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Response to Reviewer #1 

The manuscript submitted by Huo et al. provided a dataset of six soil trace elements (I 

think they tried to focus on micronutrients) across the Tibetan Plateau (TP). The 

element distribution was investigated, and the possible factors regulating their 

distribution were discussed. Meanwhile, they used AI models to predict and map these 

elements across the TP. In general, this dataset is important to understand micronutrient 

cycling in the third pole of the world. However, there are many big issues limiting its 

wide use. 

[Response] We sincerely thank the reviewer for the insightful and constructive 

comments on our manuscript. In response, we have carefully revised the manuscript 

and provided detailed point-by-point replies to each suggestion. These revisions have 

greatly improved the quality and scientific rigor of the work, and we hope that the 

revised version meets the reviewer’s expectations. 

[Comment 1] The first issue is the analysis methods of the elements in the soil, which 

used the XRF to determine the element concentrations in the field. I think this method 

has a large uncertainty when using in the field, compared to traditional methods like 

ICP-OES and ICP-MS. Unfortunately, the authors did not give convincing quality 

control data to ensure the precision of the analysis. 

[Response] Many thanks for raising this important concern. In our study, we initially 

used a second-generation portable XRF to conduct in situ measurements (n=130), but 

because this device could not reliably detect Mo, a key micronutrient of our focus, all 

samples were re-analyzed in the laboratory using a third-generation XRF with improved 

detection accuracy. All data reported in this study for core micronutrients (Fe, Mn, 

Cu, Zn, Ni, Mo, V) were obtained from laboratory-based wavelength-dispersive 

XRF (third-generation XRF) on air-dried, and sieved (<2 mm) samples. 

To further validate the data quality, 218 randomly selected samples were re-

analyzed using reviewer mentioned ICP-MS, a widely accepted traditional methods. 

Strong correlations were observed between XRF and ICP-MS for Fe, Mn, Cu, V (R2 = 

0.7-0.9; Figure R1), closely aligning with the 1:1 line. For Zn and Ni, significant 

correlations were also found (R2 = 0.4-0.5), though with systematic deviations from the 

1:1 line. Taking ICP-MS as the benchmark, XRF slightly over- or underestimated 

absolute contents. Importantly, these deviations do not substantially affect spatial 
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distribution patterns central to this study for the following reasons: First, the XRF-based 

observed values are highly correlated with the XRF-based predicted values, and the 

ICP-MS-based observed values are also highly correlated with the ICP-MS-based 

predicted values (R2 = 0.85-0.95; Figure R2). Second, we calibrated XRF-based Zn, 

and Ni using the regression relationships between the two methods and repeated spatial 

mapping. Results show that the spatial distribution patterns before and after calibration 

were highly consistent (R2=0.8-0.9; Figure R3), confirming that the main conclusions 

are not sensitive to these measurement uncertainties. Third, for Mo, the results obtained 

from the two methods were not fully consistent, likely due to its low content. The XRF-

based measurements may involve considerable uncertainties (Figure R4). Therefore, 

we have included both the observational and predicted results in the supplementary 

materials and discussed their potential uncertainties in detail in the Discussion section. 

We have added data quality control details in the Methods section as follows: “To 

ensure the reliability of soil micronutrient measurements, we adopted a two-step 

analytical strategy. First, in situ measurements were conducted using a second-

generation portable Niton X-ray fluorescence (XRF) analyzer to obtain preliminary 

contents under natural field conditions. However, because this instrument could not 

reliably detect Mo, all soil samples were subsequently air-dried, sieved (2 mm), and re-

analyzed in the laboratory using a third-generation XRF. Compared with the second-

generation device, the third-generation XRF offers an extended detection range and 

improved accuracy (Lemière, 2018). All data presented in this study are based on the 

laboratory XRF measurements. (Lines 70-75 on Page 4). 

To further validate the laboratory XRF results, a subset of 218 samples was randomly 

selected and re-analyzed using Inductively coupled plasma-Mass Spectrometry (ICP-

MS), a widely accepted reference method (Simon, 2005). The two methods showed 

strong correlations for Fe, Mn, Cu and V (R2 = 0.67-0.89, P<0.001), with values 

closely aligning with the 1:1 line, indicating reliable quantification. For Zn and Ni, 

XRF and ICP-MS results were also significantly correlated, though systematic 

deviations from the 1:1 line were observed (Fig. S1). XRF tended to slightly over- or 

underestimated absolute contents of Zn and Ni contents compared with ICP-MS. To 

address this, we calibrated Zn and Ni, using the regression relationships between the 

two methods and then repeated spatial mapping. For Mo, the results obtained from the 

two methods were not fully consistent, likely due to its low content. Comparative results 
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of both methods are provided in the Supplementary Information (Figs. S2-S4)”. (Lines 

76-84 on Page 4). 

We discussed methodological uncertainties in the Discussion as follows: “Although 

the laboratory XRF measurements used in this study were validated against ICP-MS 

and generally showed strong correlations, several limitations should be noted. For Fe, 

Mn, V and Cu, the two methods produced highly consistent results, supporting the 

robustness of the dataset. In contrast, Zn and Ni, exhibited systematic deviations from 

the 1:1 line, with XRF tending to slightly over- or underestimate contents relative to 

ICP-MS (Fig. S1). These deviations likely arise from element-specific detection 

sensitivities of XRF. To address this, we calibrated Zn and Ni, using the regression 

relationships between the two methods and then repeated spatial mapping. The results 

before and after calibration were not significantly different, confirming that these 

deviations do not affect our main findings (Figs. S2 and S3). For Mo, the results 

obtained from the two methods were not fully consistent, likely due to its low content 

(Fig. S4). The XRF-based measurements may involve considerable uncertainties”. 

(Lines 345-355 on Page 17). Therefore, we have included both the observational and 

predicted results in the supplementary materials and discussed their potential 

uncertainties in detail in the Discussion section. Also, we added pixel-level uncertainty 

layers with the maps for users to properly utilize these datasets.  
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Figure R1. Comparison between laboratory-based third-generation XRF and ICP-MS 

measurements for six soil micronutrients (Fe, Mn, Cu, Zn, Ni, V).  

 

Figure R2. XRF-based observed values are highly correlated with the XRF-based 

predicted values (a-b), and the ICP-MS-based observed values are also highly 

correlated with the ICP-MS-based predicted values (c-d). 

 

Figure R3. Spatial correlation maps of Zn and Ni contents before and after                 

calibration of XRF measurements against ICP-MS. The strong consistency confirming 

that the calibration adjusted absolute contents but did not alter the large-scale spatial 

patterns of these elements. 
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Figure R4. Comparison between laboratory-based third-generation XRF and ICP-MS 

measurements for Mo. 

[Comment 2] Second, I do not why only six elements were considered in this study. 

There are many trace elements or even micronutrients in soil, and some others (e.g., B, 

V) are also important for plants or animals. These limited element types in this study 

are not helpful for users to apply further studies.  

[Response] In this study, we mainly focused on key micronutrients because of their 

critical roles in plant nutrition and biogeochemical cycling. As the reviewer mentioned, 

B is indeed an essential nutrient, but it was not measured in this study due to 

methodological limitations. For V, we followed the reviewer’s suggestion and added 

the results into the main text (Figure R5).  

 

Figure R5. Observed statistics and predicted spatial map of V contents across Tibetan 

Plateau soils. 

[Comment 3] Meanwhile, there is many key background information (specific 

elevation, vegetation type in each site, local climate) that was not provided in the 

manuscript. Such data are also the important part of the dataset. 
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[Response] Following your suggestion, more background information, including site-

specific elevation, soil properties, vegetation type, and local climate conditions, has 

been compiled and provided in the Supplementary Table in the revised manuscript. 

[Comment 4] Third, the data predicted, as the authors mentioned in the manuscript, 

also have many uncertainties. One of the reasons may be linked to selection of 

ecosystem types. In this study, many natural ecosystems were selected, but farmlands 

(a landscape associated with human disturbance) were ignored. This should result in 

the uncertainty of these element distributions on the TP. 

[Response] On the Tibetan Plateau, cropland area is relatively small, accounting for 

less than 2% of the region (Figure R6) according to the 1:1,000,000 Vegetation Map 

of China. In our original manuscript, cropland samples (n = 12, ~2% of total) were 

merged into the grassland category due to their small area.  

In the revised manuscript, we treated cropland as an independent ecosystem type in our 

spatial comparison and up-scaling analysis (Figure R7). This revision better captures 

the influence of human disturbance while providing a more accurate representation of 

micronutrient distributions across different ecosystem types on the Plateau. 

 

Figure R6. Areal proportions of ecosystem types (bars) versus sampling point 

frequency distribution (dots) across corresponding ecosystems. Similar bar and dot 

heights indicate that the sampling is proportionally representative. 
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Figure R7. Soil micronutrient contents across six ecosystem types (forest, shrub, 

meadow, steppe, desert, and cropland). 

[Comment 5] Additionally, the section of Discussion was not well drafted, which is 

very superficial and lacks key evidence to support the discussion points. 

[Response] In the revised manuscript, we have substantially strengthened the 

Discussion section to provide deeper and more evidence-based interpretations:  

First, we included comparisons of our results with the few available observations on 

the Tibetan Plateau, as well as broader datasets from other regions, to better place our 

findings in a wider context (Table R2). “In terms of data range and mean values, the 

contents and magnitudes of the soil micronutrients we observed are generally consistent 

with previous reports from the Plateau and global grassland soils, indicating the 

reliability of our datasets. For the Plateau, the mean Zn, and V contents in this study 

were slightly lower, while Ni were somewhat higher (Figure R8). These discrepancies 

are more likely due to differences in study regions. Our sampling covered a much 

broader area, whereas previous studies focused mainly on local regions such as the 

Heihe Basin (Bu et al., 2016). Given the substantial spatial heterogeneity of soil 

micronutrients across the Tibetan Plateau, such differences are expected and further 

highlight the necessity of exploring soil micronutrient patterns at the plateau scale” (see 

our reply to the comment 34).  
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Second, we performed a more rigorous statistical analysis using accumulated local 

effects (ALE) and partial dependence plots (PDP) to characterize the nonlinear 

relationships between soil micronutrients and MAP. Both ALE and PDP revealed 

consistent trends, confirming the robustness of the nonlinear precipitation effects on 

micronutrient distributions. We also examined relationships among MAP, CIA, and soil 

micronutrients, and found a significant positive correlation that may help explain the 

patterns. However, our observations alone cannot fully account for the U-shaped 

micronutrient response, so we treat this U-shaped pattern as an open question for future 

investigation (see our reply to the comment 37).  

Third, we added a detailed explanation of the uncertainties in both our observed and 

predicted datasets. On one hand, we provided an in-depth discussion of the 

methodological uncertainties associated with XRF measurements and data quality 

control (see Response to Comment 1). On the other hand, we expanded the discussion 

on the uncertainties inherent in the machine-learning upscaling approach: “Our random 

forest regression models demonstrated robust predictive capability (e.g. cross-

validated R2 range from 0.64 to 0.77 for Fe Mn Zn Ni; Table S2). Cu and Mo exhibit 

weaker predictive performance, which may be attributed to the following reasons: First, 

analytical limitations may introduce measurement error, as both elements occur at very 

low contents, especially Mo. Second, key process controls are not fully captured by the 

current predictors. E.g. Cu is strongly influenced by nonlinear interactions with Fe/Al 

oxides, whereas Mo is affected by carbonate content, redox conditions (Tack et al., 

1995). These mineralogical and redox variables are underrepresented, leading to 

potential bias. In addition, both elements show hotspot-prone, right-skewed 

distributions (Figs. 2 and S5), likely due to localized anthropogenic sources”. (Lines 

356-365 on Page 17-18). We have added these points into revised Discussion. Also, we 

added pixel-level uncertainty layers with the maps for users to properly utilize these 

datasets (also see our reply to the comment 4, #2). 

Also, we clarified the scope of applicability of the predicted maps: “We note that 

ecosystem-specific pedogenesis (e.g., organic-rich surface layers in some forests vs. 

thin mineral A horizons in grasslands) can contribute to differences in surface 

micronutrient contents. Consequently, part of the spatial variation we report likely 

reflects vertical horizon contrasts sampled at a uniform 0-10 cm depth. Users should 

consider this context when applying the dataset, especially for process inference or 

when comparing across ecosystems with contrasting surface horizons. Where 
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applications require deeper profiles or horizon-specific interpretation, we recommend 

integrating our maps with local profile data”. (Lines 372-377 on Page 18). (also see 

our reply to the comment 19). 

We removed overstated or speculative conclusions from the original version and 

supported the revised discussion with direct evidence from our dataset. Together, these 

revisions have improved the depth, rigor, and clarity of the Discussion section.  

 

Figure R8. Comparison of mean soil micronutrient contents (Fe, Mn, Cu, Zn, Ni, and 

V) between this study and previous studies (Yang et al., 2020; Sheng et al., 2012; Cheng 

et al., 1993) on the Tibetan Plateau. Bars represent mean values, and error bars indicate 

one standard deviation. 

[Comment 6] Line 1: Normally, Fe cannot be termed as a trace element in soil (but in 

plants, it can be termed as micronutrient), and it has a high abundance in crust or soil 

like K, Ca, and Mg.  

[Response] We agree with this correction. Our intention was to emphasize elements 

that function as micronutrients for plants rather than to classify them strictly as trace 

elements in soils. We have revised the manuscript by replacing “trace elements” with 

“micronutrients” to avoid confusion. 

[Comment 7] Furthermore, in Lines 10-11, six elements are targeted in this study, but 

why only four of them is shown in the title? Even though there are six elements targeted, 

I think the dataset is still small. There are many kinds of trace elements in soil, such as 

toxic metals (e.g., Cd, Cr, Hg, Pb, Sb) and micronutrients (e.g., V, B). So, I strongly 

suggest the authors to adding more elements in the dataset. This will increase the 

application of the dataset and attract more attention. 



 

10 

 

[Response] As stated in the manuscript, this study mainly focused on key 

micronutrients for plants. Following the reviewer’s suggestion, we have added 

vanadium (V) to the dataset and provided the results in the main text. Boron (B), 

although important, was not measured in our study. Other toxic metals (e.g., Cd, Cr, 

Hg, Pb, Sb) were not included because they fall outside the scope of this study, which 

emphasizes nutrient elements rather than contaminants. We appreciate the reviewer’s 

understanding of this limitation.  

In the original manuscript, only four elements were highlighted in the title because the 

spatial prediction models for Mo and Cu performed less robustly, as the available 

predictors did not fully capture their spatial variability. Therefore, these two elements 

were not extrapolated to the Plateau scale in the previous version. In the revised 

manuscript, we have conducted spatial predictions for all six elements, and their 

associated uncertainties are explicitly clarified in the Discussion section. The title has 

also been updated as “Mapping key soil micronutrients across the Tibetan Plateau”.  

[Comment 8] Line 7: Micronutrients are totally different from trace elements (shown 

in the Title). Micronutrient is defined by plant demand, but trace element has a broader 

scope. As I mentioned above, some toxic elements cannot be termed as micronutrients, 

but they belong to trace elements. What does this dataset target to, micronutrients or 

trace elements? If you aimed to map micronutrients, the Title must be changed. 

[Response] Our dataset targets soil micronutrients that are essential for plant nutrition, 

rather than the broader category of trace elements. To avoid confusion, we have revised 

the terminology throughout the manuscript and changed the Title to explicitly refer to 

“micronutrients”. 

[Comment 9] Line 10: How many samples were collected in the 526 sites? In other 

words, please provide the size of the dataset. Moreover, were all the soils from surface 

layer? How deep of the layer? At least, this basic information should be provided in the 

Abstract. 

[Response] In this study, soils were collected from 526 sites across the Plateau, with 

three replicates per site, all from the surface layer (0-10 cm). We have revised the 

Abstract and Methods to clearly state the total sample size and sampling depth: “We 

assembled a plateau-wide dataset from 526 sites with triplicate surface soils (0-10 cm) 

per site (n = 1,660)”. (Line 10 on Page 1). 
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[Comment 10] Lines 13-16: These results are too simple to summarize the 

characteristics of the elements, such as the concentration ranges, the reasons of the 

distribution, and/or potential application. Additionally, why did you only introduce the 

spatial patterns of Fe, Mn, and Zn, and how about the distribution of other elements? 

As a whole, the section of Abstract is too simple, and I cannot find more information 

of the dataset.   

[Response] We appreciate the reviewer’s valuable comment. In the revised manuscript, 

we have expanded the Abstract to provide more details on the dataset, including the 

content ranges of all six elements, major factors regulating their distributions, and 

potential applications.  

In the original manuscript, only four elements were highlighted because the spatial 

prediction models for Cu and Mo performed less robustly. In the revised manuscript, 

we summarize the spatial patterns of all six micronutrients (Fe, Mn, Cu, Zn, Ni, V), 

rather than focusing only on Fe, Mn, Zn and Ni. These revisions make the Abstract 

more informative and better reflect the scope of the dataset. 

The updated Abstract: “Soil micronutrients supply sustains critical ecological 

functions but exhibit poorly quantified distribution patterns in high-altitude ecosystems. 

This study bridges this knowledge gap through a large-scale investigation across the 

Tibetan Plateau, a cold-arid region where cryogenic weathering, aridity, and 

suppressed pedogenesis interact to govern micronutrient cycling. We assembled a 

plateau-wide dataset from 526 sites with triplicate surface soils (0-10 cm) per site (n = 

1,660). Seven micronutrients (Fe, Mn, Cu, Zn, Ni, V, Mo) were measured and paired 

with multi-source predictors (climate, vegetation, soil properties, topography, graze 

disturbance, and weathering proxy). Elemental contents span broad ranges, with site-

level summaries (mean ± SD, mg·kg-1) of Fe 22,864.30 ± 7,589.01, Mn 576.74 ± 206.44, 

Cu 25.32 ± 9.28, Zn 27.24 ± 8.55, Ni 49.35 ± 10.98, V 56.99 ± 19.33, and Mo 4.63 ± 

1.14. Random Forest model was employed to quantify controls and generate high-

resolution spatial maps. Key results reveal that pronounced regional heterogeneity 

driven primarily by climate-related weathering intensity and topography variable, with 

secondary modulation from soil and vegetation factors. Element-specific spatial 

patterns were observed, with Fe enrichment in southeastern/southern plateaus, Mn 

gradients increasing southeastward and Cu over the western-northern plateau with 

minima in the southeast. Zn hotspots in central-eastern and western marginal zones, Ni 

enriched across the northern-central interior and western highlands, and V exhibits a 

moderate spatial gradient, with higher contents in the southeastern Tibetan Plateau 

and relatively lower values in the northwest. Mo weakly patterned, slightly higher on 

northern basins and lower toward the southeast. We provide 1-km maps of all seven 
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micronutrients together with pixel-wise uncertainty layers to support benchmarking of 

process-based micronutrient cycling models and to inform sustainable ecosystem 

management under climate change. The dataset is openly available at TPDC 

(https://doi.org/ 10.11888/Terre.tpdc.303049; Huo et al., 2025)”. (Lines 7-24 on Page 

1). 

[Comment 11] Line 20: I think this dataset only targeted to micronutrients, right? If so, 

the Title indeed needs to be changed to fit the contents or aims in the study. 

[Response] Yes, this dataset targets soil micronutrients rather than the broader category 

of trace elements. To better reflect the scope and aims of the study, we have revised the 

Title (Mapping key soil micronutrients across the Tibetan Plateau) to refer to 

“micronutrients”.  

[Comment 12] Lines 20-22: Seriously, trace elements or micronutrients include more 

than those listed here. For example, BNF processes also need other trace and/or micro-

elements like V, but in this dataset, many these kinds of trace elements were not 

considered. So, adding more elements is necessary for such dataset. 

[Response] Following the reviewer’s suggestion, we added vanadium (V) to the dataset 

and main text. Other elements such as B were not measured. We believe that the 

inclusion of V strengthens the dataset and improves its applicability for future studies. 

[Comment 13] Line 34: Please make clear of “microelements” or “micronutrients”. 

[Response] We have revised the manuscript and use the term micronutrients 

throughout the text. 

[Comment 14] Lines 35-36: Add references here. 

[Response] We have added references to support the statements: Current research is 

largely restricted to localized transects (e.g., Heihe River Basin, Tibetan Plateau 

Highway) with limited spatial representation (Zhang et al., 2012; Guan et al., 2017; Bu 

et al., 2016). (Lines 42-43 on Page 2). 

[Comment 15] Lines 40: Still, “trace elements” or “micronutrients”? 

[Response] We have revised the manuscript and use the term micronutrients 

throughout the text. 

[Comment 16] Lines 44-46: According to the figure, the farmlands were not considered 

in the dataset. On the Tibetan Plateau, farmland is one of the most important land uses, 

and more strikingly, micronutrients in farmlands are particularly essential for crops and 

human health, as you mentioned in Lines 23-24. Unfortunately, this dataset ignored the 
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data in such important landscape. So, it is necessary to add the data in the farmlands for 

meeting the aim in this dataset (see the Title in Line 1). 

[Response] Thanks for this insightful comment. On the Tibetan Plateau, cropland area 

is relatively small, accounting for less than 2% of the region according to the 

1:1,000,000 Vegetation Map of China (Figure R6). In our original manuscript, 

cropland samples (n = 12, ~2% of total) were merged into the grassland category due 

to their small representation. As the reviewer suggested, we have treated cropland as an 

independent ecosystem type in our spatial comparison and up-scaling analysis (Figure 

R7) to provide a more accurate representation of micronutrient distributions across 

different ecosystem types on the Plateau. 

[Comment 17] Lines 50-51: As I mentioned above, you ignored the agricultural 

ecosystem. 

[Response] In the revised manuscript, agricultural ecosystems have been explicitly 

included as an ecosystem type in both descriptive and predictive analyses, as detailed 

in our response to Comment 4 and 16. This adjustment allows us to better account for 

the influence of agricultural ecosystems on soil micronutrient distributions. 

[Comment 18] Lines 51-52: How did you realize “maintaining relative homogeneity 

in species composition, community structure, and habitat conditions”? I think this is 

not the necessity for the sampling in this study, because this dataset needs to represent 

the heterogeneity of the field on the TP. More importantly, if you had avoided these 

conditions, artifact disturbance must affect the analysis results of the element 

distribution. 

[Response] In our sampling design, three replicates were collected at each site. The 

aim of maintaining relative homogeneity in species composition, community structure, 

and habitat conditions was to minimize within-site variability. This approach ensures 

that each site can better represent its corresponding community type, while the dataset 

as a whole still captures the heterogeneity across the Plateau. 

[Comment 19] Lines 53-54: I have a big concern for the sampling design in this study. 

Clearly, the soil development is totally different in the selected ecosystems. For 

example, in many forests, 0-10 cm soil may only cover organic layer with high organic 

matter or high concentrations in some elements like Cu, Zn, or Ni, but deficiency of 

some other micronutrients. However, in deserts or meadows, this soil may cover the A 

horizon or parent materials due to the weak pedogenesis. Such a disparity will result in 

totally different elements’ distribution in these ecosystems selected. So, the authors 

must provide the reasons for the sampling design in order to better direct the application 

of the dataset. 
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[Response] We appreciate the reviewer’s concern regarding differences in soil profile 

development across ecosystems. Indeed, the 0-10 cm depth may represent the organic 

horizon in some forests but mainly corresponds to the mineral surface horizon in 

steppes, meadows and other alpine vegetation. On the Tibetan Plateau, steppes and 

meadows are the dominant vegetation types, together covering more than 60% of the 

total area, whereas forests account for less than 20%. Therefore, the majority of our 

samples represent mineral surface soils. We chose the 0-10 cm depth because it is the 

most biologically active layer for soil-plant-microbe interactions and best reflects 

ecological processes and nutrient cycling. This layer (0-10 cm) is widely used in 

regional soil surveys to ensure comparability across sites.  

In the revised manuscript, we have clarified this rationale for our sampling depth in the 

Methods: “This depth was chosen because it represents the biologically active surface 

horizon most relevant to plant uptake and microbially mediated cycling, and is widely 

used in regional soil inventories for comparability across ecosystems. On the Tibetan 

Plateau, steppes and meadows constitute the dominant land cover, so most samples 

correspond to mineral A horizons; in forested sites, the 0-10 cm layer may include an 

organic-rich surface. This consistent protocol ensures cross-site comparability while 

capturing the variability of surface layer that most strongly interacts with vegetation 

and climate”. (Lines 63-68 on Page 3). 

We have also added statement that differences in soil development across ecosystems 

may contribute to the observed variation in micronutrient distributions, which should 

be considered when applying the dataset: “We note that ecosystem-specific pedogenesis 

(e.g., organic-rich surface layers in some forests vs. thin mineral A horizons in 

grasslands) can contribute to differences in surface micronutrient contents. 

Consequently, part of the spatial variation we report likely reflects vertical horizon 

contrasts sampled at a uniform 0-10 cm depth. Users should consider this context when 

applying the dataset, especially for process inference or when comparing across 

ecosystems with contrasting surface horizons. Where applications require deeper 

profiles or horizon-specific interpretation, we recommend integrating our maps with 

local profile data”. (Lines 372-377 on Page 18). 

[Comment 20] Line 54: Another concern for this sampling is that elevation and 

vegetation community are important factors for element distribution. However, this 

specific information was not provided. 

[Response] In the revised manuscript, we provided detailed site-level information on 

elevation and vegetation community in the Supplementary Table (Table R1). We also 

clarified in the Methods that “The sites span broad environmental gradients, ranging 
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from 759 to 5565 m in elevation, −7.83 to 18.46 °C in mean annual temperature (MAT), 

and 23 to 898 mm in mean annual precipitation (MAP), effectively capturing the 

plateau’s topographic and climatic variability”. (Lines 58-60 on Page 3). 

[Comment 21] Lines 56-62: I do not think this method can well analyze the element 

concentrations in soil like that of ICP-OES (or ICP-AES) and ICP-MS. The XRF 

method has a very large error, particularly used in the field. Nowadays, this instrument 

is normally used in the lab, after collecting the soil samples, because it is unstable for 

it when using in the field. So, the authors must provide serious and strict evidence for 

the determination of element concentrations by using this method, and some necessary 

comparisons must be done with other reported data in the soil from some similar sites 

on the TP. Then, the quality of the data must be strictly analyzed to make sure that the 

element concentrations are really accurate or reasonable. At least, now I do not see the 

quality control data in the manuscript, and I also do not think this method could obtain 

reliable concentrations for most of the elements analyzed. 

[Response] We sincerely thank the reviewer for this important concern. To ensure data 

reliability, all samples were re-analyzed in the laboratory using a third-generation 

XRF on air-dried, and sieved (<2 mm) samples, and the dataset presented in this 

study is based on these laboratory results. To further validate the measurements, 218 

randomly selected samples were analyzed using ICP-MS, a widely accepted 

reference method. Strong correlations were observed between XRF and ICP-MS for 

Fe, Mn, V and Cu (R²= 0.7-0.9), while Zn and Ni also showed significant correlations 

(R2 = 0.4-0.5). Taking ICP-MS as the benchmark, XRF slightly over- or underestimated 

absolute contents of and Ni. To address, we calibrated XRF-based Zn and Ni using the 

regression relationships between the two methods and repeated spatial mapping. 

Results show that the spatial distribution patterns before and after calibration were 

highly consistent, confirming that the XRF measurements are reliable for capturing 

spatial patterns. For Mo, the results obtained from the two methods were not fully 

consistent, likely due to its low content. The XRF-based measurements may involve 

considerable uncertainties. Therefore, we have included both the observational and 

predicted results in the supplementary materials and discussed their potential 

uncertainties in detail in the Discussion section. We have added quality control details 

in the Methods, explicitly discussed methodological uncertainties in the Discussion, 

and provided comparative results in the Supplementary Information. Details are 

provided in our response to Comment 1. 

[Comment 22] Line 63: In Table 1, much more information should be complemented, 

such as more dominated plant species, elevation ranges, local climate. I suggest to 

establishing more columns to exhibit this information. 
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[Response] Following your suggestion, we added more information in revised Table 

R1, including dominant plant species, elevation ranges, and local climate conditions. 

Table R1. Ecosystem classification and sampling coverage on the Tibetan Plateau.  

Biome Vegetation and dominant species Elevation 

Climate  

(temperature/ 

precipitation) 

No. of 

samples 

No. of 

locations 

Steppe 

Alpine steppes, dominated by cold-adapted 

herbaceous species such as Stipa purpurea, features 

sparse vegetation adapted to cold-arid conditions.  

1961-5151 m 
-7.1-8.0 oC; 

34-786 mm 
569 180 

Meadow 

Alpine meadows feature dense, low-stature 

vegetation sustained by year-round low temperatures, 

high humidity, and water-retentive soils. These 

ecosystems thrive on gentle slopes and valley floors 

at higher elevations, hosting relatively diverse flora 

with characteristic dominance of sedges including 

Kobresia pygmaea and K. humilis. 

2661-5565 m 
-7.8-9.2 oC; 

158-849 mm 
499 154 

Forest 

Forests on the Tibetan Plateau concentrate primarily 

in the southeastern region, dominated by high-

altitude cold-temperate coniferous forests. These 

humid-adapted ecosystems feature fir (Abies) and 

spruce (Picea) species as characteristic components. 

1453-4237 m 
-0.6-16.5 oC; 

400-899 mm 
265 87 

Shrub 

Tibetan shrublands primarily occur in arid and alpine 

zones, characterized by low-growing, drought-

tolerant dwarf shrubs such as Lonicera (honeysuckle) 

and Rhododendron species adapted to nutrient-poor 

soils and extreme climatic conditions. 

2169-5022 m 
-5.2-11.8 oC; 

301-869 mm 
190 64 

Desert 

Alpine deserts occur in extremely arid, cold regions 

and exhibit extremely sparse vegetation dominated 

by arid-tolerant dwarf shrubs and herbs. 

2108-5158 m 
-7.1-5.6 oC; 

22-443 mm 
101 29 

Cropland 

Cropland, concentrated in river valleys and basin 

floors and is dominated by highland barley (Hordeum 

vulgare var. nudum, “qingke”), with spring wheat 

(Triticum aestivum), rapeseed (Brassica napus), and 

potato (Solanum tuberosum) commonly cultivated; 

vegetation cover is strongly seasonal and often bare 

after harvest. 

759-4360 m 
0.5-18.4 oC; 

113-783 mm 
36 12 

Biomes are grouped by diagnostic characteristics; dominant plant species are italicized. Elevation 

range gives the minimum–maximum elevation (m) of sampling sites within each biome. Climate 

conditions report site-level ranges of mean annual temperature (oC) and mean annual precipitation 

(mm). No. of samples is the number of soil samples analyzed (0-10 cm, three replicates per site), 

and No. of locations is the number of sampling sites. 
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[Comment 23] Lines 70-72: This TP method is wrong, but your method is to analyze 

bioavailable fraction of P. Still, you must provide necessary quality control data for the 

precision of the element concentrations. This is particularly important for the dataset. 

[Response] We apologize for the misleading statement. Phosphorus was not included 

in the analyses of this study, and therefore this part has been removed from the Methods 

section in the revised manuscript. 

[Comment 24] Lines 73-76: Specify the method of CIA with necessary citation. You 

used XRF too much for the element analysis, but without necessary precision analysis. 

This is unacceptable. 

[Response] To characterize the degree of soil development on the Plateau, we 

introduced the Chemical Index of Alteration (CIA), a widely used geochemical 

indicator of chemical weathering in soils and parent materials (Fedo et al., 1995). CIA 

reflects the relative loss of mobile base cations (Ca, Na, K) compared with the 

enrichment of immobile Al during weathering (McLennan, 1993). Higher CIA values 

indicate stronger chemical weathering and more advanced soil development, whereas 

lower values suggest weaker weathering and limited leaching of base cations (Nesbitt 

et al., 1982). It is calculated on a molar, anhydrous basis as CIA = [Al₂O₃ / (Al₂O₃ + 

CaO* + Na₂O + K₂O)] × 100. The information has been added into Methods section. 

(Lines 96-100 on Page 5). 

In addition, regarding quality control of XRF data, please refers to Response to 

Comment 1, where we detail our validation against ICP-MS and add quality-control 

information. 

[Comment 25] Lines 79-80: Normally, when sampling in the field, slope, aspect, and 

elevation data can be recorded simultaneously. Why did you not get these data, but 

dependent on the online data? This will lead to more errors for them. The same case is 

also for the vegetation types (Lines 84-85). 

[Response] We apologize for the misleading wording in the previous version. In fact, 

vegetation type, elevation, slope, and aspect at each sampling site were recorded 

simultaneously during fieldwork. For the spatial prediction of micronutrient 

distributions, however, the gridded predictor variables (e.g., elevation, slope, aspect, 

vegetation cover) were derived from online datasets in order to upscale site-level 

observations to the Plateau scale. We have revised the manuscript to clarify this 

distinction. (Lines 102-105 on Page 5). 

[Comment 26] Lines 88-91: Where are these data listed in your dataset, corresponding 

to your sites? Also, I strongly suggest the authors to providing an Excel file to exhibit 
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all the data analyzed or compiled from online. This will help users easily obtain and 

cite the data. 

[Response] Following your suggestion, we have provided an Excel file that lists all 

site-specific data, including both the field-measured variables and the compiled online 

predictors. 

[Comment 27] Line 93: After your screening, how many data were left for the analysis 

below? 

[Response] After data screening (mean ± 3 SD, by element), the retained sample sizes 

are: Fe 1654 (from 1660), Mn 1630 (from 1646), Cu 920 (from 946), Zn 1655 (from 

1661), Ni 180 (from 181), V 857 (from 867), and Mo 120 (from 123). We have clarified 

this information in the revised Methods section. (Lines 120-121 on Page 6). 

[Comment 28] Lines 99-100: Some nutrients like P, S were not included in this analysis? 

Additionally, I do not think the anthropogenic disturbance can be totally represented by 

grazing intensity, because in some ecosystems like deserts or forests, very little grazing 

activity is there. Meanwhile, this dataset did not consider the data in farmlands, which 

subjectively removed the important human disturbance on the TP. 

[Response] We thank the reviewer for this comment. Phosphorus and sulfur were not 

analyzed in this study, and therefore related description has been removed from the 

updated manuscript.  

Grazing intensity was included as a key factor because it represents the dominant form 

of human disturbance in the grassland ecosystems of the Tibetan Plateau (Harris et al., 

2010; Yu et al., 2021). We agree that croplands are an important anthropogenic 

landscape. Although croplands cover less than 2% of the Plateau, we have revised the 

manuscript to treat them as an independent ecosystem type in our analyses, as detailed 

in our response to Comment 4. 

[Comment 29] Lines 109-120: Re-organize the description of the results. If you tried 

to introduce the distribution of element concentrations (e.g., mean, standard error), 

specify all the values of each element. Do not make repeated description in two different 

paragraphs with different aims. Additionally, please do compare your data with other 

reports in the similar study areas. This can help to correct the data quality in your study. 

[Response] Following your suggestion, we have re-organized the description of the 

results to clearly present the distribution of element contents, and removed repeated 

descriptions as follows: “Across all sites, soil micronutrient contents varied widely, 

with mean value of 22,864.30 ± 7,589.01 for Fe (mean ± SD, mg·kg⁻¹), 576.74 ± 206.44 

for Mn, 25.32 ± 9.28 for Cu, 27.24 ± 8.55 for Zn, 49.35 ± 10.98 for Ni, 56.99 ± 19.33 
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for V, and 4.63 ± 1.14 for Mo. Coefficients of variation (CV = SD/mean) were 33% for 

Fe, 36% for Mn , 37% for Cu , 31% for Zn, 22% for Ni, 34% for V and 25% for Mo. 

Collectively, Fe and Mn dominate in absolute abundance, whereas Cu-Zn-Ni-V occur 

at tens of mg·kg⁻¹ and Mo remains low (~5 mg·kg⁻¹), indicating heterogeneous but 

orderly micronutrient levels across the Plateau (Figs. 2 and S5)”. (Lines 136-141 on 

Page 6-7). Our reported mean contents and variability fall well within very limited 

reported TP ranges, for which the possible reasons are discussed in the Discussion 

section (Figure R8) (also see Response to Comment 34).  

[Comment 30] Line 125: …vegetation… There are format errors in the manuscript. 

[Response] The formatting error has been corrected in the revised manuscript. 

[Comment 31]: In Figure 3, was the statistical analysis conducted? If so, add the 

statistical results in the figure. The similar case is also for Figure 4. 

[Response] Comment accepted. We have added the statistical results to both figures 

and updated results description in the revised manuscript (Figures R6 and R9). 

 

Figure R9. Variability in soil micronutrient contents (Fe, Mn, Cu, Zn, Ni, V) across 

Tibetan lithological classes. Abbreviations of lithological classes: IA = acidic igneous 

rock, MA = acidic metamorphic rock, SC = clastic sedimentary rock, SO = carbonate 

rock, UE = eolian facies rock, UF = fluvial facies rock. 

[Comment 32] Lines 125, 126 & 147: In these two sections, elemental differences 

among vegetation types and lithology were analyzed. However, elevation and climate 

gradients are also very important for the element distribution. Why not exhibit the 

variations in each element concentration with them? This trend is different with the 

analysis in the section of 3.4 (Line 175). 
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[Response] Thanks for this helpful suggestion. In the revised manuscript, we have 

added analyses of elemental variations along elevation and climate gradients (Figures 

R10 and R11). Results show that elevation-related variations in soil micronutrient are 

limited, and some elements (e.g., Cu) remain relatively stable; Fe/Mn/Zn/V show 

similar patterns, with higher contents at lower elevations than at higher ones. The direct 

relationships between trace elements and temperature or precipitation do not show clear 

spatial patterns, possibly due to the interactions among multiple influencing factors. 

Therefore, we used partial dependence plots to control for other variables to better 

explore the effects of climatic conditions on soil micronutrients. This part of the results 

has already been included in the original main text. 

 

Figure R10. Variability of soil micronutrients (Fe, Mn, Cu, Zn, Ni, V) in the Tibetan 

Plateau with elevation gradient. Elevation classes follow the 1:1,000,000 physiognomic 

regionalization standard of China: mid elevation 1000-3500 m, high elevation 3500-

5000 m, and very high elevation > 5000 m (Zhou et al., 2009).  
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Figure R11. Relationships between mean annual temperature (MAT) and mean annual 

precipitation (MAP) and the contents of six soil micronutrients (Fe, Mn, Cu, Zn, Ni, 

and V) across the Tibetan Plateau. 

[Comment 33] Line 207: In this section, I have several concerns for the predicted 

results. First, because the dataset did not consider other landscapes (e.g., farmlands), 

the spatial patterns cannot be exactly representative on the TP. Second, even though the 

concentrations could be acceptable using the XRF method, I still suspect the reliability 

and reasonability of the data. Such a way to exhibit the concentrations of trace elements 

in the soil across TP may have limited reality for application. Third, despite the 

statistical analysis for the prediction in Lines 208-215, there will be many uncertainties 

(as the authors also mentioned in Lines 255-261) for the spatial distribution of the 

elements, even without considering the analysis precision of the XRF method.   

Overall, I really warry about the future use of the dataset under the current results, 

which indeed ignored the precise analysis methods by high-precision equipment such 

as ICP-OES, ICP-MS. Meanwhile, the AI models also have many uncertainties for the 

data predicted, one being also closely related to the quality of the original element 

concentrations. 

[Response] Thanks very much for these thoughtful comments. However, we remain 

confident in the reliability of our extensive field measurements and the resulting spatial 

distribution maps derived from them. First, regarding the ecosystem coverage, although 

croplands account for less than 2% of the Tibetan Plateau, in the revised manuscript we 

have treated cropland as an independent ecosystem type in both the descriptive and 

predictive analyses (see our responses to Comments 4 and 16). This adjustment 

improves the representativeness of the dataset. 
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Second, concerning data reliability, as described in our response to Comment 1, all 

samples were re-analyzed in the laboratory using a third-generation XRF, and 218 

randomly selected samples were validated against ICP-MS. Strong correlations were 

observed (R2 = 0.7-0.9 for Fe, Mn, Cu, and V). Zn and Ni also showed significant 

relationships, albeit with some systematic deviations. To address this, we calibrated 

XRF-based Zn and Ni using the regression relationships between the two methods. 

Detailed quality control results are provided in the Supplementary Information, and 

methodological uncertainties are explicitly discussed in the revised manuscript. (Lines 

70-84 on Page 4). 

Third, regarding prediction uncertainty, we agree that model-based extrapolations 

involve uncertainties. In the revised Discussion (Lines 362-365 on Page 17-18), we 

provided uncertainty maps for all elements based on the inter-pixel variance among tree 

predictions (Figure R12) (Details please see our responses to Comments 6, #2). We 

further emphasize that the predicted maps are intended to provide insights into large-

scale spatial patterns rather than to replace site-level high-precision measurements. We 

also highlight that future efforts integrating larger sample sizes and multiple analytical 

approaches (e.g., ICP-based methods) would further improve the robustness of such 

predictions. We added a subsection to discuss why Cu and Mo exhibit weaker 

predictive performance (also see reply to Comment 1). 

In summary, while we acknowledge the limitations raised by the reviewer, we believe 

that the revised dataset represents the first Plateau-scale assessment of soil 

micronutrients with quality control and quantified uncertainties. It provides a valuable 

resource for understanding spatial heterogeneity and ecological drivers of micronutrient 

distributions across the Tibetan Plateau. 
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Figure R12. Spatial uncertainty of soil micronutrients (Fe, Mn, Cu, Zn, Ni, V) 

predictions across the Tibetan Plateau, expressed as standard deviation of per-tree 

predictions in the random forest; units in mg kg⁻¹.  

[Comment 34] Lines 228-229: This comparison is not meaningful. As I mentioned 

above, you should make comparisons with other reports across the study areas, and then 

ensure the quality of the data. Then, you may make more comparisons with other 

reports worldwide. 

[Response] We added comparisons of our results with the few available observations 

on the Tibetan Plateau, as well as broader datasets from other regions, to better place 

our findings in a wider context (Table R2). “In terms of data range and mean values, 

the contents and magnitudes of the soil micronutrients we observed are generally 

consistent with previous reports from the Plateau and global grassland soils, indicating 

the reliability of our datasets. For the Plateau, the mean Mn and V contents in this study 

were slightly lower, while Ni were somewhat higher, and Zn was markedly lower 

(Figure R8). These discrepancies are more likely due to differences in study regions. 

Our sampling covered a much broader area, whereas previous studies focused mainly 

on local regions such as the Heihe Basin (Bu et al., 2016). Given the substantial spatial 

heterogeneity of soil trace elements across the Tibetan Plateau, such differences are 

expected and further highlight the necessity of exploring soil micronutrient patterns at 

the plateau scale”.  

Table R2. Descriptive statistics of micronutrients from various studies (in milligrams 

per kilogram).  

 This study 

China 

(CNEMC, 

1995) 

Global 

(Bowen, 1979) 

UCC (Taylor et 

al., 1995) 

 Mininum Maxinum Mean Median Mean Mean Mean 
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Fe 3,339.62 54,877.54 22,864.30 22,661.92 29,400 40,000 35,000 

Mn 51.05 1,833.82 576.74 551.01 583 600 600 

Cu 14.13 77.18 25.32 23.06 22.60 30 25 

Zn 7.53 69.19 27.24 27.12 74.20 50 71 

Ni 34.80 94.66 49.35 45.69 26.90 40 20 

V 27.83 121.70 56.99 54.33 82.7 90 53 

[Comment 35] Line 230: Because of your method for analysis of element 

concentrations, I cannot believe the conclusion of “deficient levels” here. 

[Response] We understand the reviewer’s concern. As detailed in our response to 

Comment 1, the XRF measurements used in this study were validated against ICP-MS 

and showed strong correlations, confirming the reliability of the dataset. Considering 

that comparisons of elemental contents across regions based solely on mean values and 

their variability may be uncertain, we have removed this comparative analysis and the 

corresponding conclusion of “deficient levels”. 

[Comment 36] Lines 232-233: Seriously, what are the aims of this discussion or this 

conclusion? You did not analyze any specific fractions of elements in the soil or some 

other related research in the study area, and how can you conclude the increased 

degradation? This may mislead readers. 

[Response] We agree that the original statement exceeded beyond what our data can 

directly support. In the revision we removed any conclusion implying 

“degradation/increased degradation” and reframed the text as a more cautious 

mechanistic discussion: “ongoing regional warming and associated hydroclimatic 

shifts may interact with hydrology and redox processes, organic-matter cycling, and 

vegetation patterns, thereby altering the availability and spatial variability of certain 

micronutrients (Myers et al., 2014; Pachauri et al., 2014)”. (Lines 335-337 on Page 

16-17).   

[Comment 37] Lines 236-245: Where is the direct evidence of these discussion points? 

I don’t like discussion that lacks evidence from this study, but only based on points 

from cited references. As shown in your data, you have climate and weathering related 

data (e.g., MAP, CIA), and you should analyze these data and then make deep 

discussion. If the discussion is from your data, please show the relevant results in the 

form of figures. 

[Response] Thank you for this constructive comment. Lines 236–245 of the original 

manuscript discuss the U-shaped response of soil micronutrients to mean annual 

precipitation (MAP). In the revised manuscript, we have added new analyses and 

figures based on our dataset to directly support this discussion. 
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First, we conducted a more rigorous statistical analysis using accumulated local effects 

(ALE) to characterize the nonlinear relationships between soil micronutrients and MAP 

(Figure R13). For Fe, Mn, Cu, Zn, and V, the response curves followed a decrease-

stabilization-increase pattern, forming a clear U-shaped response. Both Partial 

Dependence Plots (PDP) and ALE analyses identified similar trends, confirming the 

robustness of the nonlinear precipitation effects on soil micronutrient distributions. This 

pattern likely reflects a trade-off between weathering, leaching losses and element 

retention under contrasting hydrological conditions.  

We further analyzed the relationships between MAP and CIA (Chemical Index of 

Alteration), and found a significant positive correlation (Figures R14 and R15), 

indicating that higher precipitation generally enhances chemical weathering intensity. 

However, this result alone cannot fully explain the observed U-shaped micronutrient 

response. The available data lack direct indicators of leaching intensity and mineral 

retention processes. Therefore, we treat this U-shaped pattern, supported by multiple 

lines of evidence from our own data, as an open question for future discussion, and we 

acknowledge that its mechanistic explanation requires further investigation with 

additional datasets (e.g., redox indicators, mineral data).   

 

Figure R13. Nonlinear responses of soil micronutrient contents to mean annual 

precipitation (MAP) estimated with accumulated local effects (ALE). The short ticks 

(rugs) beneath each graph indicate the distribution density of the samples along the 

MAP axis. 
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Figure R14. Nonlinear responses of the chemical index of alteration (CIA) to mean 

annual precipitation (MAP) estimated with accumulated local effects (ALE). The short 

ticks (rugs) beneath each graph indicate the distribution density of the samples along 

the MAP axis. 

 

Figure R15. Responses of soil micronutrient contents to the chemical index of 

alteration (CIA) estimated with accumulated local effects (ALE). The short ticks (rugs) 

beneath each graph indicate the distribution density of the samples along the CIA axis. 

[Comment 38] Lines 246-254: Similar to those in Lines 236-245, this discussion is too 

superficial. These discussion points are very arbitrary and lack scientific basis and 

evidence. 

[Response] we have added quantitative analyses (Figure R16) based on our dataset to 

support the discussion. Grouped comparisons across aridity classes (humid, dry sub-

humid, semi-arid, arid, and hyper-arid) were performed. The results show that the 

medians and means of Fe, Mn, Cu, Zn, Ni, and V decrease with increasing aridity, with 

the largest declines observed for Fe, Mn, Zn, and V. This quantitative evidence directly 

supports our discussion that aridity exerts a strong climatic control on soil micronutrient 

distributions. 
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Figure R16. Variability of soil micronutrients (Fe, Mn, Cu, Zn, Ni, V) in the Tibetan 

Plateau with drought gradient. Drought classes follow the Trabucco et al., 2018: Humid 

(AI > 0.65), Dry sub-humid (0.50 ≤ AI ≤ 0.65), Semi-arid (0.20 ≤ AI < 0.50), Arid (0.03 

≤ AI < 0.20), and Hyper-arid (AI < 0.03). 

In the end, we would like to express our sincere gratitude to the reviewer once 

again for the valuable time, effort, and constructive feedback that have greatly 

helped improve the quality of our manuscript. 
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Response to Reviewer #2 

General Assessment: 

The study addresses a significant knowledge gap in high-altitude, cold-arid ecosystems. 

The application of machine learning for spatial prediction is appropriate and modern. 

The manuscript is generally well-structured, but several aspects require clarification, 

strengthening, and more in-depth discussion before it can be considered for publication. 

[Response] We appreciate the reviewer’s positive comments and constructive 

suggestions on our manuscript, which have been carefully addressed in the revised 

version. We provide detailed point-by-point responses below, and we believe these 

revisions have substantially improved the quality and scientific rigor of the work. 

Major Comments: 

[Comment 1] There is a critical ambiguity regarding the analytical method for the core 

six micronutrients (Fe, Mn, Cu, Zn, Ni, Mo). The text states a portable XRF was used 

in the field (Lines 55-56) but later describes lab-based wavelength-dispersive XRF on 

pressed pellets (Lines 59-61). The accuracy and validation of field-based XRF 

measurements for these elements, especially at low concentrations (e.g., Mo), must be 

explicitly detailed. The authors should clarify the protocol, report calibration metrics 

(R², RMSE) against certified standards, and specify if all element data came from the 

same method.    

[Response] Many thanks for raising this important concern. In our study, we initially 

used a second-generation portable XRF to conduct in situ measurements (n=130), but 

because this device could not reliably detect Mo, a key micronutrient of our focus, all 

samples were re-analyzed in the laboratory using a third-generation XRF with improved 

detection accuracy. All data reported in this study for core micronutrients (Fe, Mn, 

Cu, Zn, Ni, Mo, V) were obtained from laboratory-based wavelength-dispersive 

XRF (third-generation XRF) on air-dried, and sieved (<2 mm) samples. 

To further validate the data quality, 218 randomly selected samples were re-

analyzed using reviewer mentioned ICP-MS, a widely accepted traditional methods. 

Strong correlations were observed between XRF and ICP-MS for Fe, Mn, Cu, V (R2 = 

0.7-0.9; Figure R1), closely aligning with the 1:1 line. For Zn and Ni, significant 

correlations were also found (R2 = 0.4-0.5), though with systematic deviations from the 

1:1 line. Taking ICP-MS as the benchmark, XRF slightly over- or underestimated 
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absolute contents. Importantly, these deviations do not substantially affect spatial 

distribution patterns central to this study for the following reasons: First, the XRF-based 

observed values are highly correlated with the XRF-based predicted values, and the 

ICP-MS-based observed values are also highly correlated with the ICP-MS-based 

predicted values (R2 = 0.85-0.95; Figure R2). Second, we calibrated XRF-based Zn, 

and Ni using the regression relationships between the two methods and repeated spatial 

mapping. Results show that the spatial distribution patterns before and after calibration 

were highly consistent (R2=0.8-0.9; Figure R3), confirming that the main conclusions 

are not sensitive to these measurement uncertainties. Third, for Mo, the results obtained 

from the two methods were not fully consistent, likely due to its low content. The XRF-

based measurements may involve considerable uncertainties (Figure R4). Therefore, 

we have included both the observational and predicted results in the supplementary 

materials and discussed their potential uncertainties in detail in the Discussion section. 

We have added data quality control details in the Methods section as follows: “To 

ensure the reliability of soil micronutrient measurements, we adopted a two-step 

analytical strategy. First, in situ measurements were conducted using a second-

generation portable Niton X-ray fluorescence (XRF) analyzer to obtain preliminary 

contents under natural field conditions. However, because this instrument could not 

reliably detect Mo, all soil samples were subsequently air-dried, sieved (2 mm), and re-

analyzed in the laboratory using a third-generation XRF. Compared with the second-

generation device, the third-generation XRF offers an extended detection range and 

improved accuracy (Lemière, 2018). All data presented in this study are based on the 

laboratory XRF measurements. (Lines 70-75 on Page 4). 

To further validate the laboratory XRF results, a subset of 218 samples was randomly 

selected and re-analyzed using Inductively coupled plasma-Mass Spectrometry (ICP-

MS), a widely accepted reference method (Simon, 2005). The two methods showed 

strong correlations for Fe, Mn, Cu and V (R2 = 0.67-0.89, P<0.001), with values 

closely aligning with the 1:1 line, indicating reliable quantification. For Zn and Ni, 

XRF and ICP-MS results were also significantly correlated, though systematic 

deviations from the 1:1 line were observed (Fig. S1). XRF tended to slightly over- or 

underestimated absolute contents of Zn and Ni contents compared with ICP-MS. To 

address this, we calibrated Zn and Ni, using the regression relationships between the 

two methods and then repeated spatial mapping. For Mo, the results obtained from the 



 

31 

 

two methods were not fully consistent, likely due to its low content. Comparative results 

of both methods are provided in the Supplementary Information (Figs. S2-S4)”. (Lines 

76-84 on Page 4). 

We discussed methodological uncertainties in the Discussion as follows: “Although 

the laboratory XRF measurements used in this study were validated against ICP-MS 

and generally showed strong correlations, several limitations should be noted. For Fe, 

Mn, V and Cu, the two methods produced highly consistent results, supporting the 

robustness of the dataset. In contrast, Zn and Ni, exhibited systematic deviations from 

the 1:1 line, with XRF tending to slightly over- or underestimate contents relative to 

ICP-MS (Fig. S1). These deviations likely arise from element-specific detection 

sensitivities of XRF. To address this, we calibrated Zn and Ni, using the regression 

relationships between the two methods and then repeated spatial mapping. The results 

before and after calibration were not significantly different, confirming that these 

deviations do not affect our main findings (Figs. S2 and S3). For Mo, the results 

obtained from the two methods were not fully consistent, likely due to its low content 

(Fig. S4). The XRF-based measurements may involve considerable uncertainties”. 

(Lines 345-355 on Page 17). Therefore, we have included both the observational and 

predicted results in the supplementary materials and discussed their potential 

uncertainties in detail in the Discussion section. Also, we added pixel-level uncertainty 

layers with the maps for users to properly utilize these datasets.  
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Figure R1. Comparison between laboratory-based third-generation XRF and ICP-MS 

measurements for six soil micronutrients (Fe, Mn, Cu, Zn, Ni, V).  

 

Figure R2. XRF-based observed values are highly correlated with the XRF-based 

predicted values (a-b), and the ICP-MS-based observed values are also highly 

correlated with the ICP-MS-based predicted values (c-d). 



 

33 

 

 

Figure R3. Spatial correlation maps of Zn and Ni contents before and after calibration 

of XRF measurements against ICP-MS. The strong consistency confirming that the 

calibration adjusted absolute contents but did not alter the large-scale spatial patterns 

of these elements. 

 

Figure R4. Comparison between laboratory-based third-generation XRF and ICP-MS 

measurements for Mo. 

[Comment 2] The use of relative importance metrics ('betasq') is a good start, but the 

analysis could be significantly strengthened. Consider using alternative methods (e.g., 

permutation importance from the Random Forest model itself) to cross-validate the 

reported driver rankings.  

[Response] Following the suggestion, we complemented the relative importance 

analysis with Random Forest permutation importance to validate the driver rankings 

(Figure R5). Results showed that “Soil properties were the primary contributors to the 

spatial variation of micronutrient contents, followed by topographic and climatic 

factors, whereas vegetation and anthropogenic disturbance had relatively minor effects. 

Among all predictors, the chemical index of alteration, slope, and soil texture exhibited 

the highest importance, indicating that weathering intensity, terrain, and soil physical 

structure are the dominant controls on the spatial distribution of soil micronutrients. 

Specifically, the chemical index of alteration emerged as the dominant factor for Fe, 

Zn, and V. Topographic factors (slope) primarily influenced Mn, while climatic 

variables (MAP, AI) and biological productivity (NPP) contributed more to Cu and Ni 
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variations. Mo is mainly influenced by the soil texture”. (Lines 208-215 on Page 10). 

This result differs from that obtained using the 'betasq' relative importance metric, 

which is based on the assumption of a linear or approximately linear relationship 

between the response and predictor variables. In contrast, the Random Forest approach 

can capture complex non-linear and interactive effects among environmental variables. 

Considering that certain environmental factors may exert non-linear influences on 

micronutrient distributions, such as the observed U-shaped response to precipitation, 

we retained the permutation importance results derived from the Random Forest model 

in the updated version. The model’s performance also improved by 3-52%, as indicated 

by the increase in R² from 0.25-0.54 ('betasq') to 0.39-0.77 ('Random Forest model'). 

 

Figure R5. Relative importance of biotic and abiotic factors for soil micronutrients (Fe, 

Mn, Cu, Zn, Ni, V) on the Tibetan Plateau. 

[Comment 3] Furthermore, the discussion of the U-shaped response to MAP (Line 191) 

is intriguing but remains qualitative. A more rigorous statistical exploration of these 

nonlinear relationships (e.g., using generalized additive models) would greatly bolster 

this key finding. 

[Response] In the revision, we conducted a more rigorous statistical analysis using 

accumulated local effects (ALE) to characterize the nonlinear relationships between 
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soil micronutrients and MAP (Figure R6). For Fe, Mn, Cu, Zn, and V, the response 

curves followed a decrease-stabilization-increase pattern, forming a clear U-shaped 

response. Predicted micronutrients decreased sharply under low to moderate 

precipitation, remained relatively stable across intermediate precipitation, and then 

increased again under high precipitation. Ni showed a hump-shaped pattern, with high 

values at low MAP followed by a gradual decline and subsequent stabilization. Both 

PDP and ALE analyses identified similar trends, confirming the robustness of the 

nonlinear precipitation effects on soil micronutrient distributions. This pattern likely 

reflects a trade-off between weathering, leaching losses and element retention under 

contrasting hydrological conditions. We have added these points into updated 

Discussion.  

Here we chose ALE instead of GAMs because ALE captures conditional effects 

consistent with the Random Forest structure, avoiding biases from correlated or 

interacting predictors and better reflecting precipitation’s nonlinear influence on 

micronutrients. Thanks for your understanding. 

 

Figure R6. Nonlinear responses of soil micronutrient contents to mean annual 

precipitation (MAP) estimated with accumulated local effects (ALE). The short ticks 

(rugs) beneath each graph indicate the distribution density of the samples along the 

MAP axis. 

[Comment 4] The poor performance of the models for Cu and Mo needs a more 

thorough discussion. Simply stating limited utility is insufficient. The authors should 

hypothesize why these elements are less predictable. Are the key drivers not captured 

in the predictor set? Is measurement error higher? Is their distribution more stochastic? 

This critical reflection is essential for a balanced interpretation of the results. 
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[Response] Thanks for the kind comment. In the revision, we added a subsection to 

discuss why Cu and Mo exhibit weaker predictive performance. First, analytical 

limitations may introduce measurement error, as both elements occur at very low 

contents. Second, key process controls are not fully captured by the current predictors. 

E.g. Cu is strongly influenced by nonlinear interactions with Fe/Al oxides, whereas Mo 

is affected by carbonate content, redox conditions (Tack et al., 1995). These 

mineralogical and redox variables are underrepresented, leading to potential bias. In 

addition, both elements show hotspot-prone, right-skewed distributions (Figure 2), 

likely due to localized anthropogenic sources. The spatial heterogeneity introduces 

stochastic variability beyond the range of our covariates. We have added these points 

into revised Discussion. Also, we added pixel-level uncertainty layers with the maps 

for users to properly utilize these datasets.  

[Comment 5] The results show significant lithological control for some elements (Fig. 

4), yet climate is reported as the dominant driver in the importance analysis (Fig. 5). 

This apparent discrepancy needs reconciliation. The discussion should integrate these 

findings, explaining how regional climate patterns might override or interact with the 

inherent geochemical signal from the parent material across the vast plateau. 

[Response] Many thanks for this thoughtful comment. A closer examination of Fig. 4 

shows that Fe, Mn, Zn, Ni, and V display slightly higher contents over acidic 

metamorphic rocks (MA), whereas Cu show no significant lithological differences 

(Figure R7). Although lithological differences are detectable for some elements, they 

do not alter the overall spatial patterns. The weak lithological signal for Cu further 

suggests limited parent-material control. In summary, lithology modulates the baseline 

levels of certain micronutrients but is not the dominant factor shaping their regional 

distributions, which are more strongly governed by external environmental drivers such 

as climate, weathering intensity, sediment transport, and biotic cycling. We have 

incorporated these points into the revised Discussion.  
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Figure R7. Variability in soil micronutrient contents (Fe, Mn, Cu, Zn, Ni, V) across 

Tibetan lithological classes. Abbreviations of lithological classes: IA = acidic igneous 

rock, MA = acidic metamorphic rock, SC = clastic sedimentary rock, SO = carbonate 

rock, UE = eolian facies rock, UF = fluvial facies rock. 

[Comment 6] The high-resolution prediction maps (Fig. 7) are a key output. However, 

the manuscript does not provide associated uncertainty maps (e.g., prediction intervals). 

For users to properly utilize these datasets, an assessment and visualization of spatial 

uncertainty are crucial. Please add this or explicitly state it as a limitation. 

[Response] Following your suggestion, we considered the model-based uncertainty 

from the Random Forest algorithm and added a pixel-level uncertainty layer (Figure 

R8) alongside the spatial prediction maps and supplemented the calculation method in 

the Methods section: “The uncertainty layer is calculated as the inter-pixel variance 

among tree predictions”. 

In addition, we discussed the input-data-related uncertainties not quantified in this study. 

The gridded climate data were derived based on a limited number of meteorological 

stations, and sparse coverage at high elevations may introduce biases in the western 

Plateau. Likewise, the soil property data, though based on all available field 

observations, remain limited in remote areas, potentially causing systematic bias. These 

data constraints still affect prediction accuracy of soil micronutrients. Accordingly, we 

added the following statement to the revised manuscript: “The spatial predictions 

inevitably contain uncertainties arising from both the Random Forest model and the 

input datasets. Model-based uncertainty was quantified as the inter-tree variance 

among predictions, while additional uncertainty may stem from sparse meteorological 

observations and limited soil sampling across the Tibetan Plateau”. (Lines 362-365 on 

Page 17-18). 



 

38 

 

 

Figure R8. Spatial uncertainty of soil micronutrients (Fe, Mn, Cu, Zn, Ni, V) 

predictions across the Tibetan Plateau, expressed as standard deviation of per-tree 

predictions in the random forest; units in mg kg⁻¹. 

Minor Comments: 

[Comment 7] The abstract mentions six microelements but the title and data 

availability specify only four (Fe, Mn, Zn, Ni). The title and abstract should be aligned. 

Either adjust the title to reflect the full study or refocus the abstract on the four well-

predicted elements. 

[Response] We have updated the title as follows: “Mapping key soil micronutrients 

across the Tibetan Plateau”. 

[Comment 8] Figure 1b is described but not effectively explained in the caption. The 

relationship between the bars and dots (ecosystem area vs. sampling frequency) should 

be explicitly stated to justify the representativeness of the sampling strategy. 

[Response] We have revised the caption of Fig. 1b to state that the bars represent the 

areal proportion of each ecosystem, while the dots represent the proportion of sampling 

sites within the same ecosystem. Similar bar and dot heights indicate that the sampling 

is proportionally representative. 

[Comment 9] The terms "micronutrients," "microelements," and "trace elements" are 

used interchangeably. For consistency and precision, authors should choose the same 

word throughout the manuscript. 

[Response] To ensure consistency and precision, we use “micronutrients” throughout 

the manuscript. 
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[Comment 10] The data availability section provides a DOI, but this should also be 

formally cited in the main text (e.g., in the Methods or Results section) when the dataset 

is first mentioned. 

[Response] We have added a formal citation with the DOI at the first mention of the 

dataset in the Abstract section.    

[Comment 11] Line 40 has a trailing comma after "Mo" ("...Ni, Mo,)."). 

[Response] The redundant comma has been deleted. 

[Comment 12] The discussion on ecological implications (Lines 228-233) is good but 

could be slightly expanded. Briefly mention specific plateau processes that might be 

most sensitive to these micronutrient limitations.  

[Response] Thank you for the suggestion. Multiple biogeochemical processes are 

sensitive to micronutrient availability. Biological nitrogen fixation relies on Mo and Fe 

as essential cofactors of nitrogenase, while the methane cycle depends on Ni and Cu 

through their roles in methanogenesis and methane oxidation, respectively (Thauer et 

al., 2019; Stefan et al., 2020). Permafrost thaw and thermokarst development can 

further activate Fe-Mn redox cycling, altering metal mobility (Chauhan et al., 2024). 

Collectively, soil micronutrients depletion may cascade through nutrient cycling and 

ecosystem feedbacks, amplifying the impacts of ongoing environmental change across 

the Plateau. We have incorporated these points into revised Discussion.  
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