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Supplementary Text:  

1. Time varying fingerprints 

One of the main advantages of using an ANN to detect anthropogenic signals over traditional 

D&A methods and newly introduced variants (Sippel et al., 2020) is that time varying signals can be 

accounted for (Barnes et al., 2020). Such signals could be due to the nonlinear evolution of the climate 

system or temporal and spatial variations in the forcing itself. Figure S4a shows the difference between 

the relevance maps for our baseline period (1920-1949) and the end of the 21st century (2070-2099). 

While the sum of the relevance maps derived using LRP is larger for later years compared to early years, 

local differences will explain the redistribution of the importance with time. This ability to aggregate 

over regions and different samples has been identified as an advantage of using LRP to interpret deep 

learning models (Lapuschkin, 2018; Montavon et al., 2018). The relevance increases with time across 

Africa and Asia, which is likely to be associated in part with the enhancement of the monsoon systems. A 

similar increase in relevance can be seen in North Pacific and North Atlantic land regions, possibly 

associated with the poleward shift of storm tracks (Yin, 2005).  South African and South American 

Mediterranean climate regions also show an increase in relevance, associated with subtropical drying, a 

robust pattern of climate change (Lu et al., 2007; Scheff & Frierson, 2012). This indicates that even 

though dry regions have a smaller signal to noise ratio compared to wet regions in terrestrial Rx1day (Fig 

1d-f), some dry regions show an increase of signal and/or decrease in noise with time, yielding an 

increase in the relevance (Figure S4). Among the regions with decreasing relevance, a majority of South 

America and the Western US stand out, possibly due to an increase in model uncertainty in future 

projections of Rx1day.  

To assess the physical validity of the change in relevance determined by the ANN, we break the 

terrestrial Rx1day record down into its forced signal and changes in noise components between the two 

periods. Results show that grid cells with increasing relevance have a comparable change in Rx1day, but 



much less increase in both internal variability and inter-model variability compared to grid cells with 

decreasing relevance (Figure S4b). Therefore, the change of relevance over time is in accord with the 

tradeoff  between increasing noise/intermodel spread and increasing signal with time.  

 

2. Role of model uncertainty in detecting the anthropogenic influence 

To assess the influence of model uncertainty in detecting the signal, we redid the analysis,  but 

including a widely used highly quality controlled HadEX3 dataset (Dunn et al., 2020), which along with its 

predecessors have been used in traditional detection and attribution of extreme precipitation (Min et 

al., 2011; Paik et al., 2020). HadEX3 and its predecessors are considered a more reliable dataset than the 

other observational estimates used in this study, but do not provide full global coverage. Therefore, 

analyses were done for all GCMs and observations, just over the regions with a continuous data 

coverage in HadEX3 for the period 1979-2018 (Figure S5). Two separate analyses were conducted. The 

first analysis was similar to the main analysis (Figures 1-3), using multimodel simulations to train the 

ANN (Figure S6) to include the model uncertainty. The second was done only using the multimodel 

mean of each training model set to train the ANN (Figure S7). When the model uncertainty is included, 

observations and reanalysis fail to identify the anthropogenic influence for the selected domain (Figure 

S6), whereas when the model uncertainty is not included signal is detected in 11 out of 13 datasets 

(Figure S7). This suggests that when the model uncertainty is considered, the power of detecting the 

anthropogenic influence decreases.  

Similar behavior in reanalysis and observations and the difference compared to testing data in 

these results (Figure S6,S7) also justifies the use of reanalysis as an alternative observation in assessing 

the anthropogenic influence, as argued in previous studies (e.g. Siu et al 2012). 

 

3. Sources of the spread in the signal of observations 



For observations, the absolute value of the predicted year shows a wide range of values, with an 

overall underestimation compared to GCMs (Figure 3). A composite difference of the relevance and 

Rx1day between observations and testing models reveal that different regions contribute to this result 

(Figure S8). In observations, a lower relevance compared to GCMs can be seen over Asia and North 

America (Figure S8a,c,e,g). These patterns correspond to an underestimation of Rx1day in the historical 

observational record compared to GCMs (Figure S8b,d,f,h). Among the observations, the predicted year 

for GPCC is the highest, which is due to having higher Rx1day over India and Africa.   

To investigate the differences in the anthropogenic signal in the four observations, we first 

calculated the linear trend of Rx1day for each grid cell and weighted that by the normalized relevance 

for grid cells with a positive relevance (Figure S9). A simple explanation for this difference is that when 

more pixels with a positive relevance show an increase in Rx1day there is an increase in the predicted 

year, weighted by the relevance. Confirming this, datasets with a greater anthropogenic signal (GPCC 

and MSWEP, as shown in Figure 3) have a higher number of grid cells with an increasing relevance-

weighted trend in Rx1day (Figure S9) compared to the datasets with a smaller anthropogenic signal 

(REGEN_ALL and REGEN_LONG).  

 

 

 

 

 

 

 

 

 



Supplementary Table 1: CMIP models and the ensemble variant used in this study 

 CMIP 
version 

Model name Ensemble  
variant 

1 CMIP6 ACCESS-CM2 r1i1p1f1 
2 CMIP6 ACCESS-ESM1-5 r1i1p1f1 
3 CMIP6 CNRM-CM6-1-HR r1i1p1f2 
4 CMIP6 CNRM-CM6-1 r1i1p1f2 
5 CMIP6 CNRM-ESM2-1 r1i1p1f2 
6 CMIP6 CanESM5 r1i1p1f1 
7 CMIP6 EC-Earth3-Veg r1i1p1f1 
8 CMIP6 EC-Earth3 r1i1p1f1 
9 CMIP6 GFDL-CM4 r1i1p1f1 
10 CMIP6 GFDL-ESM4 r1i1p1f1 
11 CMIP6 HadGEM3-GC31-LL r1i1p1f3 
12 CMIP6 NM-CM4-8 r1i1p1f1 
13 CMIP6 NM-CM5-0 r1i1p1f1 
14 CMIP6 IPSL-CM6A-LR r1i1p1f1 
15 CMIP6 MIROC-ES2L r1i1p1f2 
16 CMIP6 MIROC6 r1i1p1f1 
17 CMIP6 MPI-ESM1-2-HR r1i1p1f1 
18 CMIP6 MPI-ESM1-2-LR r1i1p1f1 
19 CMIP6 MPI-ESM2-0 r1i1p1f1 
20 CMIP6 NorESM2-LM r1i1p1f1 
21 CMIP6 NorESM2-MM r1i1p1f1 
22 CMIP6 UKESM1-0-LL r1i1p1f2 
23 CMIP5 ACCESS1-3 r1i1p1 
24 CMIP5 CanESM2 r2i1p1 
25 CMIP5 CMCC-CESM r1i1p1 
26 CMIP5 CMCC-CM r1i1p1 
27 CMIP5 CNRM-CM5 r1i1p1 
28 CMIP5 CSIRO-Mk3-6-0 r1i1p1 
29 CMIP5 EC-EARTH r1i1p1 
30 CMIP5 GFDL-CM3 r1i1p1 
31 CMIP5 HadGEM2-AO r1i1p1 
32 CMIP5 HadGEM2-CC r1i1p1 
33 CMIP5 HadGEM2-ES r1i1p1 
34 CMIP5 inmcm4 r1i1p1 
35 CMIP5 IPSL-CM5A-LR r1i1p1 
36 CMIP5 IPSL-CM5A-MR r1i1p1 
37 CMIP5 IPSL-CM5B-LR r1i1p1 
38 CMIP5 MIROC5 r1i1p1 
39 CMIP5 MIROC-ESM-CHEM r1i1p1 
40 CMIP5 MIROC-ESM r1i1p1 
41 CMIP5 MPI-ESM-LR r1i1p1 
42 CMIP5 MPI-ESM-MR r1i1p1 
43 CMIP5 MRI-CGCM3 r1i1p1 
44 CMIP5 NorESM1-M r1i1p1 

 



Supplementary Table 2: Observations and reanalysis used in this study. Starting year of the time 

period was chosen as 1979 (or the closest) to be consistent with satellite era. The final year of the 

analysis period was chosen as the latest year with data. Trend estimates are the global terrestrial area 

averaged Rx1day linear trend and the statistical significance, obtained by using the Theil-Sen 

estimator and modified Mann-Kendall trend test (Hamed & Ramachandra Rao, 1998), respectively.  

 dataset Time period 
considered 

trend estimates 
trend (at 99%) slope (mm/day/yr) p value 

1 MSWEP 1979-2014 Increasing 0.07 1.7 x 10-5 

2 GPCP FDD 2018 1982-2016 No trend 0.03 0.38 

3 REGEN_ALL 1979-2016 Increasing 0.06 6.5 x 10-8 

4 REGEN_LONG 1979-2016 Increasing 0.05 2.6 x 10-6 

5 ERA5 1979-2019 Increasing 0.07 6.2 x 10-11 

6 JRA55 1979-2017 No trend 0.02 0.072 

7 MERRA2 1980-2017 Increasing 0.09 < 2 x 10-16 

8 CFRS 1979-2017 Increasing 0.085 0.017 

9 GSWP3 1979-2010 No trend -0.018 0.41 

10 NCEP2 1979-2019 No trend 0.003 0.8 

11 20CRv3 1979-2015 Increasing 0.05 1 x 10-13 

 

 

 

 

 

 

 



 

Supplementary Figure 1. Training and testing results of the ANN.  

(a-c) Mean Absolute Error (MAE) for different L2 regularization values from 51 different ANNs with different training/testing 

sets. MAE for training data (a), testing data (b) and absolute difference of testing minus training (c). (d) Predicted year vs sum of 

the relevance heatmap grid cell values obtained from LRPα2β1 for all models for a single ANN. 

 

 

 

 

 

 



 

 

Supplementary Figure 2. Simulated changes in Rx1day.  

Multimodel mean difference of Rx1day between 1920-1949 and 2070-2099. (b) Climatology of Rx1day for 1920-1949 calculated 

as the multimodel mean and the time mean. (c-d) Signal to noise ratios (S:N) for noise from internal variability (c) and inter-

model variability (d). Signal is calculated as the multimodel mean of the Rx1day difference between the periods 2070-2099 and 

1920-1949. Noise from the internal variability is calculated as the multimodel mean of the standard deviation during 1920-

1949. Noise from the model variability is calculated as the inter-model standard deviation of the signal of each model. 

 

 

 

 

 

 

 

 

 



 

 

Supplementary Figure 3. Same as Figure 3(a-d), extended for reanalysis. For datasets MSWEP (a), GPCC (b), REGEN_ALL (c), 

REGEN_LONG (d), ERA5 (e), JRA55 (f), MERRA2 (g), CSFR (h), GSWP3 (i), NCEP2 (j),20CRv3 (k). 



 

 

 

Supplementary Figure 4. Change in the relevance learned by the ANN with time.  

(a) Multimodel average change of relevance maps between 2070-2099 and 1920-1949. (b) Multimodel ensemble mean change 

in Rx1day vs change in internal variability of Rx1day (left panels), change in Rx1day vs change in inter-model variability of 

Rx1day, (right panels), between 2070-2099 and 1920-1949. Top panels show results for grid cells with increasing relevance with 

time in panel (a) and bottom panels show results for grid cells with decreasing relevance. Internal variability is calculated as the 

standard deviation of Rx1day and inter-model variability is calculated as the standard deviation of mean Rx1day from all models 

for each time period. The Rx1day trend at each grid cell was removed by fitting a 4th order polynomial prior to calculation of 

internal variability. For visualization purposes, grid cells outside the threshold ±0.1 years were selected. 

 

 

 



 

 

Supplementary Figure 5. Northern hemisphere HadEX3 data coverage considered in the analysis. Only grids with a continuous 

data record for the period 1979-2018 (black) were selected and regridded to the common 2o x 2o spatial grid prior to the 

analysis. 

 

 

Supplementary Figure 6. Same as Figure 3 but for the domain in Figure S5 and with HadEX3 based results (e-g). 

 

 

 



 

Supplementary Figure 7. Same as Figure S6 but using multimodel to train the ANN. 

 

 

 

 

 

 



 

 

Supplementary Figure 8. Differences of Rx1day and relevance between observations and models. (a,c,e,g) Difference of time 

average relevance (unit: years) between observations and testing data. (b,d,f,h) Difference of time average Rx1day (unit: 

mm/day) between observations and testing data. For testing data, an average from all testing models of 51 different ANNs with 

different training/testing sets was obtained. 

 

 

 

 

 



 

Supplementary Figure 9. Histograms of the relevance-weighted linear trends (mm/day/year) in observed Rx1day for grid 

cells with positive relevance in Figure 1c. Bin width is 0.005 mm/day/year. Relevance value of each grid cell is first normalized 

by the global maximum and then used to weight the trend. Median of the distribution is depicted in a red vertical line. As 

shown by the median, datasets with a greater anthropogenic signal (GPCC and MSWEP, as shown in Figure 3) have a higher 

number of grid cells with an increasing relevance-weighted trend in Rx1day compared to the datasets with a smaller 

anthropogenic signal (REGEN_ALL and REGEN_LONG). 
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