 

2. Prepared a "highlighted" version with all revisions clearly 

marked in yellow (attached separately). 

We fully understand the importance of transparent revision 

tracking in scholarly communication and will ensure strict 

adherence to journal guidelines in all future submissions. Thank 

you for your understanding and for giving us the opportunity to 

correct this oversight. 

 

Detailed Revisions: 

1）While the current title is informative, it may benefit from 

being more specific. A suggested revision is: "Advances and 

Challenges in Pathomics for Liver Cancer: From Diagnosis to 

Prognostic Stratification," which better reflects the review’s 

breadth and future outlook.  

Response: We sincerely appreciate your valuable suggestion 

regarding the manuscript title. In response to your insightful 

feedback, we have revised the title to "Advances and Challenges 

in Pathomics for Liver Cancer: From Diagnostic Evaluation to 

Prognostic Stratification" to better align with the journal's scope 



 

and comprehensively reflect the multidimensional research 

framework presented in this study. 

 

2）The abstract is concise and informative but lacks a clear 

definition of "pathomics," which could limit accessibility for 

non-specialist readers. A brief definition early on would 

improve clarity. Additionally, ending the abstract with a 

sentence highlighting the aim to guide future research and 

facilitate clinical translation would strengthen its impact.  

Response:  We sincerely appreciate the reviewer's insightful 

feedback regarding the abstract refinement. In response to your 

valuable suggestions, we have thoroughly revised the Abstract 

section by incorporating a concise definition of pathomics and 

emphasizing the goal of this review to guide future research and 

facilitate clinical translation at the end of the abstract. The 

revised manuscript reads as follows:  

（1）Pathomics, an emerging discipline that integrates artificial 

intelligence with quantitative pathology image analysis, aims to 

decode disease heterogeneity by extracting high-dimensional 

features from histopathological specimens. 

（ 2 ） This synthesis aims to guide research translation and 

advance personalized therapeutic strategies for liver malignancies. 



 

 

3 ） The introduction offers strong epidemiological context; 

however, there are instances of redundancy (e.g., “HCC is one of 

the most lethal cancers…” is stated in similar ways multiple 

times). A more concise revision would improve flow and 

readability. The authors may also consider citing more updated 

reviews in the field. 

Response: This question is well formulated. We have reworked 

the INTRODUCTION section and have cited some of the most 

recent literature to support our views. The revised manuscript 

reads as follows:  

Cancer remains a critical challenge to global public health, 

accounting for one-sixth of all deaths worldwide and nearly one-

quarter of fatalities attributed to noncommunicable diseases 

(NCDs). Recent estimates indicate 19.96 million new cancer cases 

and 9.74 million cancer-related deaths globally in 2022, with cancer 

now driving premature mortality more than any other NCD[1, 2]. 

Hepatocellular carcinoma (HCC), the predominant form of liver 

cancer and representing over 80% of primary liver malignancies, 

demonstrates particularly alarming global disparities[3, 4]. 
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4）The manuscript currently lacks any figures. Including at least 

one integrative schematic that visually summarizes key DL 

models like MVI-AIDM, CHOWDER, and FuNet would 

significantly improve reader comprehension and engagement. 

Response: Greatly appreciate your suggestion. We think this is 

an excellent suggestion. We have constructed a schematic 

diagram (Figure 1) to delineate the standardized workflow of 

pathomics. The predictive models highlighted in this study—

including the MVI-AIDM, CHOWDER, and FuNet 

architectures—are methodologically grounded in this 

established framework. 

 

5）While the review mentions interpretability as a limitation of 



 

DL, it does not explore advanced interpretability tools such as 

attention maps, Grad-CAM, or SHAP. A brief discussion of these 

methods could strengthen the technical depth and provide 

practical insights into current research efforts addressing AI 

transparency. 

Response: We appreciate the reviewers’ feedback. Thank you to 

the reviewers for pointing out this issue. We thank the reviewers 

for their insights into the topic of deep learning model 

interpretability. We fully recognize the value of interpretability 

tools to enhance AI transparency and have added relevant 

content to the revised manuscript. The revised manuscript reads 

as follows:  

Interpretability of Deep Learning Models: Enhancing Clinical 

Trust and Application with Advanced Tools 

While deep learning has demonstrated exceptional performance 

in fields such as medical image analysis, disease prediction, and 

personalized treatment, its inherent "black box" nature—referring 

to the opaque internal decision-making logic of the models—

remains one of the primary obstacles to its widespread adoption in 

clinical practice. Merely recognizing this limitation is insufficient, 

it is crucial to explore and apply advanced interpretability tools to 

bridge the gap between the predictive capabilities of deep learning 



 

models and their clinical trustworthiness. A variety of advanced 

interpretability techniques developed in recent years, such as 

attention maps, gradient weighted class activation mapping 

(Grad-CAM), and SHapley Additive exPlanations (SHAP), provide 

powerful means to understand the decision-making process of DL 

models. 

Attention mechanisms[35] and Attention maps[36] were initially 

successful in the field of natural language processing and are now 

widely used in visual tasks such as medical image analysis. By 

mimicking the allocation of attention in human vision or cognition, 

these mechanisms allow the model to dynamically focus on the 

most relevant parts of the input data (e.g., medical images or 

electronic health record text) when making predictions. The 

generated attention maps can visualize regions or features that the 

model "focuses on" when making specific diagnoses or predictions 

(e.g., suspicious lesion areas in medical imaging, or critical 

descriptive terms in clinical text). This provides an intuitive 

explanation for the model's decision-making process, enabling 

researchers and clinicians to verify whether the model bases its 

judgments on medically logical characteristics.  

Grad-CAM[37], a popular visualization technique specifically 

designed for convolutional neural networks(CNNs), is particularly 



 

useful in medical image analysis. By leveraging gradient 

information from backpropagation, Grad-CAM calculates the 

importance of feature maps in the final convolutional layer for 

specific class predictions (e.g., "malignant tumours"). By combining 

these importance weights with feature maps, a coarse localization 

map can be generated (typically superimposed on the original 

image as a heatmap), highlighting the image regions that 

contribute most significantly to the final prediction. This enables 

physicians to visually identify the specific regions in the image 

(e.g., tumour areas, abnormal textures) that the model relies on for 

decision-making, thereby validating whether the diagnostic 

rationale aligns with clinical expertise and identifying potential 

causes of false positives or negatives. 

SHAP[38] provides a model-agnostic interpretation framework 

based on Shapley values from game theory. Its core idea is to 

attribute the model's prediction output to the contribution values 

(SHAP values) of each input feature. These values quantify how 

each feature (e.g., patient age, specific gene expression levels, 

pixels/regions in medical images) drives the specific prediction 

outcome—either positively or negatively—relative to a baseline 

prediction. SHAP not only provides global feature importance 

rankings but also generates personalized explanations for 



 

individual cases, precisely identifying which factors and to what 

extent they influenced the prediction outcome for a specific patient. 

This granular attribution capability is particularly valuable for 

understanding individualized risk prediction, detecting complex 

interactions, and interpreting complex models that incorporate 

multimodal data (e.g., clinical, imaging, and omics data).   

In summary, advanced interpretability tools such as Attention 

Maps, Grad-CAM, and SHAP have opened the "black box" of deep 

learning models. These tools not only enhance model transparency 

and foster clinicians' trust and acceptance of model outputs but 

also aid in model debugging, uncovering potential data biases, 

and even revealing novel biomarkers or disease mechanisms. In 

the medical field, the responsible development and deployment of 

deep learning technologies must incorporate these interpretability 

methods as a core component, ensuring the accuracy and 

reliability of the model's decision-making processes and ultimately 

serving the goal of improving patient care. 
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6）Although real-world implementation is briefly addressed, 

this section would benefit from more detail. Points such as 

regulatory hurdles, data interoperability, integration with 

hospital information systems (e.g., PACS/LIS), and the need for 

prospective validation should be elaborated upon to better 

emphasize the challenges of clinical adoption. 

Response: Your review has made my paper more complete and 

rigorous, thank you for your help. We recognize that the 

successful translation of artificial intelligence (AI)-powered 

pathomics tools from the research setting to clinical practice does 

face multifaceted challenges. Based on your suggestions, we 

provide more detail on several key challenges in the 

CONCLUSION section of the article to emphasize the 

complexity of clinical applications. The revised manuscript reads 

as follows:  

The field of liver cancer pathomics is currently at a critical juncture 

of technological innovation and clinical translation. Artificial 



 

intelligence (AI)-empowered digital pathology demonstrates 

transformative potential in enhancing diagnostic efficiency and 

optimizing personalized treatment strategies through predictive 

modeling and molecular subtype correlations[96, 97]. In terms of 

technological breakthroughs, emerging technologies such as slide-

free imaging systems and light sheet microscopy have begun to 

gain traction, signaling potential future technological 

pathways[98]. 

Despite landmark advancements, such as the U.S. Food and 

Drug Administration (FDA) approval of Paige Prostate[99] as the 

first AI-assisted diagnostic tool, persistent challenges hinder its 

widespread adoption. First, regulatory barriers remain significant: 

The approval process for AI medical devices is complex and time-

consuming, particularly in pathology, where authorization lags far 

behind other fields like radiology. Laboratory-developed tests 

(LDTs) and in-house devices are facing increasingly stringent 

regulatory requirements (e.g., the FDA's proposed new regulations 

for LDTs and the EU's IVDR framework), which have raised the 

barriers and uncertainties in their development and clinical 

application. Additionally, disparities in regulatory frameworks 

across different countries and regions pose challenges to 

standardization and transnational deployment[100]. 



 

Second, data interoperability and integration with existing 

hospital information systems remain critical bottlenecks: 

Seamlessly embedding AI tools into clinical workflows, 

particularly achieving interoperability with Laboratory 

Information Systems (LIS) and Picture Archiving and 

Communication Systems (PACS), poses significant technical 

challenges. The lack of unified standards for pathological data 

formats, annotations, and model outputs further impedes data 

sharing and model generalizability. Meanwhile, the high 

infrastructure costs required for digital pathology itself and AI 

integration (including scanners, storage, and computational 

resources), along with the resulting infrastructure disparity—

particularly in resource-constrained regions such as parts of 

Asia—severely limit its widespread adoption[101]. 

Third, the demand for rigorous prospective validation is critical: 

Although many models excel in retrospective studies, their clinical 

value and safety must be confirmed through large-scale, 

multicenter prospective trials in real-world settings to gain broad 

clinical acceptance[102-104]. Currently, most AI tools lack support 

from the highest levels of clinical evidence, and research dedicated 

to such validation remains limited. Validation must not only focus 

on technical accuracy but also demonstrate tangible clinical 



 

benefits[105]. Additionally, the sluggish standardization of 

hepatocellular carcinoma specific pathological data repositories, 

coupled with underdeveloped reimbursement frameworks and a 

lack of evidence-based clinical integration guidelines[106], 

collectively hinder the pace of clinical translation. 

Current research should focus on discovering hepatocellular 

carcinoma -specific biomarkers and enhancing model 

interpretability through multi-omics data integration. To 

ultimately achieve clinical translation, it is imperative to establish 

an interdisciplinary collaboration framework to jointly develop 

standardized HCC pathomics data protocols, design cost-effective 

regionalized solutions, and formulate clinical practice guidelines 

based on real-world evidence, thereby advancing this technology 

from experimental research to precision diagnosis and treatment 

of HCC. Overcoming these interconnected challenges is pivotal to 

translating the potential of AI-driven pathomics into tangible 

improvements in patient care. 
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7）Minor language edits will improve clarity and professional 

tone. For example: Change “pathomics has shown breakthrough 

potential” to “pathomics shows promising potential.” Revise 

“enables visualization and quantitative analysis of MVI 

features…” for improved clarity and flow. With the 

incorporation of these revisions, the manuscript has the 

potential to serve as a high-impact reference for researchers and 

clinicians working at the intersection of computational 

pathology and liver cancer. 

Response: We sincerely appreciate the time and effort you have 

dedicated to reviewing our manuscript. Your insightful 

comments and constructive suggestions have significantly 

improved the quality of our work. In accordance with your 

recommendation, we have implemented the following textual 

revisions: 



 

(1) Modified the statement regarding pathomics' potential from 

"pathomics has shown breakthrough potential" to "pathomics 

shows promising potential" in the main text; 

(2) Restructured the description of the MVI-AIDM system to 

read: 

The MVI-AIDM system advances computational pathology by (1) 

improving diagnostic accuracy through AI-assisted MVI detection 

and (2) enabling quantitative visualization of MVI architectural 

features. These capabilities collectively address the unmet need for 

reproducible MVI grading standards, serving as a platform for 

clinical validation studies in liver cancer research . 

These innovations collectively address the unmet need for 

reproducible MVI grading standards, establishing a validation 

platform for clinical studies in hepatic oncology." 

 


