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20 ABSTRACT

21 Greenhouse gases (GHGs) and aerosols have been the main contributors to climate
22 change. Here, future aerosols and GHGs impacts on global and regional surface air
23 temperature (SAT) are assessed using machine learning. We show that, following a
24  carbon-neutral pathway, global SAT rapidly increases by 0.8 °C from 2015 to 2050,
25 with 0.6 °C attributed to the substantial decline in aerosols. Considering both the
26  varying aerosols and GHGs, temperatures during 2015-2035 under the carbon-neutral
27  scenario are even higher than those under the high-emission scenario, demonstrating
28  that the near-term warming related to aerosol reduction is noteworthy, although carbon
29  neutral scenario is beneficial to slow down the warming. If CO> is reduced to mitigate
30  the warming caused by aerosol reduction, it has to decline from 400 ppm to 340-350
31 ppm. This study emphasizes the importance of anthropogenic forcings in regulating
32 climate change and reveals the dominant role of aerosols in modulating climate in the

33  near-term carbon neutral future.

34
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35 1 Introduction

36 According to the Intergovernmental Panel on Climate Change (IPCC) Sixth
37  Assessment Report (AR6), the global-mean surface air temperature (GSAT) has
38 increased by 1.09 °C in 2011-2020 relative to the average temperature of 1850—1900
39 and is expected to rise by 1.5 °C or more over the next 20 years (IPCC, 2021). Some
40 regions are experiencing more significant changes in mean surface air temperature
41  (SAT) than the GSAT. For instance, since 1900, China's SAT has increased at a rate of
42 1.3-1.7 °C per 100 years, which is significantly higher than the GSAT of 0.85 °C (Yan
43 et al., 2020). The intensification of global warming has led to an increased variability
44 in regional temperature, precipitation, and soil moisture (Sun et al., 2019; Ge et al.,
45  2019; Duet al., 2022; Thackeray et al., 2022), which further worsened various types of
46  extreme weather events and climate disasters in different regions of the globe (Guan et
47  al., 2022; Tebaldi et al., 2021; Song et al., 2022). Therefore, understanding the
48  underlying mechanisms of the temperature changes assists in better quantifying the
49  contributions of anthropogenic and natural forcings to the observed increasing SAT and
50  can improve observationally constrained projections of future climate change (Bone et
51 al., 2022).

52 External forcings and internal variabilities have different effects on climate.
53  External anthropogenic forcings include greenhouse gases (GHGs), anthropogenic
54 aerosols, and land use (Ren et al., 2022; Wang et al., 2023; Yang et al., 2022, 2023).
55  Volcanic emissions and solar radiation are examples of external natural forcing (Sternet
56  and Kaufmann, 2014; Marotzke et al., 2015). Numerous studies have demonstrated that
57  therise in GHGs and changes in aerosols are the primary causes of the global warming
58  observed during the 20th century (Folland et al., 2018; Jones et al., 2013). The increases
59  in GHGs concentrations have led to a warming of 1.5 <C in 2010-2019 compared to
60  1850-1900, with CO. and CHa contributions of 0.8 T and 0.5 <TC, respectively (Gillett
61 etal, 2021; IPCC, 2021). Also, by analyzing the factors contributing to temperature
62  changes, studies have shown that GHGs were the largest driver of global terrestrial
63  warming in the period 1965-2014, leading to an increase of near-surface temperature
64 by 0.3-2.0 <T in most land regions (Xu et al., 2024). The effect of aerosols on the
65 radiation balance also led to changes in SAT (Gao et al., 2022, 2023; Liu et al., 2023),
66  with black carbon (BC) being the second largest contributor to current global warming
67 after CO> (Ramanathan and Carmichael, 2008; Yang et al., 2019; Xie et al., 2023).
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68  Through interacting with radiation and clouds, aerosols have caused a cooling by 0.1
69 0.9 T over most land regions during 1965-2014 (Xu et al., 2024), which partially offset
70  global warming due to GHGs (Liu et al., 2019). Among aerosol species, anthropogenic
71  sulfate has a cooling effect of 0.5 <C globally, almost offsetting the warming effect of
72 CH4 (IPCC, 2021). The rapid warming of the Arctic over the last three decades also had
73 acontribution from the changes in anthropogenic sulfate and BC aerosols (Shindell and
74 Faluvegi, 2009; Yang et al., 2018a; Ren et al., 2020). Additionally, natural forcings
75  such as solar irradiance and volcanic forcing play a crucial role in temperature change
76  (Folland et al., 2018). Land use/land cover change also directly contributes to
77  temperature anomalies near the surface (Rigden et al., 2017; Li et al., 2015). Recent
78  studies (e.g., Sweeney et al., 2023, 2024) found that climate system internal variabilities
79  have contributed to the observed spatial pattern of Arctic warming and global cooling
80  (mostly in the Tropical Eastern Pacific and Southern Ocean regions) in the last few
81  decades (1980-2022). Using a pattern recognition algorithm based on machine learning
82 (ML), they successfully partitioned the roles of internal variability and externally forced
83  climate response.
84 ML has become a modern tool for regression tasks due to its computational
85 efficiency and state-of-the-art performance (Li et al., 2022; Ni et al., 2024). Pasini et al.
86  (2017) successfully reconstructed and attributed changes in GSAT from 1850 to 2010
87  using an artificial neural network (ANN) combining forcings such as GHGs, BC,
88  sulfate, solar activity, and volcanic forcing as input data. Their findings indicated that
89  anthropogenic forcing played a dominant role in the recent global warming. Xiao et al.
90  (2022) attributed GSAT changes to anthropogenic forcing, natural forcing, and internal
91  wvariability for the period of 18662019 using a multilayer perceptron neural network
92  technique and reported that anthropogenic forcing has increased the global surface
93 temperature by approximately 1.2 T from 1961 to 1990 and this technique presented
94  outstanding reconstruction skills on variations in global surface temperature. These
95  studies demonstrate that ML methods can effectively capture the nonlinear relationship
96  between various forcings and temperatures, enabling the feasibility of studying
97  temperature variations.
98 Emissions changes under various future scenarios are likely to lead to a diversity
99  of climate changes. Therefore, predicting and attributing future changes in SAT can
100  help understand climate change and shape mitigation strategies. In the latest Coupled

101  Model Comparison Project Phase 6 (Eyring et al., 2016), the Detection and Attribution
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102  Model Comparison Project (DAMIP) (Gillett et al., 2016) provides estimates of
103  historically forced subsets (aerosols only, GHGs only, natural factors only) of
104  temperature responses to assess the individual contribution of various external forcings
105 to the observed global and regional climate change. Furthermore, simulations of
106  aerosols, GHGs and natural forcings under future scenarios are also included in DAMIP.
107  Nonetheless, the scenario simulations were conducted only under the medium Shared
108  Socio-economic Pathway 2-4.5 (SSP2-4.5) scenario, which represents an intermediate
109 Ilevel of future changes in GHGs, aerosols, and land use. The contributions of individual
110  forcings to temperature under other emission scenarios are not yet available. To
111  minimize the negative impacts and risks of climate change, several countries have
112  committed to achieving carbon neutrality by the mid-21% century (De La Pefia et al.,
113 2022; Cheng et al., 2021). Ma et al. (2022) used the CESM1-CAMS5 model to conduct
114  aerosol radiative forcing simulations under the Representative Concentration Pathways
115 2.6 (RCP2.6) scenarios that is near the low-warming target in future projections. They
116  discovered that the cooling effect caused by the CO; decrease under the future low
117  emission scenario would be overwhelmed by anomalous warming effects from
118  reductions in anthropogenic aerosols for a relatively long time. In another study,
119  CESMI experiments were conducted to analyze temperature changes induced by GHGs,
120  aerosols, and tropospheric ozone toward a carbon-neutral pathway (Wang et al., 2023).
121  They showed that at the equilibrium status, warming across the globe induced by
122 aerosol reductions would be more pronounced during the carbon-neutral period than
123 changes in GHGs and tropospheric ozone. It suggests that aerosols dominate the change
124 in future climate under a carbon-neutral pathway, challenging previous knowledge
125  about the dominance of GHGs in climate change. However, the climate attributions
126  under the carbon-neutral scenario in previous studies were based on single model
127  simulations and the quantitative results are potentially model dependent.

128 Previous studies have shown that various factors can have distinct impacts on
129  temperature changes under different future scenarios. Most studies only considered the
130  SSP2-4.5 scenario based on CMIP6 DAMIP future simulations or results of individual
131  climate models. In this study, ML methods are used to quantitatively analyze the
132 contributions of GHGs and anthropogenic aerosols to future SAT changes in multiple
133  SSP scenarios by combining CMIP6 multi-model temperature outputs, aerosol and
134  precursor emissions, GHGs concentrations, and other auxiliary data (Fig. 1). The GSAT
135  and regional mean SAT for 18 latitudinal bands from 90<5 to 90 N, each spanning 10<
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136  are separately predicted. Three key regions including China, Europe and North America
137  are also individually focused on to investigate the causes of temperature changes.
138  Future scenarios, including the carbon neutral scenario (SSP1-1.9) and high emission
139  scenario (SSP5-8.5), are analyzed to more accurately bound temperature changes in
140  different regions, providing more precise climate change predictions and attribution

141  analyses.

142 2 Materials and methods

143 2.1 Surface air temperature data and driving forcings from CMIP6

144 The CMIP6 multi-model simulations provide the global monthly mean SAT data.
145  In this study, large SAT data from multiple CMIP6 experiments are used as the target
146  variable to train ML models. The experiments include the historical simulations
147  (hereafter referred to as historical), anthropogenic-aerosol-only historical simulations
148  (hist-aer), well-mixed greenhouse-gas-only historical simulations (hist-GHG), natural-
149  only historical simulations (hist-nat) and CO»-only historical simulations (hist-COz)
150 from DAMIP, the future-scenario climate simulations under SSP1-1.9, SSP1-2.6, SSP2-
151 4.5, SSP3-7.0 and SSP5-8.5 scenarios (sspl119, ssp126, ssp245, ssp370 and ssp585,
152 respectively) from the Scenario Model Comparison Program (ScenarioMIP) (O’Neill
153  etal., 2016), and anthropogenic-aerosol-only future simulations (ssp245-aer) and well-
154  mixed greenhouse-gas-only future simulations (ssp245-GHG) under SSP2-4.5 from
155 DAMIP. The DAMIP simulations used here adopt the “single forcing” approach, in
156  which simulations are driven by changes only in the individual forcing of interest,
157  leaving other forcings at pre-industrial levels. The experiments are described and the

158  models used are shown in Table S1.
159 Forcings affecting temperature are also collected from input4MIPs to train the

160 ML models. Anthropogenic and biomass burning emissions of aerosols and

161  precursors including BC, organic carbon, sulfur dioxide, GHGs concentrations, land
162  use, solar radiation and volcanic forcings covering the historical period and various
163  future pathways are selected as the input features for the ML models. See Table 1 for

164  adescription of the specific data.

165 2.2 Machine learning methods
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166 Light Gradient Boosting Machine (LightGBM) and Extreme Gradient Boosting
167  (XGBoost) are two of the most popular algorithms based on the Gradient Boosting ML
168  technique, which have features of great explanatory power, high accuracy and
169 efficiency (Friedman et al., 2001). XGBoost is an iterative decision tree algorithm
170  (Friedman et al., 2001) that consists of multiple decision trees to make the final decision
171 by iterating multiple trees together. Although XGBoost employs many engineering
172 optimizations, it is still not as efficient and scalable as it should be with high feature
173  dimensions and large amounts of data (Ke et al., 2017). LightGBM algorithm employs
174 two new methods, Gradient-based One-Sided Sampling (GOSS) and Exclusive Feature
175 Bundling (EFB) to ensure fast algorithm training and high accuracy. Compared with
176  XGBoost, LightGBM has a faster training time, lower memory usage, more efficient
177  processing of high-dimensional features, high parallelization capability, and lower
178  hyperparameter tuning requirements (McCarty et al., 2020). In this study, the GSAT,
179  zonal-mean SAT prediction models for individual latitudinal bands, and regional SAT
180  prediction models for countries of China, Europe and North America are built mainly
181  using LightGBM, while the XGBoost results are used for reference. The SAT prediction
182  in this study also shows a higher accuracy and faster speed with LightGBM than

183  XGBoost.

184 The following steps describe the specific procedure by which ML models attribute
185 and predict SAT (Fig. 1) :

186 First, input data sets are created in the same way as the CMIP6 design for the ML
187  model training. A large number of CMIP6 input variables for historical simulations,
188  ScenarioMIP (ssp119, ssp126, ssp245, ssp370 and ssp585) and DAMIP (hist-aer, hist-
189  GHG, hist-nat, hist-CO,, ssp245-aer and ssp245-GHG) are used to match the CMIP6
190  SAT outputs. Multi-model mean SAT anomalies are calculated and employed as the
191  target in the ML models.

192 Second, one ML model is trained for GSAT, eighteen models are trained for zonal
193  SAT over latitudinal bands from 905 to 90N, each spanning 10< and three models
194  are trained for the three focused regions including China, Europe and North America.
195  The input data sets are divided into two parts, with 90% for ML model training and 10%
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196  for ML model testing. Note that the data for model training and testing are randomly
197  selected since multiple CMIP6 simulations are involved and each of them has different
198 time period and experimental design. The LightGBM hyperparameters, including
199  boosting_type (type of algorithm), objective (optimized loss function), num_leaves
200  (maximum number of leaf nodes in each tree), num_boost_round (total number of trees
201  constructed), learning_rate (total number of trees constructed), reg_alpha (L1
202  regularization), reg_lambda (L2 regularization), colsample_bytree (proportion of
203  features used in training each tree), are tuned using the five-fold cross-validation for
204  each ML model. The optimal hyperparameters (boosting_type = gbdt, objective =
205  regression, num_leave= 50, num_boost_round = 200, learning_rate = 0.1, reg_alpha =
206 0.1, reg_lambda = 0.1, colsample_bytree = 0.9) are utilized for the GSAT model. The
207  coefficient of determination (R?), root mean square error (RMSE), and mean absolute
208  error (MAE) are calculated to evaluate the performance of the ML models.

209 Third, future temperature changes induced by changes in anthropogenic aerosols
210  and GHGs under various scenarios are predicted by using the trained ML models with
211  varying emissions of aerosols and precursors and GHGs concentrations, respectively,

212 for 2015-2100, while keeping other parameters at pre-industrial (1850) conditions.
213 3 Results

214 3.1 Predictive capability of machine learning models

215 Figures 2, S1 and S2 show the density scatter plots of the predictive ability of the
216  LightGBM models on the global, zonal, and regional SAT, respectively. The GSAT
217  predicted by the model is in a good agreement with the CMIP6 results, with R? reaching
218  0.99, RMSE of 0.11 °C and MAE of 0.08 °C. The LightGBM can also well predict
219  zonal and regional SAT with R? mostly higher than 0.91, except over high latitudes of
220  the Southern Hemisphere (70°-90°S), where R? is in the range of 0.8-0.9. The metrics
221  indicate that the model exhibits excellent performance and can accurately reconstruct
222  global and regional temperature changes. Figure 2b illustrates the importance scores of
223  the input features into the LightGBM model for predicting GSAT, a value that
224 represents the proportion of each feature contributing to the model's prediction results.
225  COz is the most important parameter among all the input variables, with an importance

226  of 14.4% to the model, which is consistent with previous studies that CO» contributed
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227  the most to historical temperature variations (Stips et al., 2016; IPCC, 2021). CO> is
228  also the most important feature influencing the models for zonal and regional SAT
229  prediction (Figs. S2 and S3). In addition, CH4 and anthropogenic emissions of black
230  carbon (BC), organic carbon (OC) and sulfur dioxide (SO.) are also important factors
231  inthe global and regional temperature prediction models (Ramanathan and Carmichael,
232 2008). The Shapley Additive Explanations (SHAP) values, which explain the extent
233 and direction of the influence of each feature to the model’s outcome, are also shown
234  in Fig. S4. From the SHAP calculation, GHGs, such as CO2 and N:O, contribute
235  positively to the temperature change globally and regionally. Anthropogenic emissions
236  of SO> also largely contribute to the temperature change, leading to the decreases in
237  global and regional SAT. However, due to the dominant role of sulfate among all
238  aerosols in historical climate change and the CMIP6 data do not have the individual
239  attribution simulations for scattering and absorbing aerosols as the input for ML models,
240  BC does not present a warming effect as expected in the ML models. It suggests that

241  more attribution simulations are required in the future CMIP protocols.
242 Figure 3 depicts the LightGBM-predicted and the corresponding CMIP6 historical

243  and future temperature anomalies over 1850-2100 under SSP1-1.9 and SSP5-8.5
244 scenarios relative to the 1850 level. The LightGBM-predicted temperatures are in
245  nearly perfect agreement with the CMIP6 simulations and can reliably forecast
246  historical and future temperature trends. Figure 3d displays the historical temperature
247  anomalies attributed to the changes in GHGs, COz, anthropogenic aerosols and natural
248  forcings projected by the CMIP6 and LightGBM models. Anthropogenic emissions of
249  aerosols acted as cooling agents from 1850 to 2020, and the aerosol cooling trend was
250  stabilized around 1990, related to the aerosol decline in Europe and North America
251  (Yangetal., 2018, 2020). The GHGs and CO; alone have consistently led to significant
252  warming across the globe, while natural factors such as solar radiation and volcanic
253  activity contributed to the interannual variability but minimally to temperature trends.
254 1t indicates that the LightGBM model can accurately attribute the contribution of

255  wvarious factors to historical temperature variations.

256 3.2 Attribution of global surface air temperature changes under future scenarios
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257 To improve the assessments of future climate change, the attributions are carried
258  out based on ML methods under future scenarios. First of all, it is crucial to evaluate
259  the accuracy of the ML model for future temperature attribution. Figure 4 shows the
260  LightGBM-predicted GSAT anomalies over 2021-2100 relative to 1850 attributed to
261  total forcings, anthropogenic aerosols, and GHGs under the SSP2-4.5 scenario. With
262  all forcings, the LightGBM can perfectly reproduce the temperature variations, with
263  GSAT anomaly increasing from 1.3 <C in 2021 to 2.6 <C in 2050 and 4.0 <C in 2100.
264  The future warming under the intermediate forcing scenario is primarily due to the
265 increase in GHGs predicted by both CMIP6 and LightGBM, while the decline of
266  anthropogenic aerosols also contributes to the warming. The LightGBM can also
267  perfectly predict changes in regional SAT in 2095 relative to 2020 attributed to
268  anthropogenic aerosols and GHGs under the SSP2-4.5 scenario over China, Europe,
269  and North America compared to the CMIP6 predictions (Figs. S5-S7). Therefore, it is
270  feasible to attribute future SAT changes to GHGs and anthropogenic aerosols with ML
271 methods.

272 Using the trained LightGBM model along with GHGs concentrations,
273  anthropogenic emissions of aerosols and precursors, attributions of SAT anomalies to
274 future changes in anthropogenic aerosols and GHGs under the carbon neutral (SSP1-
275 1.9) and high emission (SSP5-8.5) scenarios are estimated. Following the carbon
276  neutral pathway, GSAT rapidly increases by 0.8 <T from 2015 to 2050, then slightly
277  decreases until 2100 (Fig. 3b). As shown in Fig. 5a, the rapid warming is dominated by
278 the changes in anthropogenic aerosols, resulting from the rapid decline in future
279  anthropogenic emissions of aerosols and precursors (Fig. S8). It contributes to warming
280 by 0.6 <C, while the rest 0.2 <C is attributed to the changes in GHGs. It suggests that
281  aerosol changes will overtake GHGs in causing a warmer climate toward carbon
282  neutrality. In the second half of the 21% century, the cooling effect of anthropogenic
283  aerosols is significantly weakened and the decreases in GHGs contribute to the cooling
284  of the Earth. Under the high emission scenario, GSAT shows a monotonic increase by
285 more than 5 <C during 2015-2100 (Fig. 3c). Majority of the warming is from the
286  substantial increases in GHGs, while aerosols exert a minor role in the warming trend
287  (Fig. 5h).

288 Figures 5¢ and 5d show the difference in GSAT between the carbon neutral and
289  high emission scenarios due to the future changes in anthropogenic aerosols, GHGs and

290  both of them. Compared to the high emission scenario, the rapid decline of

10
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291  anthropogenic aerosols causes a fast warming by 0.55 <C across the globe between 2015
292  and 2035 in the carbon neutral scenario and this warming is then dampened to 0.35 <C
293  at the end of the 21% century associated with the follow-up aerosol reductions in the
294  high emission scenario. Due to the carbon control measures, lower GHGs levels in the
295  carbon neutral compared to high emission scenario result in a strong cooling effect by
296 4 T during 2015-2100. It is interesting that unlike the common wisdom that the carbon
297  neutral would cool the Earth relative to the high emission scenario, the GSAT increases
298  during 2015-2035 (Fig. 5d), attributed to the rapid decline in anthropogenic aerosols.
299 It demonstrates that although the carbon neutral scenario is beneficial in slowing down

300 the temperature rise, the near-term warming related to aerosol reduction is noteworthy.

301 3.3 Attribution of latitudinal and regional temperature changes

302 To investigate the causes of global near-term (2021-2030), medium-term (2045—
303  2054) and long-term (2091-2100) future temperature changes, SAT changes in each
304  10°<latitudinal band from 905 to 90N are predicted in 18 LightGBM models and the
305 attributions to anthropogenic aerosols and GHGs are analyzed here under the SSP1-1.9
306 and SSP5-8.5 scenarios. Following the carbon neutral pathway, substantial reductions
307 in anthropogenic aerosols cause warming over most latitudinal bands of the globe and
308  the warming is generally stronger than in the high emission scenario over the polluted
309  mid- and high latitudes of the Northern Hemisphere, relative to 2020 (Figs. 6a, 6d and
310  6Q). As the in-depth aerosol reduction from the short-term to long-term future, the
311 warming is intensified toward carbon neutrality. The GHGs show diverse contributions
312  under the carbon neutral and high emissions scenarios compared to the aerosol
313 contributions. Under the high emission scenario, continuous rises in GHGs induce a
314  sustained climate warming throughout the 21% century (Figs. 6b, 6e and 6h), with the
315  SAT increase by 2—4 <C in low and mid-latitudes and 4-9 <C in high-Ilatitude regions
316  in the long-term future compared to 2020. For the carbon neutral scenario, the zero-
317  carbon policies contribute to weaker warming in the near-term future compared to the
318  high emission scenario and even a slight cooling over most latitude bands in the long-
319  term future relative to 2020. It suggests that toward carbon neutrality, changes in
320  anthropogenic aerosols dominate the future climate, while the changes in GHGs control
321  the climate under the high emission scenario. The combined effect of GHGs and
322  anthropogenic aerosols results in a warmer climate in the future under both carbon

323 neutral and high emission scenarios (Figs. 6¢, 6f and 6i).

11
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324 However, beyond the expectation that the carbon neutral would cool the Earth, in
325  the near-term future, the warming induced by the combined effect of aerosols and
326  GHGs under the carbon neutral scenario is surprisingly stronger than that under the
327  high emission scenario over most mid-latitude regions (Fig. 6c). This anomalous
328 warming is attributed to the substantial aerosol decline in the near-term future,
329  especially over the polluted mid-latitude regions. The warming in the high latitudes is
330  stronger in high emission scenario than carbon neutral scenario controlled by the
331  increases in GHGs, because GHGs are more uniformly distributed in the atmosphere
332  together with the Arctic amplification. As the slowdown of emission reductions in
333 aerosols and precursors in the medium-term future (Fig. S8), the combined warming
334 under the high emission scenario surpasses that under the carbon neutral scenario (Fig.
335  6f) and the SAT is warmer by 3-10 <C under the high emission scenario than the carbon
336  neutral scenario in the long-term future (Fig. 6i). These again suggest that although the
337  carbon neutral pathway alleviates the temperature rise, the anomalous warming mainly
338  caused by the rapid aerosol decline over the polluted mid-latitude regions in the near-
339  term future should be considered in the climate mitigation.

340 The regional changes in SAT over China, Europe and North America due to future
341  changes in anthropogenic aerosols and GHGs in 2095 relative to 2020 under the SSP1-
342 1.9 and SSP5-8.5 scenarios are shown in Figures 7-9, respectively. Predicted by the
343  LightGBM model, by the end of the 21 century, reductions in anthropogenic aerosols
344  lead to a dramatic regional warming by 0.75 <C, 0.68 <C and 0.67 <C over China,
345  Europe and North America, respectively, following the carbon-neutral pathway, while
346  the SAT changes due to GHGs are weak and insignificant (-0.2 <C, 0.00 T and —
347  0.15 <C). In the high emission scenario, on the contrary, the warming caused by rising
348  GHGs in China, Europe anld North America is significantly higher than that caused by
349  anthropogenic aerosols, causing regional warming by 5.02 <C, 4.61 <C and 5.28 <T in
350  China, Europe, and North America, respectively, in 2095 relative to 2020.

351 3.4 Implications of future temperature attribution with machine learning

352 The ML can provide an efficient way for predicting future changes in temperature,
353  which also provide guidance for designing future emission pathways. Here we show
354  one example of using the temperature attribution model. Based on the analysis above,
355 we found that reductions in anthropogenic aerosols have a much stronger warming

356  effect on GSAT than GHGs in the SSP1-1.9 scenario. COz is the primary contributor

12
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357 among all GHGs to the historical variation in temperature. One possible method for
358  mitigating aerosol-induced warming under the SSP1-1.9 scenario is to reduce CO:
359  further.

360 As shown in Fig. 10a, based on the LightGBM model for the GSAT prediction
361  driven by the changes in CO; alone, future GSAT is projected to increase by about
362 0.3 °C during 2015-2040, then decrease to the 2020 level at the end of the 21 century
363  due to the changes in CO; under the SSP1-1.9 scenario. The temperature change is in
364  accordance with the change in global mean CO» concentration, increasing from 400
365 ppm in 2015 to 440 ppm in 2040 and decreasing after 2040 (Fig. 10b). If we were to
366  reduce the CO; for mitigating the aerosol reduction-induced warming shown in Fig. 5a,
367  the COz-induced GSAT should be continuously decreased by 0.7 °C during 2015-2100,
368  which translates to a CO2 concentration decline from 400 ppm to 340-350 ppm. It
369 provides a more intuitive experience of the significant warming caused by aerosol
370  decline in terms of CO; changes but does not mean CO; concentrations should be

371  reduced to this low level.

372 4 Conclusion and discussions

373 Future emissions changes under various scenarios can lead to diverse changes in
374  climate and understanding the factors underlying the climate changes assists in better
375  designing future pathways. ML technique enables more efficient and effective
376  attribution of temperature change than traditional global climate models. In this study,
377 ML models are trained using forcing factors such as anthropogenic and biomass burning
378  emissions of aerosols and precursors, GHGs, land use, solar radiation, and volcanoes
379  to predict the SAT for the globe, individual latitude zones, and three key regions
380 (including China, Europe, and North America) under the SSP1-1.9 and SSP5-5.8
381  scenarios for 2015-2100, which are used to analyze the impacts of anthropogenic
382  aerosols and GHGs on future temperature changes. The GSAT predicted by the
383  LightGBM model is in a good agreement with the CMIP6 results, with R? reaching 0.99,
384  RMSE of 0.11 °C and MAE of 0.08 °C.

385 Based on the ML method, we show that following the carbon neutral pathway
386  GSAT rapidly increases by 0.8 °C from 2015 to 2050, then slightly decreases until 2100.
387  The substantial decline in anthropogenic aerosols dominates the warming, contributing
388 0.6 °C of the SAT increase, while the rest 0.2 °C is attributed to the future changes in
389 GHGs. However, GHGs dominate GSAT changes in the high forcing scenario,
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390  contributing 5 °C of warming during 2015-2100. More importantly, compared to the
391  high emission scenario, the GSAT increases under the carbon neutral scenario during
392  2015-2035, which is attributed to the rapid decline in anthropogenic aerosols,
393  demonstrating that the near-term warming related to aerosol reduction is noteworthy,
394  although the carbon neutral scenario slows down the temperature rise in the long run.
395 The warming induced by aerosol reductions is strong over the polluted mid- and high
396 latitudes of the Northern Hemisphere, causing a SAT increase by 0.75 °C, 0.68 °C and
397  0.67 °C over China, Europe and North America, respectively, in 2095 relative to 2020
398  under the carbon-neutral pathway. Under the high emission scenario, the continued rise
399 in future GHGs leads to a much warmer climate than in 2020, leading to a regional
400 warming of 5.02 °C, 4.61 °C and 5.28 °C in China, Europe and North America,
401  respectively, in 2095 relative to 2020. The results highlight the importance of changes
402  in anthropogenic forcings in regulating future climate change and reveal a dominant
403  role of aerosols in modulating climate in the near-term carbon neutral future. In addition,
404  our study suggests that if CO; is reduced to mitigate the warming caused by reduced
405  aerosols in the SSP1-1.9 scenario, CO2-induced GSAT needs to decline by 0.7 °C over
406  the period 2015-2100, which translates to a decline of CO2 concentration from 400
407  ppm to 340-350 ppm.

408 To reduce the ML model dependence, we also analyzed global, latitudinal band
409  and regional temperature prediction and attribution using the XGBoost model. The
410  GSAT predicted by XGBoost is in a good agreement with the LightGBM model, with
411  the R? reaching 0.99 (Fig. S9). However, LightGBM shows a higher R?, lower RMSE
412  and MAE for regional SAT prediction than XGBoost. Therefore, the LightGBM model
413  is better utilized for temperature attribution analysis in this study. Also, comparing the
414  results of temperature attribution for global mean, latitudinal band, and regional mean
415  under the SSP1-1.9 and SSP5-8.5 scenarios predicted by the LightGBM and XGBoost
416  models, the results are similar between the two ML models (Figs. S10-14).

417 It should be noted that there are some uncertainties in ML prediction and
418  attribution of future SAT changes. The effect of aerosols on climate is complex, as they
419  can affect the Earth's energy balance directly by scattering and absorbing radiation (Yu
420  etal., 2006) and indirectly by interacting with clouds (Lohmann et al., 2005). Thus, the
421  complexity of such interactions mechanisms makes the spatial pattern of aerosol
422  impacts on climate more difficult to be captured and predicted by ML models. In

423  particular, changes in anthropogenic aerosols can lead to temperature changes in remote
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424 regions through slow feedbacks from the oceans (Gao et al., 2023). At the same time,
425  transboundary long-range transport of aerosols (Huang et al., 2020; Jaffe et al., 1999)
426  can also influence local climate, which cannot be considered in the ML models directly
427  using local emissions as the aerosol predictor.

428 In future researches, ML can be equipped with the physical, chemical and
429  dynamical processes of acrosols and their interactions with radiation and clouds derived
430 from both models and observations to better capture the complex roles of aerosols in
431  the climate system and thus provide more realistic predictions of aerosol climate effects.
432 Moreover, this study mainly focuses on anthropogenic aerosols. Natural aerosols from
433  biomass burning, biogenic emissions, marine and desert are also sensitive to climate
434 change and can feedback on future climate, which are also encouraged to be embodied
435  in the ML. Additionally, different aerosol species exert different impacts on climate.
436  For example, BC generally produces a warming effect on climate system, whereas SO2
437  leads to a cooling. However, current ML is hard to learn the individual effects of such
438  signature because CMIP6 only provides attribution experiments for the entire
439  anthropogenic aerosol variation, which limits our ability to more accurately quantify
440  the impacts of different pollutants. More simulation experiments about the effects of
441  individual pollutants are suggested to be considered in the future multi-model

442  comparison protocols.

443 We also note that using different machine learning algorithms may affect the
444 results. Neural networks have been widely used in climate researches because they are
445  able to represent complex nonlinear relationships between input and output variables
446  and have the ability to self-learn from data. In this study, LightGBM algorithm is
447  applied, mainly due to the fact that LightGBM is more efficient in terms of training
448  speed and memory usage when dealing with large datasets, which is particularly
449  suitable for the huge climate datasets from CMIP6 multiple scenarios in this study.
450  Additionally, LightGBM provides better model interpretability through metrics such as

451  feature importances and SHAP values, which is crucial in climate attribution studies.

15



https://doi.org/10.5194/egusphere-2025-840
Preprint. Discussion started: 17 March 2025 EG U
sphere

(© Author(s) 2025. CC BY 4.0 License.

452  Code and data availability

453  Global near-surface mean temperature data are available from the Sixth International
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673  Table 1. Summary of datasets used in this study
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resolution resolution
1850-2014
Surface air ou1o (historical)
Meteorology SAT temperature 1°x1 Monthly 2015-2100 CMIP6
(future)
L 1850-2014
Emissions of Anthropogenic BC (historical)
(<} (< 1
a;;gzziss:rtld BC_ANTH emissions 0.5°x0.5 Monthly 2015-2100 input4MIPs
(future)
oc ANTH  Anthropogenic OC input4MIPs
emissions
SO, ANTH  /Anthropogenic SO input4MIPs
- Emissions
BC_BB Biomass burning ) )50, 550 NMonthly input4MIPs
BC emissions
Biomass burning .
OC BB OC emissions input4MIPs
SO, BB Biomass burning input4MIPs
- SOz emissions
GHGs Mole fraction of 0.5° for fﬁi?oﬁglﬁ
concentrations CO2 carbon :ilSXIde in latitude Monthly 2015-2100 input4MIPs
(future)
CHq Mole fraction of input4MIPs
methane in air
N20 Mole ﬁ'a(_:tlop Of, input4MIPs
nitrous oxide in air
forested primary 1850-2014
land and potentially ° o (historical) .
Land use FOREST forested secondary 0.25°x0.25 Yearly 2015-2100 input4MIPs
land (future)
non-forested
primary land,
Nox. - poemaly e
FOREST Y
land, managed
pasture and
rangeland
C3 and C4 annual
crops, C3 and C4
CROPS perennial crops and
C3 nitrogen-fixing
crops
URBAN Urban land
Natgral SOL Solar irradiance - Monthly 1850-2100 input4MIPs
forcings
Layer volcanic 5° for 1850-2014
VOLC aequol mass latitude Monthly (historical) input4MIPs
mixing ratio
674
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CMIP6 Experiments Input Variables
historical . hist-aer, hist-GHG, hist-nat, = SAT. BC_ANTH, OC_ANTH., SO, ANTH.
hist-CO, . ssp245-aer . ssp245-GHG, BC_BB., OC_BB. SO, BB, CO,. CH,.
ssp1-1.9, ssp1-2.6, ssp2-4.5. ssp3-7.0. N,O. FOREST. NON-FOREST, CROPS,

ssp5-8.5 URBAN, SOL, VOLC
[clobal | [Latitude] [ con | [ Ev | [ NA |

Training Testing
LightGBM Surface Air

(For Global, Latitude,
Temperature
ik EUi‘ NA) :> (2015-2100)

| Global | | Latitude ] | coN | | Eu | [ NA |
Effects of anthropogenic aerosols Effects of GHGs
(SSP119, SSP245, SSP585) : (SSP119, SSP245, SSP585) :
anthropogenic aerosols (2015-2100) GHGs (2015-2100)

675 Other forcers (Fixed in1850) Other forcers (Fixed in1850)
676  Figure 1. Flow diagram for predicting and attributing SAT under future climate
677  change using the LightGBM model. CMIP6 experiments and input variables are
678  described in Table S1 and Table 1, respectively.
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(a) Density scatterplots (b) Feature importance
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680  Figure 2. (a) Scatterplot of the density of GSAT (<C) from CMIP6 multimodel mean
681  versus the predicted values from the LightGBM model, with the color bars indicating
682  the density of the data distribution. The black and red solid lines are the 1:1 line and
683  the linear regression line, respectively. Statistical metrics including root mean square
684  error (RMSE), mean absolute error (MAE), and coefficient of determination (R?) are
685  given in the upper left corner of the panel (a). (b) Importance scores of input variables
686  (aerosols, GHGs, land use, solar radiation and volcanic forcing) for the LightGBM

687  model.

688
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690  Figure 3. Time series of Light GBM-predicted GSAT anomalies (°C) and corresponding
691 CMIP6 values during (a) 1850-2014 and (b, ¢) 2015-2100 under the SSP1-1.9 and
692  SSP5-8.5 scenarios. (d) Time series of GSAT anomalies attributed to historical changes
693 in GHGs, COg, natural forcings and anthropogenic aerosols predicted by LightGBM
694 and CMIP6 DAMIP during 1850-2020. Shaded areas indicate the range of the ML

695  prediction by random separation of training and testing datasets for 100 times.

696
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698 Figure 4. Time series of LightGBM-predicted GSAT anomalies (°C) and

699  corresponding CMIP6 DAMIP values during 2021-2100 under the SSP2-4.5 scenario

700  due to changes in (a) all forcing, (b) anthropogenic aerosols and (c) GHGs. Shaded

701 areas indicate the range of the ML prediction by random separation of training and

702  testing datasets for 100 times.

703
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705  Figure 5. Time series of LightGBM-predicted GSAT anomalies (°C) during 2015—
706 2100 under the SSP1-1.9 and SSP5-8.5 due to changes in (a) anthropogenic aerosols
707 and (b) GHGs, and (c) changes in GSAT (°C) due to the future changes in
708  anthropogenic aerosols, GHGs, and (d) both of them in SSP1-1.9 relative to SSP5-8.5.
709  The inner figure in (b) is the GSAT anomalies due to changes in GHGs under the SSP1-
710 1.9 scenario. The inner figure in (c) is GSAT anomalies induced by anthropogenic
711  aerosols in SSP1-1.9 relative to SSP5-8.5. Shaded areas indicate the range of the ML
712  prediction by random separation of training and testing datasets for 100 times.

713
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Figure 6. Attribution of changes in SAT (<C) in each 10 “latitudinal band from 905 to
90N to future changes in anthropogenic aerosols (left), GHGs (middle) and both of
them (right) in 2025 (averaged 2021-2030). 2050 (averaged 2045-2054) and 2095
(averaged 2091-2100) (from top to bottom) relative to 2020 (averaged over 2015-2024)
under the SSP1-1.9 and SSP5-8.5 scenarios, as predicted by the LightGBM models.
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722  Figure 7. Attribution of changes in SAT (°C) in China to future changes in

723  anthropogenic (a, ¢) aerosols and (b, d) GHGs in 2095 (averaged 2091-2100) relative

724 to0 2020 (averaged over 2015-2024) under the SSP1-1.9 and SSP5-8.5 predicted by

725  the LightGBM models. The regional averages are shown in bottom left of each panel.

726  Note that the color bars have different ranges between aerosols and GHGs change.
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728  Figure 8. Same as Fig.7, but for Europe.
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730  Figure 9. Same as Fig.7, but for North America.
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Figure 10. (a) Time series of LightGBM-predicted GSAT anomalies (°C) during 2015—
2100 under the SSP1-1.9 due to changes in CO- (green line) and the additional cooling
to offsetting the warming induced by aerosol reduction (blue line). (b) Global CO,
concentrations from the SSP1-1.9 (green line) and required concentrations for meeting
the GSAT anomalies in (a) (blue line). The required concentrations are from the look-
up table created by the LightGBM model through linearly perturbing CO>

concentrations.
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