
Reviewer 2 

Wang et al. compare the performance of mechanistic SOC models and machine learning (ML) 
models on capturing the spatial variations of global SOC across different soil layers. Their 
findings reveal that some key environmental factors controlling SOC are still missing or have 
not been well represented in existing mechanistic SOC models. The topic of this study is very 
interesting and their findings provide valuable insights for improving existing mechanistic 
models. The manuscript is well organized and the results are well represented. 

We would like to thank the reviewer for time and feedback on this manuscript. Please find our 
point-to-point responses below. 

My main concerns are related to the inadequate description on the data and methods used in 
this study, as well as the interpretation of some analysis results: 

1）Vegetation type strongly affects the stoichiometry and physiochemical property of litter 
input. Do you consider the vegetation type at each observation site when dividing the NPP into 
different litter pools? If yes, please give a description in the Method section. In addition, have 
you tested the RF model which includes the land use type as an predicting factor? 

Yes, we considered vegetation type for litter allocation. The partitioning of litter to metabolic 
litter is dependent on litter lignin and nitrogen (N) content (Wieder et al., 2015), 

0.85 − 0.013 × (𝑙𝑖𝑔𝑛𝑖𝑛/𝑁) 

In our study, we parameterized this function using assumed litter quality values. Specifically, 
we set lignin/C ratios to 0.15 for grasses and 0.25 for woody plants, respectively. We set C/N 
ratios to 35 for aboveground litter and 60 for belowground litter, respectively. And 𝑙𝑖𝑔𝑛𝑖𝑛/𝑁 
ratios were then calculated as the product of lignin/C and C/N. These values differ between 
vegetation types (grasses vs. woody) and litter origin (above- vs. belowground) to reflect in 
litter quality. We’ll add this information to the revised manuscript. 

We initially included land use and plant functional types as predictors in the random forest 
models, but since they contributed little to the prediction accuracy, we excluded them from the 
final model. 

2）Both PVI and SHAP can be used to identify the relative importance of different 
environmental factors on controlling SOC. Why PVI but not SHAP is used here? Will the key 
predictors for SOC will be different if the authors use the SHAP approach? 

In this study, we used PVI because it provides a straightforward and widely applied measure 
of predictor contribution in random forest models, and it aligns well with our goal of assessing 
the overall relative importance of environmental factors for SOC. SHAP values, in contrast, 
are particularly useful for interpreting individual predictions and for quantifying both the 
direction and magnitude of predictor effects at the local and global levels, as we described in 
Section 2.5.2. While the relative importance of predictors may differ slightly between the two 
approaches, for example, NPP ranked higher than soil temperature with PVI (Figure 3b), 



whereas soil temperature ranked higher than NPP with SHAP (Figure 4a), these differences 
were not substantial and did not affect the identification of the dominant predictors of SOC. 

3）I am wondering whether the analysis based on ML approach can provide the reliable 
implications on the controlling factors and underlying mechanism associated with the 
formation and decomposition of SOC. For example, based on the results in Fig. 3, NPP seems 
to be less important than climatic factors on predicting SOC. Ignoring NPP in ML model may 
have a small effect on the simulated SOC. But should we ignore the NPP in the process-based 
model? In reality, NPP cannot be ignored at all even it ranks last in the PVI analysis. We still 
should develop process-based SOC models based on the understandings in SOC formation and 
decomposition processes, rather than based on the statistical importance of environmental 
factors. My concern is that what implications from the  analysis using ML are true in reality, 
or what implications should be incorporated into the process-based model? 

We thank the reviewer for this thoughtful comment. We fully agree that machine learning 
provides statistical insights into the relative contributions of predictors within the dataset, but 
it cannot on its own identify or quantify the mechanistic controls of SOC formation and 
decomposition. In this study, we used machine learning primarily as a diagnostic tool to explore 
whether important predictors might be missing from current process-based models. To this end, 
we selected predictors from different categories that were found to be important for SOC 
prediction, while also retaining variables whose interactions with SOC were documented in 
previous studies. Thus, machine learning in our study is intended as a complementary approach 
to support and refine process-based models, rather than to determine how soil carbon 
stabilisation and decomposition should be modelled. 

4）Although this study did an analysis on the environmental controls of SOC and the related 
mechanism. There are still large limitation & uncertainties in the methods and data used in this 
study. I strongly the authors add a section to discuss the limitation and potential uncertainties 
in this study. 

We thank the reviewer for this valuable suggestion. We fully agree that there are limitations 
and uncertainties associated with both the input data and the model behaviour in this study. We 
will revise the manuscript to include a comprehensive discussion on these aspects.  

Minor comments: 

L22: The poor performance 

Thanks, we’ll amend it. 

L40: ## between plant carbon inputs and outputs through soil heterotrophic respiration and 
leaching ##. Or, ## between carbon inputs in forms of plant litter and root exudates and outputs 
through soil heterotrophic respiration and leaching ##. 

Thanks, we’ll change it to “between carbon inputs in forms of plant litter and root exudates and 
outputs through soil heterotrophic respiration and leaching” in the revised manuscript. 

Fig. 2 Why there is no observation sites in the south Hemisphere? Or it is because the map in 
Figure 2 has not been correctly showed? 



The original WoSIS SOC profile dataset has global coverage. However, after applying our 
selection criteria (see Section 2.2.2), only a subset of profiles was retained. Many profiles in 
South Hemisphere were excluded due to insufficient depth observations, or because some 
environmental variables or ancillary datasets required for model parameterisation were 
missing. 

Fig.3 Terrain factor is only represented by elevation. Have the authors tried to include more 
factors such as slope steepness? 

We tested additional terrain factors, such as slope steepness, in our analysis. However, they 
contributed very little to the prediction accuracy in this study. To maintain interpretability of 
the machine learning model, we decided to retain only elevation, which is both the most 
straightforward to interpret and the most relevant among the terrain variables considered. 

Fig. 5. It seems the relationships between SOC and NPP revealed by MIMICS and MES-C 
model are also nonlinear. SOC increases with NPP quickly when NPP is smaller than 1000 g 
C m-2 yr-1, then increases slowly with increasing NPP. 

Thank you for pointing this out. Both observed and simulated SOC show a nonlinear 
relationship with NPP, with SOC increasing rapidly when NPP is below ~1300 g C m⁻² yr⁻¹ 
and more slowly at higher NPP values. However, we also observe a divergent response of SOC 
at low NPP levels (<500 g C m⁻² yr⁻¹), where SOC can either increase or decrease with NPP, a 
pattern that is not captured by the process-based models. We will revise the manuscript to 
describe this difference more clearly. 
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