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15  Abstract: Machine learning (ML) has been extensively applied to studies on spatial

16  distribution characteristics of atmospheric composition, but quantitative assessments of
17  uncertainties arising from input data properties are still lacking. To address this gap, we
18  conducted a case study on wet deposition of reactive nitrogen (Dwet). The Extreme

19  Gradient Boosting (XGBoost) model was employed to predict Dywe in East Asia and

20 Southeast Asia (SEA) with a compiled dataset from multiple sources. We quantified the
21  impacts of input data characteristics on model performance and Dyel; estimations via

22 three sensitivity experiments. Key findings revealed that: (1) Sample size below 6,000—
23 9,000 led to a maximum 12% accuracy loss, while exceeding this threshold provided

24 marginal performance improvement. (2) Uneven spatial distribution of monitoring sites
25  caused 9-51% deviations from baseline performance, with >50% variability in Dwet

26  estimations in data-scarce regions (e.g., western China and SEA). (3) Imbalanced site
27  types lead to insufficient representation of remote sites, resulted in 9-40% overall

28  accuracy loss and a high risk of severe overestimation (100%) in remote areas. The bias
29  was attributed to both data range shifts and altered feature-target relationships (e.g., NHs
30  emission vs. Dwer-NH4"). Additionally, inconsistencies among multi-source datasets and
31  limitations of ML structure further introduced uncertainties. This study quantified

32 previously unaddressed input data-induced uncertainties in ML-based N; deposition

33 research, providing critical insights for reliable application of ML-derived data in N;

34  management. The proposed uncertainty assessment framework is also applicable to other

35  ML-based geospatial interpolation tasks facing data scarcity challenges.

36  Keywords: Nitrogen deposition, Machine learning, Uncertainty quantification, Model

37  robustness, Sample-to-Feature Ratio, Sample selection, Imbalanced data
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43 1. Introduction

44 Machine learning (ML) demonstrated superior capability than traditional methods (e.g.,
45  linear regression), due to data and hypothesis-driven approach and capability of describing
46  complex relationships among variables (Zhu et al., 2023; Zhong et al., 2021). Zhu et al.
47  (2023) and Zhong et al. (2021) reviewed common issues related to ML application in
48  environmental science, which covered a broad range of topics related to data (i.e., data size,
49  data enrichment, and feature selection) and model (i.e., model selection, model
50  development and evaluation). Each category could pose considerable impacts on model
51  interpretation and data reliability, yet only limited number of studies (24%) have included
52 uncertainty assessment (Zhu et al., 2023). In addition, more attention has been paid to
53 model optimization, for instance developing new model architectures (Zhao et al., 2022;
54  Chen et al., 2023; Zhou et al., 2023), modifying existing models (Li et al., 2020a), and
55 implementing ensemble techniques (Rui Li, 2021; Lu et al., 2020), while uncertainties
56  arising from input data properties are still lacking. As machine learning approach gains
57  increasing popularity in addressing environmental science problems (Guo et al., 2025),
58  uncertainty assessment, especially quantitative investigation becomes a demanding and hot

59  topic (Heid et al., 2023; Chua et al., 2023).

60 ML-based regional quantification of reactive nitrogen (N;) depositions has been
61  widely applied to assess environmental impacts and sustainability (Zhao et al., 2022; Chen
62 etal, 2023; Yixin Guo, 2024; Yu et al., 2024; Shang et al., 2024), making data quality of
63  crucial importance. The issues related to data inputs have been mentioned in most ML-base
64 N deposition studies but have lacked in-depth discussion. For instance, Li et al. (2020a)
65  constructed the wet NH4" deposition for China with space-time ML models and claimed
66  the number of sites used for model training could greatly affect their model robustness.
67  Zhou et al. (2023) built China’s nitrogen deposition with the Random Forest (RF) model
68  and pointed out that insufficient data are available to assess the model’s accuracy in remote
69  regions. Zhao et al. (2022) estimated China’s bulk N; deposition by using the Generalized
70  Additive Model (GAM) and claimed that using urban and rural sites for training the model
71  may lacking representation for background regions. According to these studies, regional-
72 scale studies on N; deposition faces challenges of data scarcity (Tan et al., 2022), which

73 leads to issues in ML development, evaluation, and application, like data insufficiency and

4



https://doi.org/10.5194/egusphere-2025-6160
Preprint. Discussion started: 20 February 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

74  dataset shift (i.e., discrepancies between training and testing conditions (Adams, 2009), a
75  common issue in ML-based environmental studies). To our knowledge, no systematic
76  investigation has been conducted to quantify these influences. And lacking such
77  uncertainty assessment may lead to overconfidence in data reliability (Zhu et al., 2025),

78  potentially misinforming critical environmental policies and ecological risk assessments.

79 To fill this gap, this study presents a quantitative examination on the uncertainties in
80 ML application on studying N; wet deposition (Dwet), with particular focus on input data-
81  induced variations. Figure 1 presents the research framework. We constructed the ML
82  model for predicting regional Dyet values for East Asia (EA) and Southeast Asia (SEA)
83  with the extreme gradient boosting (XGBoost) model (section 3.1). We then conducted
84  three sensitivity tests (sections 3.2 and 3.3) to examine the impacts of sample size, spatial
85  distributions, and site types of model inputs on model robustness. We further quantified the
86 influences of these factors on the estimation of regional Dwet amounts (section 3.4).
87  Through the findings, we addressed several key questions concerning uncertainty
88  quantification raised in previous research but remain unquantified (section 4.1).
89  Additionally, we delineated some potential sources of uncertainty uncovered in our
90 investigation (section 4.2) and discussed the potential risks of applying ML-derived N;
91  deposition data and findings for N; management (section 4.3). While the findings
92  specifically pertain to ML-based studies on N, deposition, the proposed framework is
93  broadly applicable to ML applications targeting analogous topics, particularly those

94  involving data scarcity challenges and geospatial interpolation tasks.
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96  Figure 1. Framework of this study. (a-b) Collection of observational data as targets (a)
97 and features (b) for model development. (¢) Process for model development. (d-f)
98  Sensitivity tests. Case S1: impact of sample size on model performance (d), Case S2:
99  influence of spatial distribution of observational sites on model performance and prediction
100  ofregional deposition amounts (e), and Case S3: effect of site types (urban, rural, remote)

101  on model robustness and deposition predictions (f).
102 2. Data and Methods
103 2.1 Collection and treatment of ground monitoring data

104 This study utilized ground-based measurements of NOs~ and NH4* wet deposition
105  from monitoring networks for model development and evaluation, including (1) the
106  National Acid Deposition Monitoring Network (NADMN), which comprises 407 sites of
107  wet-only measurements for the year 2010 (Tan et al., 2022; Li et al., 2019); (2) the Acid
108  Deposition Monitoring Network in East Asia (EANET) network, which provides 57 sites
109  of wet-only measurements for 2000-2018 (link: https://www.eanet.asia/, last access:

110 2025/10/14); (3) and the Nationwide Nitrogen Deposition Monitoring Network (NNDMN)),
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111 which provides bulk measurements (wet deposition plus part of dry deposition) at 32 sites
112 for 2010-2015 (Xu et al., 2019). We converted the values to wet-only deposition using the
113 ratio (0.7) following (Yu et al., 2019). In the sensitivity test on influence from sample size,
114  we used the deposition data from the National Trends Network (NTN) of National
115  Atmospheric Deposition Program (NADP) for U.S. (link:
116  https://nadp.slh.wisc.edu/networks/, last access:2025/10/14) as supporting information. It
117  provides wet-only measurements at 207 sites for 2001-2018.

118 All datasets were subjected to the following quality control procedures: (1)
119  Completeness check: Records with missing data were first excluded to avoid biases from
120  incomplete entries. (2) Unit standardization: Data from multiple sources were uniformly
121 converted to kg N ha™! month™. (3) Outlier detection and removal: Outliers were defined
122 as values exceeding the threshold of "mean + 3 standard deviations (SD)". These values
123 were screened and excluded to prevent skewing the dataset. The final processed dataset
124 contains up to 16,000 records (Table 1), providing a robust foundation for subsequent

125  model training, validation, and evaluation.

126 The target variable used in developing the ML model is the concentration of NO3"
127 and NH4" ions in precipitation (Cwet:NO3™ and Cwer-NH4"). We focused on concentration
128  rather than deposition, since the uncertainty in predicting precipitation has been relatively
129  well studied by chemical transport models (Itahashi et al., 2021; Liu et al., 2021; Zhao et
130  al.,2017) and machine learning models (Barrera-Animas et al., 2022; Ding and Peng, 2020;
131  Peng et al., 2017b; Peng et al., 2017a; Peng et al., 2019). The Cye: value is calculated as
132 equation (1).

DWE
133 Cyer = Pre; (1)
134 Where, Cye: is the concentration of ions in precipitation (mg N L), D, is the wet

135  deposition flux (kg N ha! mon™), and Prep is the accumulated precipitation (mm mon™').

136 Table 1. Observational datasets used in this study
Datasets Nur;lilz:;s of Site type Time coverage Valid data number Reference
. . . 4130 for NH4+
NADMN 407 sites  Rural: 244, Urban: 163 2010, monthly 4446 for NO3- (Tan et al., 2022)
. Rural: 19, Urban: 6, 2010-2015, 1554 for NH4+
NNDMN 32 sites Remote: 7 monthly 1436 for NO3- (Xu etal., 2019)
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. Rural: 15, Urban: 22, 2000-2018, 10577 for NH4+ https://www.eanet.asi
EANET >7 sites Remote: 20 monthly 10728 for NO3- a/
. 2001-2018, 48178 for NH4+ https://nadp.slh.wisc.
NTN 207 sites / monthly 48370 for NO3- edu/networks/

137 2.2 Development of ML model

138 This study utilized the EXtreme Gradient Boosting (XGBoost) models for
139  predicting Cwet values. This model is an efficient ML algorithm based on the gradient
140  boosting framework proposed by (Chen and Guestrin, 2016). It employed innovative
141  techniques including regularized objective functions, weighted quantile sketching, and
142 parallel computing to enhance both predictive accuracy and computational efficiency of
143 decision tree ensembles. The XGBoost model has been widely applied in atmospheric and
144 environmental research, such as atmospheric pollutant concentration forecasting (Chen et

145  al., 2019) and air quality assessment (Tao et al., 2024; Zhang et al., 2022; Li et al., 2020b).

146 The targets used for developing XGBoost models were described in section 2.1.
147  The features used encompassed three categories of gridded data: (1) air pollution emission
148  data from Hemispheric Transport of Air Pollution (HTAP) v3 database (Crippa et al., 2023)
149  (https://edgar.jrc.ec.europa.eu/dataset _htap v3, last access: 2025/10/14). It provides
150  monthly emission gridmaps (2000-2020) from anthropogenic sources for main air
151  pollutants, including NOz, PMa.s, SO2, NMVOC, and NH3; (2) meteorological parameters
152  from ERAS-Land reanalysis data (https://cds.climate.copernicus.eu/, last access:
153 2025/10/14), including total column water (TCW), total column water vapor (TCWYV),
154  surface pressure (SP), total precipitation (TP), 2-meter dewpoint temperature (D2M), 2-
155  meter temperature (T2M), 10-meter wind speed (WS1¢), and boundary layer height (BLH);
156  and (3) geographical information, including the latitude and longitude of monitoring sites.
157  All data were spatially aligned to a uniform 0.25° x 0.25° resolution grid to ensure

158  consistency.

159 It should be noted that some previous studies used satellite data (i.e., vertical
160  column density (VCD)) as features. We therefore compared the models’ performance
161  between using emission data and satellite data for 2008-2010. The results showed a
162  minimal difference in model performance between the two (Table S1). However, satellite

163  data could not fully cover our study period (for instance, NH3 VCD are available from 2008
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164  to 2020). Therefore, we used emissions of NOx and NH3, which are the main precursors of

165  Cwer-NOs and Cye-NH4" as features for model development.

166 The dataset was partitioned into training and testing subsets following an 8:2 ratio.
167  We adopted the “CVT+Grid Search” pathway for model development (Zhu et al., 2023).
168 In the pretraining-to-validation step, we used a ten-fold cross-validation (10-fold CV)
169  design and grid search method to obtain the optimal hyperparameters. The training dataset
170  was evenly divided into 10 folds, with the models iteratively trained on 9 folds (pretraining)
171  and validated on the remaining fold (validation). The pretraining process is used to perform
172  feature engineering, and the validation dataset is used to tune hyperparameters. This
173 process was repeated 10 times to ensure each data subset was used as validation data once.
174  The average performance is reported as 10-fold CV performance. The optimal
175  hyperparameters used are listed in Table S2. The models with the optimal structure were

176  then evaluated in the independent test on the testing dataset.
177 2.3 Base case and sensitivity tests

178 The development of the ML model depends largely on the structure of inputs (Zhu
179 et al,, 2023). We concluded two types of dataset shift problems in ML development: (1)
180  sample selection bias, which occurs when the distribution of training data fails to match
181  that of the test scenario. For Dywet, over 80% of monitoring data clustered in eastern China
182  (Fig. 2a), where air pollution emissions are high. The insufficient representation of the low
183  emission areas (e.g., western China and EACN regions) could induce severe spatial
184  sampling biases, and (2) imbalanced data bias in multiclass prediction, when data points
185  for some classes are much rarer compared with others. For Dyet, the overwhelming number
186  of sites in urban and rural areas (>80%) over background areas (natural vegetation) is

187  highly likely to cause this kind of problem (Fig. 2b and Table 1).

188 This study examines the models’ sensitivity to the above-mentioned dataset shift
189  issues by comparing results from Base and three sensitivity experiments (Cases S1-3). The

190  numbers of data used for model training and testing are listed in Table 2.

191 (1) In the Base case, we used the whole dataset for model training and testing.
192 (2) Sensitivity case 1 (Case S1) aims at examining the impacts from sample size. We used

193 different data subsets to train and evaluate the model, with sample sizes increasing from

9
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3,000 to 16,000 samples in increments of 1,500. For a rigorous and fair assessment, we
employed a random sampling strategy: for each subset, the model was trained and
tested 20 times, with a random split of training and testing data applied in each iteration.
Results are reported as the mean and variability (range) of model performance across

these 20 replicate tests.

(3) Sensitivity case 2 (Case S2) aims at investigating the sample selection bias caused by

the unevenness in spatial distributions of measurements. The monitoring sites were
divided into 6 categories according to the regions (Fig. 2a), including North China (NC),
Northeastern China, Northwestern China and Tibetan Plateau (NENWTP), Southeast
China (SE), Southwest China (SW), East Asia except China (EACN) and SEA. In each
iteration, we used data of 5 regions for model training and the remaining one for model

evaluation.

(4) Sensitivity case 3 (Case S3) is designed to assess the data imbalance bias that stems

from the uneven distribution of site types. Urban, rural and remote sites show different
characteristics in N; depositions (e.g., seasonal variations) (Tan et al., 2022). However,
the numbers of urban (191) and rural (268) sites largely outweighed that of remote sites
(27 sites) (Fig. 2b and Table 1). We hypothesized that the model would exhibit reduced
accuracy for remote sites, which represent ‘rare events’ in the dataset. To examine this,

we used data of 2 site types for model training and the remaining for model evaluation.

40 401 &
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20 & WSW [] EACN 20 [] Natural Vegetatio
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+ NADMN Rural
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Figure 2. Study domain and distributions of monitoring sites. (a) Domains of six

regions and locations of EANET, NADMN and NNDMN monitoring sites. (b) Land use
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types of research domain and monitoring sites. The land use type came from(Liu et al.,
2020).

Table 2. Sample sizes in the Base case and sensitivity tests.

Training dataset Testing dataset
. Sample Sample Sample Sample
Cases Scenarios Data sizes for  sizes for Data sizes for sizes for
Cwet' Cwet' Cwet' Cwet'
NH4* NOs NH4* NOs3”
Random Remaining
Base 80% 13009 13288 20% 3252 3322
Case S1 Random Increases from 2400 Remaining  Increases from 600 to
80% to 12800 20% 3200
SEA 11881 12143 SEA 4380 4467
EACN 11844 12168 EACN 4417 4442
The
Case $2 NENWTP remaining 15121 15389 NENWTP 1140 1221
NC ﬁvg 14336 14701 NC 1925 1909
regions
SW 14768 15057 SW 1493 1553
SE 13355 13592 SE 2906 3018
REMOTE Rural - and )9, 12591 Remote 3967 4019
Urban
CaseS3 URBAN Rural —and .0, 10481 Urban 6069 6129
Remote
Remote and
RURAL 10036 10148 Rural 6225 6462

Urban

2.4 Metrics for performance evaluation

We employed four metrics for model evaluation: (1) correlation coefficient (R) to
validate predictive power, (2) root mean square error (RMSE) for absolute error magnitude,
(3) mean absolute error (MAE) for robust absolute deviation analysis, and (4) normalized
mean bias (NMB) for systematic bias assessment. The calculations of the metrics are shown
in equations (2-5).

R= I Xi=D=7)

- \/Z{LI(XI-—)?)Z—\/ZL(YL-—Y)Z

N Y
RMSE = /_fi=1<’IfVL Yi)? 3)

11
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N
28 MAE = 2=l @)
220 NMB = Z=liX) 5
- ziAL1X i )
230 where X; and Y; represent the observation and model prediction, respectively. X and
231 Y denote the corresponding mean values. N is the number of data pairs.
232 To quantify the influences of dataset shift issues on model performance, we calculated

233 the Symmetric Mean Absolute Percentage Error (sSMAPE) on the testing data (Eq. 6). This
234 metric could eliminate the influence from data scaling, in case the Cwet values varied largely
235 among different scenarios. Then, we compared the SMAPE values between sensitivity
236  cases and the Base case (Eq.7). The Deviation index is used to quantify the influences on

237  model performance.

N
_100% 1Yi—Xil
238 sMAPE = N Zi=1 (yl+1x;D/2 N

sMAPE(Si)— sMAPE(BASE)
SMAPE (BASE)

239  Deviation (Si) = x 100% @)

240 Where Si denotes the results of sensitivity case i.

241 3. Results
242 3.1 ML model performance in Base case

243 Figure 3 demonstrates the model performance on predicting Cywet values. For Cyer-
244  NH4", the model achieved a R value of 0.74 and RMSE of 0.74 mg N L'! in the independent
245  test (Fig. 3c). The predictions agree well with the measurements at the range of 0-1 mg N
246 L', where 95% of the data are concentrated. However, it tends to underestimate the values
247  larger than 1 mg N L', especially after the values reached 4 mg N L', This high-value
248  underestimation was also found in the development of models (Fig. 3b). The model
249  achieved similar performances for predicting Cwer-NO3™ (Figs. 3d-f), with a consistent
250  performance between the 10-fold CV and independent test, and a tendency of

251  underestimating high values.

252 Figure 3g-h show a comparison between this study and previous ML-based studies on
253 N deposition (Zhao et al., 2022; Lu et al., 2020; Chen et al., 2023; Zhou et al., 2023; Li et
254 al.,, 2020a; Rui Li, 2021). To note that the cited studies all used Dwet as targets. For a fair

12
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comparison, we also tested the model performance when using Dyt instead of Cwe as target.
The model obtained 7-14% higher R values in both 10-fold CV validations and independent
tests than those for Cwet (Figs. 3g-h, Table S3). This is probably due to the higher
correlation between Dye and Prep (R>0.4) than that between Cyet and Prep (R =- 0.1) (Fig.

S1). Compared with other studies, our models showed similar accuracy (R value) with

others (lines in Figs. 3g-h). We also compared the estimations on China’s N; deposition

(boxes in Figs. 3g-h). We estimated 7.76 kg N ha! yr'! and 4.8 kg N ha™! yr'! of Dye-NO5”

and Dywe-NH4" for China (average of years 2000-2020), respectively, fell within the ranges

of other studies.
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Figure 3. Model performance evaluation on Cwet-NO3™ and Cwe-NH4". (a-f) Scatter

plots of observed and predicted Cwe values in model pretraining, 10-fold CV and

independent tests. (g-h) Comparison between this study with other ML-based studies on

model performance (R value) and on China’s N; deposition amounts.
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269 3.2 Influence of sample size on ML performance

270 The Sample-to-Feature Ratio (SFR), defined as the ratio of training sample size to
271  feature size, serves as a critical indicator for dataset adequacy in ML applications. Simple

272 classification problems typically require SFR=10, and complex models demand higher

273  ratios (Zhu et al., 2023). In this section, we test the model sensitivity to a maximum SFR
274  value of over 800 (13,000 samples with 16 features) and a minimum SFR value of 180
275 (3,000 samples), both exceeding the high-confidence threshold (SFR = 100) (Zhu et al.,

276  2023). The model performances were assessed based on both model accuracy (indicated
277 by R and RMSE values), and stability and reproducibility (denoted by the variations of R
278  and RMSE in 20 iterations).

279 Figure 4 shows the model accuracies in predicting Cwe-NH4 " in the 10-fold CV test
280  when trained with different subsets of data. To avoid bias from data selection, we repeat
281  the evaluation process 20 times with random data selection and present the results with the
282  box plots. Both the R and the RMSE values showed continuous improvement in model
283  accuracies as sample sizes increase (Figs. 4a-b). The R and RMSE values improved by 12%
284 and 9% from 3,000 samples to 16,000 samples, respectively. The ranges of 20 replicate
285  tests also became smaller with increases in sample size, indicating higher model stability.

286 We plot the changes in R (AR, defined as the difference in R between consecutive
287  sample size groups) and RMSE values (ARMSE, same definition) for every 1500 increase
288  in the sample sizes (Fig. 4c). The AR values decreased almost linearly with increases in
289  sample sizes with a slope of -0.27. We notice a large AR occur between 4,500 to 6,000
290  samples, after which the AR values are below 1%. Similar trend was found in ARMSE
291  value, with faster changes before reaching 6,000 samples. For Cwer-NO3™ (Fig. 4d and Fig.
292 S2), the relationship between accuracy improvement and sample sizes followed a similar
293  pattern, with 6,000 samples also identified as the “turning point”.

294 To further investigate how sample size affects the model inputs, we calculated the
295  maximum and mean values of measured Cwe~-NH4™ at each sample size and plot the
296  distributions of 100-time random iterates (Fig. S3). For Cwer-NH4", we found that the
297  maximum and mean values in subsets are close to those in whole dataset after getting more

298  than 6,000 samples. For Cwe-NO3", the sample size for a stable capture of maximum value
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299  is about 9,000 samples. To confirm the generalizability of this finding, we conducted an
300 independent verification using an extensive dataset from NADP, increasing the total sample
301  size to 48,000 (from the original Base case dataset) (Fig. S4). The results show similar

302  shapes in the relationship between model performance and sample sizes. The slopes in AR

303 (-0.24 for Cwer-NH4"; -0.28 for Cwe-NO3Y) were highly consistent to those with base
304  datasets (-0.28 for Cwet-NH4"; -0.34 for Cwer-NO3)).

305 Overall, our results suggest that sample size could significantly affect the ML model
306  accuracy for predicting wet deposition by up to 12%. We found some “turning points” at
307  which the improvements slowed down, despite the continuous improvement in model
308  performance with increasing sample size. This turning point suggests that 6,000 samples
309 are sufficient to balance model performance and data collection cost for Cwet prediction.
310 And we suggest this value as the minimum requirement to achieve stable model

311  performance for robust outcomes.
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313  Figure 4. Influence of sample size on ML performance. (a-b) Model performance (R
314  and RMSE) with increasing sample sizes for predicting Cwe-NH4". The boxplots represent
315  the results from 20 iterations with random data selections. (c-d) Percentage changes in R
316 (AR) and RMSE (ARMSE) between consecutive sample size groups for Cwe-NH4" (¢) and
317  Cwer-NO37(d) (unit: %).
318 3.3 Sensitivity of ML performance to dataset shift in inputs
319  3.3.1 Influence from spatial distribution of measurements
320 Figure 5 presents the model performance for Cye-NHs" under six S2 scenarios. The
321  model performed well in Cases S2-SE, SWand SEA (Figs. 5a-b,f). The sMAPE values in
322 the SE, SW and SEA regions were 98%, 97% and 100%, respectively, slightly higher than
323  that in the baseline (82%, model performance using the full dataset in Base case). The
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324  model biases were higher in Cases S2-NC and NENWTP (Fig. 5c-d). The sMAPE values
325  exceed 110% for both the NC (113%) and NENWTP (115%) regions, resulting in almost
326  40% deviations from the baseline in model performance. The ML model failed to catch
327  several peak values, especially in the NC region. As a result, the model predicted trend
328  showed a weak increasing trend (slope = 0.0009) while the observed value revealed a weak
329  decrease (slope = -0.003). The model performed a large overestimation (NMB = 230%) in
330  the EACN region, resulting in the highest sSMAPE values (124%) and the highest deviation

331  from baseline (52%) among all regions.
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333 Figure 5. ML model performance on Cwe-NH4" under Case S2 scenarios for 2000-
334 2018 (unit: mg N L"). The evaluation for the NENWTP region was conducted for 2010-
335 2015 due to lack of observational data.

336 To identify the causes of weakened model performance in certain cases, we
337  analyzed the model performance on monthly and inter-annual variations under six S2
338  scenarios (Fig. 6). For Case S2-NC, the model underestimated the Cyet values by 40-50%
339  during June-August (block in Fig. 6a), when observed values are the highest throughout
340  the year (Fig. 6¢). Similarly, the model has largely underestimated the values in 2000 by
341  about 70% (Fig. 6b), when observed values were ~120% higher than the 2000-2018
342 average (Fig. 6d). For Case S2-EACN, the model overestimated the Cwe-NH4" values
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by >200% in all four seasons. According to the observations in this region, the Cuwe-NH4"

is the lowest among all regions and about 60% lower than domain-average. This bias was

caused by insufficient model training of values > 2 mg N L™ and low values < 0.5 mg N

L' (Fig. S5). Similar problem is also found in the model performance on Cwe-NO3 (Figs.

S6-7), leading to 9-51% decreases in model performance.
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Figure 6. Comparison of ML prediction with observations under Case S2 scenarios

for Cwee-NH4" (unit: mg N L), (a-b) Scatter plots of model performance on seasonal

variations (a) and inter-annual variations (b). (c-d) Distribution of observed values in four

seasons (c) and during 2000-2018 (d).

Overall, the Case S2 test showed ML’s weakness in predicting the high- and low-

end ranges of data, resulting in 9-51 % decreases in model accuracy as indicated by sSMAPE

values. This issue occurs especially when the distribution of training data has largely

mismatched with that of the prediction scenario (S2-NC 2018). And the level of this

influence depends on the difference between the training and testing environments.
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358  3.2.3 Influence from imbalanced number of site types

359 Figure 7 presents the model performance for Cwe-NH4" under three S3 scenarios. The
360  model performed best in Case S3-Urban (Fig.7a). The sSMAPE values at the urban sites
361  were 89%, slightly higher than that in the baseline (82%). The modelled inter-annual trend
362  (slope =0.0003) is also close to that of observation (0.0013). In Case S3-Rural, the model
363  predictions were close to observations in all year except 2011-2015 (Figs. 7b, 7¢). The
364  good performance is due to a similar data range and distribution between rural and urban
365  sites (Fig. 8a), which provide sufficient data for model training. The bias during 2011-2015
366  stemmed from the fact that observed rural Cyet values from NNDMN (available in 2010-
367  2015) were much higher than those from EANET (Fig. S8).

368 In Case S3-Remote, the model largely overestimated the values by 109% (NMB) and
369  115% (sMAPE), indicating a 40% Deviation from the Base case in model accuracy. The
370  observations at remote sites (averagely 0.37 mg N L) are only ~40% of those at rural (0.88
371 mgN L) and urban (0.81 mg N L) sites. The model failed to predict the values at remote
372  sites by giving a very similar estimation to urban and rural sites (Fig. 8a), which is a sample
373  selection issue, as discussed in section 3.3.1. We also found that the R value (0.36) in this
374  case decreased sharply from the baseline (0.74), Case S3-urban (0.65) and Case S3-rural
375  (0.62). To explore the reason, we plotted the observed and predicted relationship between
376  NH; emission and Cwe-NH4" at three site types (Fig. 8b). The rural and urban sites showed
377  a marginal change in Cywer-NH4" as the N emission rises (slope=0.01) and the model has
378  well reproduced this relationship. While remote sites showed a clear increasing trend of
379  Cwe-NH4" with emission (slope=1.23), but the model predicted a contrast and weak
380  relationship (slope=-0.7). In this case, the ML model encountered not only a shift in data
381  range, but also a potential change in the relationship between features (NH3 emission) and

382 target (Cwer-NH4).

383 For Cwet-NOs', the deviation from baseline is much smaller (9-23%). The relationship
384  between Cyet and emission is well reproduced in Case S3-Remote for NO3", although the
385  Cyet values are slightly overestimated (Figs. 8c-d and Fig. S9). The emission estimation of
386  NOx is believed to be more robustness that of NH3, due to the high uncertainty in industrial
387  and agricultural NH; emissions (Liu et al., 2025; Crippa et al., 2023). In addition, the

388  relationship between observed Dwei-NO3™ and NOx emission are generally simpler than that
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389  between Dwer-NH4" and NH3 emission (e.g., linear in studies in CONUS US (Tan et al.,
390  2020) and mainland China (Liu et al., 2022)).
391 Overall, Case S3 tests showed a high risk of severe (>100%) overestimation over
392  remote areas when the number of remote sites is much less than the other two in model
393  training. The bias is attributed to dataset shift in data distribution and feature-target
394  relationship. The combined effect is 9-40% decreases in overall model accuracy according
395  to sSMAPE values.
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397 Figure 7. ML model performance on Cwet-NH4" under Case S3 scenarios for 2000-
398 2018 (unit: mg N L. (a-c) Comparison between model prediction and observations. (d-e)
399  Scatter plots of model performance on seasonal variations (d) and inter-annual variations
400  (e).
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Figure 8 Comparison of ML predictions with observations under Case S3 scenarios

for Cwee-NH4* (a-b) and Cwet-NO3™ (¢-d) (unit: mg N L), Comparison of observation

and prediction in data distribution (a and ¢) and relationship between N, emission and

Cuwet values (b and d). The values are monthly average values during 2000-2018. The N

emission is the sum of NOx and NH3 emissions derived from HTAPv3 (unit: tons N mon”

l).

3.4 Impact on estimations of nitrogen deposition amounts

Figures 9-10 show the influences of each sensitivity scenario on the estimations

during 2000-2020 for Dwe-NH4". The average Dwe: estimated in the Base case was about

9.0 kg N ha'! yr'! and the uncertainty (presented by one standard deviation of the difference

between sensitivity scenarios and Base case) was about 0.9 kg N ha™! yr'!, equivalent to 10%

of estimations in the Base case (Figs. 9a-b). The level of influence increased from north to
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414  south, with the highest uncertainty found in the SEA region (4-7 kg N ha! yr'!), followed
415 by southern China (2-4 kg N ha! yr'!") and northern China (<1 kg N ha'! yr'!).

416 The influences from site distribution (Case S2) ranged from -5% to 22%, causing -0.5

417  to 2.5 kg N ha'! yr'! deviation from the baseline (Fig. 10a). Case S2-SEA contributed the

418  largest bias, causing an average 21% overestimation on Dye-NH4". The impacts are widely

419  found in western China, northern EACN and whole SEA region (Fig. 9¢), where the level

420  of impacts reached 50%. The impact of Case S2-EACN is relatively small (0-2%) on

421  domain-average. But the influence is significant in western China (>50%), EACN (20-50%)
422  and SEA (>20%) regions (Fig. 9d).

423 The influence from imbalanced site type (Case S3) ranged from -14% to 10%, leading
424 to-1.5to 1 kg N ha'! yr'! deviation from the baseline (Fig. 10b). The absence of rural sites
425  in model training contributed to a 12-14% underestimation in domain-average NHs" wet
426  deposition. The impact is found in large areas of western China and SEA region, especially
427  in Malay Archipelago (>20%) (Fig. 9¢). Although the model biases were highest in Case
428  S3-Remote (Fig. 7), the depositions at rural sites were much higher than remote sites and
429  therefore the impact on domain-average deposition is higher. The contribution of Case S3-
430  Remote was about a 6-8% overestimation on domain-average. However, the impacts could

431  reach >50% on high sensitivity areas in western China and SEA regions (Fig. 91).

432 For Dwe-NOs", the uncertainties ranged 0.54-0.67 kg N ha™! yr'!, equivalent to 9-11%
433  ofbase estimation (Figs. 10c-d and Figs. S10-11). The influences from Case S2 (site spatial
434 distribution) ranged from -13% to 19%, causing -0.9 to 1.3 kg N ha! yr'! deviation from
435  the baseline, while the influence regarding Case S3 (imbalanced site types) ranged from -
436 8% to 8%, leading to -0.5 to 0.5 kg N ha! yr'! deviation. Compared to the condition in
437  Dwer-NH4", there is a considerable increase in the impacts from Case S3-NC, mainly impact

438  on the prediction for south part of Indonesia (Fig. S10h).
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Figure 9. Estimated depositions during 2000-2020 and deviations in sensitivity
scenarios for Dwe-NH4". (a) Estimated spatial distribution of Dwe-NH4" (unit: kg N ha'!
yr'), (b) One standard deviation of the difference between sensitivity scenarios and Base
case (unit: kg N ha! yr'!), (c-f) Percentage differences between sensitivity cases and Base

case for Cases S2-EACN, S2-SEA, S3-Rural and S3-Remote (unit: %).
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452 4. Discussion and conclusion
453 4.1 Key findings and contributions to previous studies

454 In the process of ML, various sources of uncertainty can arise, including inherent
455  noise within the data, ambiguity or variance in model parameters, appropriateness of model
456  selection (e.g., model structure), and uncertainty introduced by extrapolation (Jalaian et al.,
457  2019). This study focused on quantifying the impacts from input dataset on ML
458  performance and outcome data reliability, covering the following questions mentioned in

459  previous studies yet not quantified.

460 (1) Data sufficiency. Li et al. (2020a) proposed that the size of data can affect the
461 robustness of models, whereas this study further quantified the critical sample size
462  threshold (6,000-9,000 samples). In our Case S1 (section 3.2), we found a sharp
463  improvement in model performance as sample size increased to 6,000-9,000, with a
464  maximum 12% accuracy loss when sample size was below this threshold. Once the data
465  size exceeds 9,000, collecting additional data may not significantly benefit the application
466  on N; deposition.

467 (2) Uneven spatial distribution. Zhu et al. (2025) and Ge et al., (2024) argued that
468  the uneven distribution of observation points can introduce bias into ML models,
469  particularly in areas with few or no site observations. In our Case S2 (section 3.3.1), we
470  found 9-51% deviations from baseline ML performance due to model’s weakness in
471  predicting the high- and low- end ranges of data. In the extreme case, when building the
472 ML model with China’s datasets (high deposition values), the model would predict a >100%
473  overestimation at EACN sites (e.g., Japan, Korea) and 50% overestimation at SEA sites.
474  The overall influence on ML-based N; deposition ranged from -13% to 22% on domain-

475  average and >50% on data-scarce regions (western China, EACN and SEA).

476 (3) Site type imbalance. Zhao et al. (2022) and Zhou et al. (2023) mentioned that
477  model evaluations on remote site type were inadequate, thus training models may not fully
478  align with the deposition conditions observed at remote areas. In the S3-Remote scenario,
479  we found a high risk of severe (>100%) overestimation over remote areas when training
480  models with data from urban and rural sites. The total deviation from baseline performance

481  reached 9-40%, causing -14% to 10% uncertainty in N, deposition estimates on domain-
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482  average. In extreme cases, the impact of lacking information from remote sites is

483  considerable high (>50%) on remote areas in western China and SEA regions.

484 Our finding points to a higher SFR requirement than what is suggested by Zhu et al.
485  (2023). According to the number of available data from each data source (Table 1), it is
486  very hard to reach this threshold by using single-source dataset. And most of the previous
487  studied choose to use a combination of multiple data sources without data harmonization
488  process (Zhao et al., 2022; Lu et al., 2020; Chen et al., 2023; Zhou et al., 2023; Li et al.,
489  2020a; Rui Li, 2021). However, different datasets were found to be inconsistent in many
490  aspects regarding data sampling and quality (Tan et al., 2022), and the lack of standards
491  and harmonization is commonly found in monitoring data (Hassani et al., 2025). We found

492  several aspects of inconsistency in the datasets that weakens the model performance.

493 (1) Inconsistency among different data sources. Significant systematic discrepancies
494  exist between different monitoring networks (Tan et al., 2022). Different data sources
495  showed inconsistency in the data distributions (i.e., data range and monthly variations)
496  (Figs. S12-13). In addition, the regional representativeness of sites may strongly affect our
497  interpretation. Site density varies markedly across regions, being highest in the SE and NC
498  regions (approximately 1 site per million km?) and lowest in the EACN and SEA regions
499 (0.1 sites per million km?) (Table S4). These findings highlight the urgency of data
500  harmonization for multi-source dataset integration, which was rarely emphasized in

501  previous ML-based N; deposition studies.

502 (2) A shift in feature-target relationship. The ML tried to develop a relationship
503  between emission and meteorology (as feature) and Cye: (as target). During this process,
504  point-to-point relationship between emission and deposition is very important, as
505  emissions are the major precursors. Using the HTAP emission inventory as inputs, which
506  only includes anthropogenic emissions (including agriculture), was a potential reason for
507  failure to build the source-sink relationship at remote sites. To explore this, we replaced the
508 NH; emission with satellite NH3 VCD in Case S3-Remote for Cwe-NH4". The model
509  performance improved with R value increased from 0.36 to 0.58 and SMAPE value
510  decreased from 114.8% to 104.5%. The predicted relationship between N; emission and
511  Cwer-NH4" (slope=0.39) was also in better agreement with that observed (slope=1.23) (Fig.
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512 S14). However, the availability of satellite data (e.g., NH3 from Infrared Atmospheric
513 Sounding Interferometer (IASI) satellite is only available during 2007-2021 and contains
514  missing values) imposes constraints on its study time and precludes the capability to

515  generate predictions for future conditions.
516 4.2 Other potential sources of uncertainties

517 This study cannot provide a systematic evaluation of the uncertainties in ML-based
518 N deposition studies since this issue is far too extensive. Besides the above-mentioned

519  issues, we listed some potential sources of uncertainty for further studies.

520 (1) Impact from input data quality, such as high missing rates in satellite-derived NH4*
521  data(Shang et al., 2024) and the smoothing effect of meteorological data at 0.25° resolution
522 on local-scale phenomena (e.g. mountain sites (Muiloz-Sabater et al., 2021)), along with
523  the inherent challenge of global-scale inventory data in quantifying small-region variations
524 (Ma et al., 2025) (e.g. employing global emissions inventory to quantify regional surface
525 NHj3 concentrations). In addition, data treatment such as applying a fixed wet/dry

526  deposition conversion factor (e.g., 0.7) may underestimate actual deviations in arid regions'.

527 (2) Uncertainty from model selection. The performance of different fitting algorithms
528 s context-dependent (Di et al., 2020). Model structural deficiencies, such as the inability
529  of conventional machine learning approaches to adequately capture nonlinear chemistry-
530  meteorology coupling could also introduce uncertainty (Peng et al., 2024). It is suggested
531  to integrate higher-resolution datasets with physics-constrained modeling frameworks to
532 mitigate some of the dataset shift issues. For instance, precipitation, regional transport and
533 nonlinearity in aerosol formation are the major driver of source-sink relationship for China
534  (Zhao et al., 2022). The XGBoost models were developed based on a grid-to-grid
535  relationship between features and targets and thus couldn’t account for regional transport
536  processes. In addition, integrating results from chemical transport models, which contains
537  the secondary formation mechanisms of atmospheric species, could improve accuracy on

538 aerosol concentration (Fu et al., 2022).

539 This study did not quantify the uncertainty in dry deposition. The amount of dry
540  deposition measurements (only available from the EANET network) is insufficient to

541  conduct such study. In addition, wet deposition fluxes derived from measurements of
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542  chemical concentrations in rainwater and precipitation depth are considered more accurate
543  than those for dry deposition fluxes, since dry deposition detection contains substantial

544  uncertainty (Fu et al., 2022).
545 4.3 Implication for applying ML-derived data for N+ management

546 ML-derived N: deposition data has become a valuable tool for regional-scale N;
547  management, but its application need to be guided by a clear understanding of the
548  uncertainty boundaries. The acceptability of its uncertainty (9-50% in key scenarios)
549  depends on the specific management objectives, and attention is required for the following

550  three core application areas.

551 First, studies on terrestrial ecosystem protection and carbon-nitrogen cycle research.
552 Accurate N; wet deposition estimation in remote areas is demanding and non-negotiable,
553 even though monitoring sites are concentrated in urban/rural regions. N deposition directly
554 regulates plant productivity, soil carbon fixation, and soil greenhouse gas (GHG) fluxes,
555  which are critical for evaluating ecosystem resilience (Sun and Fernie, 2023; Feng et al.,
556  2023; Liao et al., 2024; Lu et al., 2021; Deng et al., 2020; Chen et al., 2020). This is
557  particularly urgent for threshold-based assessments such as critical loads (CLs) of N; for
558  sensitive ecosystems (e.g., tropical forests, wetlands) (Zhao et al., 2017; Watmough, 2024;
559  Pavlovic et al., 2023). The remote areas faced >20% variability in Dwet estimations due to
560 lacking sufficient information from remote sites (Case S3-Remote) and a high risk of >50%
561  overestimation caused by data scarcity (Case S2-EACN and SEA). These uncertainties
562  could distort the quantification of N; deposition impacts on terrestrial carbon sequestration
563  (Shang et al., 2024; Lu et al., 2021) and ultimately affect the reliability of environmental
564  protection policies guided by such studies (e.g., policies for acid deposition control in

565  China (Xie et al., 2024)).

566 Secondly, evaluation on N; emission control efficiency. Emission reduction benefits
567  aretypically calculated via the relative changes between N; emissions and deposition (Zhao
568 et al., 2022). Therefore, deviations in the baseline deposition amounts (up to 50%) could
569 largely distribute the effectiveness assessment of emission cuts. Additionally, long-term
570  future projection requires extra caution. Significant changes in predictive variables (e.g.,

571  extreme weather altering precipitation under climate change may invalidate the established
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572  feature-target relationships of ML models, leading to unreliable trend predictions (Hoesung
573 Lee 2024)). N; deposition also serves as an “additional nitrogen input” for agricultural
574  ecosystems. About 34% of N, deposition is utilized by crops in China, resulting in 25% of
575  global agricultural soil N2O emissions (Zhang et al., 2024; Yang et al., 2021). Even small
576  biases in deposition estimation could distort nitrogen use efficiency (NUE) calculations

577  and misguide fertilizer reduction strategies.

578 To maximize the reliability of ML-derived data in N; management, we propose four

579  actionable suggestions:

580 (1) Supplement monitoring in high-uncertainty areas: Prioritize short-term intensive
581 monitoring (or long-term site establishment) in regions with high uncertainty (e.g.,
582 western China, SEA remote areas) to improve the representativeness of training
583 data and reduce spatial sampling bias.

584 (2) Standardize cross-regional data collaboration: To address the inconsistencies
585 between datasets, it is suggested to establish a transnational/transregional
586 collaborative platform to coordinate N; deposition monitoring activities, integrate
587 multi-source data (e.g., NADMN, EANET), and implement unified quality control
588 (QC) and data harmonization processes.

589 (3) Highlight uncertainty in product outputs: Explicitly report of uncertainty ranges and
590 sensitive areas (e.g., on remote sites) when releasing ML-derived N products, to
591 avoid blind application.

592 (4) Combine ML with physics-constrained frameworks: For critical management
593 objectives (e.g., CL assessments, long-term projection), integrate ML models with
594 physics-based frameworks (i.e., chemical transport models) to constrain nonlinear
595 processes (i.e., regional transport, aerosol secondary formation) that ML alone
596 cannot capture.

597  Data and code availability

598 The -current version of XGboost code is available from GitHub website
599  https://github.com/dmlc/xgboost (last access: 15 December 2025) under an Apache-2
600 license. The raw data used in this study are publicly available. The the NADMN dataset
601  can be downloaded from (Li et al., 2019). The EANET dataset can be downloaded from
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602  https://www.canet.asia/ (last access: 2025/10/14). The NNDMN dataset can be
603  downloaded from (Xu et al., 2019). The NTN can be downloaded from NADP’s website
604  (https://nadp.slh.wisc.edu/networks/, last access:2025/10/14). The HTAP v3 emission
605 inventory can be downloaded from https://edgar.jrc.ec.europa.cu/dataset htap v3 (last
606  access: 2025/10/14). The ERAS5-Land reanalysis data can be downloaded from
607  https://cds.climate.copernicus.eu/ (last access: 2025/10/14).

608 The exact codes and the corresponding datasets are archived on Zenodo under
609  (https://zenodo.org/records/18092206, Tan et al., 2025). We used the ArcMap v10.801 to
610  generate the spatial distributions of nitrogen deposition (Fig. 2 and Fig. 9). We used the
611  Origin 2021 to generate the scatter plots and box plots (Fig. 6, Fig. 7(d-e), Fig. 8). This

612  study does not produce new data set.
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