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Abstract 9 

Global climate models produce large increases in extreme precipitation when subject 10 

to anthropogenic forcing, but detecting this human influence in observations is challenging.  11 

Large internal variability makes the signal difficult to characterize. Models produce diverse 12 

precipitation responses to anthropogenic forcing, mirroring a variety of parameterization 13 

choices for subgrid-scale processes. And observations are inhomogeneously sampled in space 14 

and time, leading to multiple global datasets, each produced with a different homogenization 15 

technique. Thus, previous attempts to detect human influence on extreme precipitation have 16 

not incorporated internal variability or model uncertainty, and have been limited to specific 17 

regions and observational datasets. Using machine learning methods, we find a physically 18 

interpretable anthropogenic signal that is detectable in all global datasets. Detection occurs 19 

even when internal variability and model uncertainty are taken into account. Machine 20 

learning efficiently generates multiple lines of evidence supporting detection of an 21 

anthropogenic signal in extreme precipitation.  22 
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Introduction 25 

 Extreme precipitation can have devastating direct societal impacts such as flooding, soil 26 

erosion, agricultural damages1 and indirect health risks and impacts2. Anthropogenic warming acts to 27 

intensify Earth’s hydrologic cycle3,4. This intensification is manifested in part through increased extreme 28 

precipitation as a result of greater atmospheric moisture with warming following the Clausius-Clapeyron 29 

relationship. However, circulation changes can act to enhance or reduce this increase4-7. If current 30 

warming trends continue, climate models project that the Earth’s atmosphere overall will move towards 31 

a more intense precipitation regime8-11.  Moreover, increased variation between wet and dry extremes is 32 

projected, which could have devastating societal impacts12,13. These changes in extreme precipitation 33 

may have already become apparent on a regional basis14-17.  34 

 Recent studies have detected anthropogenic influence in historical changes to extreme 35 

precipitation across North America18 and Northern Hemisphere land areas15. These attempts are part of 36 

a larger category of studies known as Detection and Attribution (D&A). Often, they initially extract the 37 

spatial or spatiotemporal patterns of climate-system response to anthropogenic forcing (so-called 38 

fingerprints) from an ensemble of global climate models (GCMs)19,20. Projection of observations onto 39 

these fingerprints allows for signal detection as the trend of the projection21. The presence of a signal 40 

that can be statistically distinguished from internal variability confirms the influence of anthropogenic 41 

forcing. Thus, traditional D&A methods rely on long term observations22,23. In the case of extreme 42 

precipitation, traditional methods may be difficult to apply globally due to inordinately short records 43 

and large observational uncertainty, reflected in multiple global datasets produced with very different 44 

assumptions24-26. Another key difficulty with traditional methods is that the models produce a large 45 

spread in the extreme precipitation response to anthropogenic forcing27. This spread occurs alongside 46 

large internal variability in the models’ simulations of the historical period. These two effects create 47 

significant uncertainty in the character of the “true” anthropogenic signal.  In past research, spread in 48 



the response have been suppressed by assuming the anthropogenic fingerprint can be derived from the 49 

ensemble-mean change in extreme precipitation28. Here we aim to take these uncertainties fully into 50 

account, by making no assumptions about how to derive the anthropogenic signal from GCM data.  51 

A machine-learning-based method for the detection of anthropogenic influence (DAI) has been 52 

shown to overcome the reliance on trends29,30 and is even capable of detecting the human influence 53 

from weather data on a single day31. An artificial neural network (ANN) is trained to predict a proxy of 54 

external forcing (e.g. the year of the data) based on the spatial maps of the target variable from an 55 

ensemble of GCM simulations. Then a forced signal can be confirmed despite the presence of internal 56 

climate variability and inter-model variability29,30. This ANN DAI method can identify the non-linear 57 

combinations of the forced signal, internal climate variability and inter-model variability30. This method 58 

also has the advantage of being able to explicitly include internal variability and model uncertainty. It 59 

does not assume that any model or any model-derived quantity, such as the ensemble-mean of the 60 

models, is the “true” anthropogenic signal. And it uses the raw GCM data, with GCM internal variability 61 

included. In addition, ANN visualization techniques also allow for the interpretability of the models 62 

formerly considered as “black boxes”, making them explainable32,33, or interpretable in terms of physical 63 

processes or system behavior. Use of these visualization techniques alongside the ANN DAI method 64 

allows one to capture the time varying dynamic fingerprints of each input and evaluate their physical 65 

credibility30,34.  66 

 In this study, we apply the ANN DAI method and the ANN visualization technique known as 67 

Layerwise Relevance Propagation (LRP)35,36 to global maps of annual daily maximum precipitation 68 

(Rx1day) over land. Using Coupled Model Intercomparison Project, phase 5 (CMIP5)37 and phase 6 69 

(CMIP6)38 model ensembles, we first aim to understand how the ANN is detecting the anthropogenic 70 

signal and interpret it physically. Then we use the ANN to detect the anthropogenic influence on Rx1day 71 

in several land-only observational and reanalysis datasets. Thus, we are agnostic about which GCM is 72 



correct, and which gridded data set is a true representation of the observed record.   In this way we 73 

efficiently generate multiple lines of evidence as to the presence of an anthropogenic signal in the 74 

various instantiations of the observed record.  75 

 76 

Results 77 

ANN-identified fingerprints of anthropogenic influence 78 

We first discuss the ability of the ANN to predict the year of occurrence for a series of simulated 79 

annual Rx1day maps. Predictions of the simulated Rx1day year (Figure 1a,b) show that the ANN 80 

struggles during roughly the first seven to eight decades of the analysis period. But prediction accuracy 81 

gradually increases, noticeably starting from the late 20th century. Thus, compared to when this 82 

technique is applied to global-mean temperature (ref. 29) there is a lag in the emergence of the 83 

anthropogenic signal in extreme precipitation. This delay is likely due to larger internal and inter-model 84 

variability in extreme precipitation. We estimate this time of emergence (departure year) as the year 85 

when the ANN prediction continuously exceeds a selected base period (1920-1949) (see ref. 29 and 39 86 

for more details). Some maps of simulated terrestrial Rx1day drawn from various populations of GCM 87 

training and testing data sets depart from the base period in the 1970s, but the departures mostly occur 88 

later, with lower and upper quartiles of 1991 and 2014, respectively (Figure 1c). According to the 89 

models, the anthropogenic signal has probably already emerged in Rx1day, consistent with traditional 90 

statistical methods40.  91 

Figure 1d shows the relevance pattern identified by the ANN, averaged over the period 1920-92 

1949. Positive (negative) values in the relevance pattern correspond to an increase (decrease) in the 93 

predicted year. Therefore, areas of positive relevance can be interpreted as the regions with an 94 

advancing tendency on the prediction (i.e. the year) and negative values are the regions with a 95 

retreating tendency. The sum of each grid cell value is equal to the predicted year (methods, Figure 96 



S1d). These relevance patterns can be considered as the ANN-identified fingerprints of anthropogenic 97 

influence (e.g. ref. 31).   98 

The regions with positive relevance include the East Asian and African monsoon regions, and the 99 

North Pacific and Atlantic storm tracks (Figure 1d, Figure S2).  The regions with negative relevance 100 

include arid and semi-arid subtropical zones such as Northern African and Middle Eastern deserts, 101 

Southern South Africa, Australian arid and semi-arid regions, and wet regions such as central and 102 

northwestern parts of South America. Regions with negative relevance also coincide with areas 103 

exhibiting a large negative dynamical component of the Rx1day trend (ref. 41, their Figure 3b). These 104 

regions show a significant anthropogenic reduction of vertical velocities associated with Rx1day. This 105 

offsets the Rx1day increase stemming from the thermodynamic contribution, and produces only a weak 106 

and inconsistent increase in Rx1day41. The uncertainty associated with the dynamical component has 107 

been identified as a major concern for D&A of precipitation42. As suspected, negative relevance of the 108 

forced response is associated with lower signal to noise ratios than the regions with positive relevance 109 

(Figure 1e,f). The signal to noise ratios are lower for both internal variability and model variability. This 110 

reflects both the higher uncertainty regarding the change in extreme precipitation projected by GCMs 111 

for a majority of global arid land regions, as well as larger internal variability in those regions. Here we 112 

examined the time-averaged relevance patterns, but further examination of time-varying fingerprints 113 

shows that the ANN is also able to identify the time-varying nature of the signal and noise 114 

(Supplementary Text), which cannot be obtained directly by linear models34. 115 

The ANN-based relevance patterns are consistent with the idea that previously observed long-116 

term trends of terrestrial Rx1day are anthropogenic in origin (e.g. ref. 15, their Figure 1e). Many wet 117 

land regions of the world have experienced a robust increase in Rx1day to date, whereas in dry regions 118 

no such trend can be seen16,17. The selection of regions in these previous studies (e.g. ref. 16, 17) seems 119 

to overlap with the high relevance regions in Fig.1d. 120 



 121 

 122 
Figure 1. Fingerprint of external forcing in simulated Rx1day learned by the ANN.  123 

(a,b) Actual year vs predicted year for training data derived from CMIP5 and CMIP6 GCMs (a) and testing data derived from 124 

CMIP5 and CMIP6 GCMs (b) for a single ANN. Each GCM is represented by a different color. (c) The year of departure from the 125 

base period, 1920-1949, obtained from 51 different ANNs with different training/testing sets. Whiskers represent the 5th-95th 126 

percentiles, while blank circles represent outliers. (d) Multimodel, ensemble-mean, layerwise-relevance-propagation-based 127 

relevance maps for Rx1day input for the period 2070-2099 from all models. (e,f) Signal to noise ratio density plots for grid cells 128 

with a positive relevance (e) and negative relevance (f) in panel (d). Signal is defined as the multi-model mean change in Rx1day 129 

between the base period and 1920-1949. Noise is defined in two ways: The first stems from internal variability and is calculated 130 



as the multimodel ensemble mean of the standard deviation in Rx1day during the base period. The second pertains to inter-131 

model variability, and is calculated as the inter-model standard deviation of the signal from each GCM. Each dot in (e-f) 132 

corresponds to one grid cell. 133 

 134 
 135 

Origins of the spread in the predicted year 136 

We next investigate why the ANN predicts such a large range of years depending on the data of 137 

the underlying GCM used to predict the year. This inter-model spread in the predicted year is especially 138 

pronounced before the warming signal emerges (Figure 1a,b). Here, we select four GCMs with the 139 

highest average predicted year, and four GCMs with the lowest average predicted year, during the 140 

baseline period (1920-1949). We obtain the relevance heatmaps for each year of the baseline period for 141 

these eight models and calculate the composite difference (i.e. high value minus low value) between 142 

two sets (Fig 2a). Large positive values are seen in the African and Asian monsoon regions. The models 143 

predicting later years also have larger 20th century mean state Rx1day values in these regions (Figure 144 

2b). Thus, the models that predict a higher value in the baseline period have more future-like patterns of 145 

Rx1day in their baseline climatologies compared to other models. When projected onto the fingerprints 146 

identified by the ANN, these patterns result in a later predicted year compared to the opposite subset. 147 

This exercise suggests a potential use of ANN-based DAI methods to understand how biases in historical 148 

simulations project onto future changes.  149 

 150 



 151 

Figure 2. Differences between subsets of models with high and low predicted years by the ANN during the baseline period 152 

(1920-1949). (a,b) The difference in their relevance maps (a) and Rx1day (b) between the four models with the highest mean 153 

predicted year and the four models with lowest mean predicted year, (as shown in Figure 1a-b). The models from each subset 154 

are determined by combining the training and testing data. 155 

 156 

 157 

Detected anthropogenic signal in historical Rx1day records 158 

With these physical interpretations of the ANN results and relevance patterns, we use the GCM-159 

trained ANNs to detect whether there is a forced signal in observations. First, we calculate the globally-160 

averaged Rx1day trends in each dataset using a modified Mann-Kendall trend test43. Only seven out of 161 

the eleven datasets show a significant trend (p<0.01) in globally-averaged Rx1day for the historical 162 

period, ranging from 0.05 to 0.09 mm/day/year (Table S2). Taken at face value, this suggests that the 163 

evidence for anthropogenic influence on recent changes in extreme precipitation is weak. However, 164 



when we apply the ANN, based on Rx1day data from GCMs, to four datasets of observational 165 

precipitation estimates and seven reanalyses, a different story emerges.  166 

If an observational dataset exhibits the same forced response as the GCMs, the predicted year 167 

time series from that dataset should have a statistically significant positive correlation with the actual 168 

year (r) and a linear regression of these two variables should produce a statistically significant positive 169 

slope21,30. Figure 3 shows these two metrics for observations, reanalysis and testing GCMs, from 51 170 

random iterations of the ANN with different training/testing model sets. All observations and reanalysis 171 

have high r values (Figure 3, Figure s3), even in datasets that do not show a significant positive trend in 172 

global Rx1day record (Table S2). The r values for all observational data sets are substantially larger than 173 

those expected by chance (grey shaded area in Figure 3e,f). The slope is a measure of signal strength (or 174 

the rate of change) in the Rx1day record. Two observational datasets (MSWEP and GPCC) are in line with 175 

GCMs, along with four reanalyses (JRA55, MERRA2, NCEP2 and 20CRv3). The two REGEN datasets, ERA5 176 

and CFSR show lower slopes, whereas GSWP3 has the highest slope among the datasets considered 177 

here. In general, observational and renalysis products show similar correlations and slopes as the GCMs 178 

for the same historical time period. (Compare the blue dots and the pink bands in Figure 3e, f.) This 179 

indicates that the observational and reanalysis products show anthropogenic influence on Rx1day that is 180 

comparable to what is expected from GCMs. 181 

These results demonstrate that the absence of a significant linear trend in globally averaged 182 

Rx1day cannot be taken to mean there is no evidence of anthropogenic signal in Rx1day. This 183 

underscores the importance of exploiting the spatial pattern of the response to external forcing to 184 

extract the forced signal in observations, as opposed to the trend-based analysis31,34,44. In particular, 185 

areas of negative relevance, defined previously, can act to suppress the trend in the global mean. 186 

Further evidence of the importance of spatial patterns can be seen in the fact that the average ANN-187 

predicted values vary widely and systematically across the observational datasets (Figure 3a-d, Figure 188 



S3). This is an indicator of systematic and large relative biases in the Rx1day climatologies of the various 189 

data sets (as pointed out above in the discussion of ANN applied to the GCMs, the average predicted 190 

value of the year depends on the magnitude of the Rx1day in the climatology (Figure 2, supplementary 191 

text)).  Yet it is significant that the ANN can put the years in close to the correct order, as demonstrated 192 

by the significant correlations between actual and predicted years, even if the absolute value of the 193 

years is incorrect.  This is a strong indicator that the subtle patterns and time variations of the simulated 194 

anthropogenic signal are present in the observational data sets and are shared among them, despite the 195 

fact that they are systematically biased relative to one another and likely the real world45,46.  196 

 197 

 198 

Figure 3. Metrics of the forced signal in observation-based estimates of precipitation since 1979.  199 

(a-d) Actual year vs predicted year obtained from 51 different ANNs with different training/testing sets, for four observational 200 

datasets, MSWEP (a), GPCC (b), REGEN_ALL (c) and REGEN_LONG (d). Green lines show results from each ANN and the black 201 



line shows the mean predicted value from all ANNs. The blue line is the best fit line of the mean predicted value. The red 202 

dashed line is the 1:1 line.  (e) Correlation (r) between the actual years and predicted years, (f) slope of the regression line 203 

between actual years and predicted years for observational and reanalysis data (blue circle with black line), and testing models 204 

(red and grey shaded regions). Grey shading illustrates the values obtained from testing models after randomly shuffling, for 205 

each iteration of training/testing sets. Slope is obtained using the Theil–Sen method47,48.  206 

 207 

 208 

Conclusions 209 

Detecting anthropogenic signals in observations of extreme precipitation has been a challenging 210 

task due to large internal variability of rare events, as well as climate model uncertainty. The limited 211 

sampling in observations adds additional uncertainty, due in part to a dataset development process that 212 

involves a variety of homogenization, extrapolation, and interpolation techniques to produce global 213 

gridded products. Using a recently introduced ANN DAI method which utilizes the time evolution of 214 

spatial maps of Rx1day in GCMs, subject to realistic radiative forcing, we find fingerprints of 215 

anthropogenic signals that are physically consistent with the time evolution of the forced signal. The 216 

fingerprints can be distinguished from internal variability, and emerge despite substantial model 217 

uncertainty. Using this ANN DAI method, we show that the anthropogenic signal can be detected in all 218 

global terrestrial Rx1day records considered in this study. This robust detection occurs despite large 219 

systematic biases and large discrepancies in data sources and homogenization methods.  220 

While previous trend-based D&A assessments of Rx1day have demonstrated the human 221 

influence in this variable in some regions, those studies assume the ensemble-mean of the GCMs is the 222 

anthropogenic signal. This leads to questions as to whether further steps are needed to fully consider 223 

model uncertainty28. We made a simple attempt to examine this issue by applying the ANN DAI method 224 

to the same widely-used, quality-controlled Rx1day record used in the previous trend-based D&A 225 



assessments. We applied the method twice, once using the same multi-model approach discussed 226 

elsewhere in this study, and once assuming the ensemble-mean time series represents the true forced 227 

response.  Our results show that including internal variability and model uncertainty in the forced 228 

response reduces the power of detection (supplementary text). Therefore, the detected signal in 229 

multiple datasets in this study, with internal variability and model uncertainty being taken fully into 230 

account (Figure 3) is a definitive affirmation of a human influence on extreme precipitation in the 231 

historical record. Note that while all observations show this anthropogenic influence, the signal 232 

magnitude varies considerably, on par with that seen in the GCMs. This large observational uncertainty 233 

underscores a difficulty in constraining future projections of extreme precipitation with historical 234 

climate model simulations and observations27,49.  235 

A limitation of the ANN DAI method presented here is the inability to directly quantify the 236 

detected anthropogenic influence in terms of physical units. This is especially important when 237 

comparing the influence of individual external forcings (e.g. greenhouse gases, aerosols, land use and 238 

land cover change, etc.). We also note that different ANN visualization techniques are available50, and 239 

those should be explored to understand the sensitivity of the extracted fingerprints to the ANN 240 

visualization technique. Despite these limitations, it is clear that ANN DAI methods with ANN 241 

visualization techniques are very useful and efficient in identifying the human influence on variables that 242 

are highly uncertain in GCMs, and poorly characterized in observations, such as extreme precipitation. 243 

 244 
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 387 

Data and Methods 388 

Data 389 

We use daily precipitation rate output from a collection of climate models participating in 390 

CMIP5 and CMIP6 (Supplementary Table 1). Data from each ensemble’s historical forcing scenario is 391 

combined with future projections following a high-emissions scenario to create a time-series from 1920 392 



to 2099 for each model. Future projections from CMIP5 follow the Representative Concentration 393 

Pathway 8.5 (RCP 8.5)51, while CMIP6 projections follow the Shared Socioeconomic Pathway 5–8.5 (SSP 394 

5-8.5)52. To increase our sample size, we combine both CMIP5 and CMIP6 model subsets into one 395 

ensemble, which is justifiable considering the very similar time evolution of the total anthropogenic 396 

forcing in RCP 8.5 and SSP 5-8.5 scenarios (ref. 52, their Figure 3c). We regrid all daily precipitation data 397 

to a 2o x 2o spatial grid and compute the Rx1day value for each year at each land grid point. 398 

 We use four datasets of observational estimates of daily precipitation rate with global 399 

coverage: Multi-Source Weighted-Ensemble Precipitation, version 2 (MSWEP)53, Global Precipitation 400 

Climatology Centre (GPCC)  version 201854, and Rainfall Estimates on a Gridded Network (REGEN)55, 401 

including both REGEN_ALL and REGEN_LONG . MSWEP is a hybrid reconstruction using in situ, satellite 402 

and reanalysis data, whereas GPCC and the REGEN datasets are developed from ground-based 403 

measurements. REGEN_ALL is developed by interpolating all considered station data whereas 404 

REGEN_LONG is developed using only the stations with a data record of 40 years or longer. We further 405 

use seven widely used reanalysis products for comparison : ECMWF ERA556, Japanese 55-year Reanalysis 406 

(JRA55)57, Modern-Era Retrospective analysis for Research and Applications, Version 2 (MERRA2)58,  407 

NCEP Climate Forecast System Reanalysis (CFSR)59 , Global Soil Wetness Project Phase 3 (GSWP3)60, 408 

NCEP-DOE Reanalysis 2 (NCEP2)61 and NOAA-CIRES-DOE Twentieth Century Reanalysis version 3 409 

(20CRv3)62. These observational and reanalysis datasets are selected considering the availability of full 410 

global land coverage and data for at least three decades (Table S2). All observation and reanalysis data 411 

were regridded to the same 2o x 2o spatial grid as the models, and then Rx1day was calculated at each 412 

grid point for each year.  413 

 414 

Neural network based detection method 415 



Here we apply the method in ref. 29 (see their Figure 1a) to predict the year with which given 416 

annual Rx1day maps from GCMs are associated, a regression task. This requires the ANN to learn the 417 

signature of the forced response in simulated Rx1day. By feeding the ANN multicentury data from 418 

forced simulations, it learns to distinguish the forced signal from internal climate variability. The use of 419 

multiple GCMs helps the ANN learn the common elements of the forced response most relevant to the 420 

prediction task, a process that fully considers model uncertainty as well as internal climate variability. 421 

Input to the ANN from each model is a vectorized spatial map of Rx1day (2o x 2o spatial grid = 16200 grid 422 

values) for each year from 1920 to 2099. Our primary goal is to detect the anthropogenic signal in 423 

extreme precipitation over land. Thus, we mask out data over the ocean at this stage, resulting in 6082 424 

land grid values. The ANN architecture consists of two hidden layers with ten nodes each. The Rectified 425 

Linear Unit activation function is used for all hidden units.  426 

Approximately 80% of the models (35) are used for training the ANN, while the rest (9) are used 427 

for testing. K-fold validation is applied to split the initial training dataset into training and validation 428 

datasets. Here we set K=2. The mean squared error between the actual and predicted year of Rx1day is 429 

used as the loss function to be minimized during the training. For the optimizer which updates the ANN 430 

based on the gradient of the loss, we select rmsprop. Climate variables inherently contain spatial 431 

autocorrelation. To account for this dependence among adjacent input data points, we use L2 432 

regularization between inputs and the first hidden layer, which adds the sum of squared weights as a 433 

penalty term to the loss function. By iterating over L2 values of leading order of magnitudes and 434 

inspecting the tradeoff between low prediction error and generalizability (Figure S1), we found L2=0.001 435 

to be a suitable value for our analysis.   436 

We could have made the ANN more complex to achieve higher accuracy. But we elected not to 437 

do so, partly because Increasing the number of hidden units or changing the other hyperparameters 438 

(except for L2 regularization) did not result in a substantial increase in accuracy. More importantly, we 439 



aimed to keep the ANN simple, with a reasonable degree of accuracy. This is because the main goal is 440 

not to obtain a perfect prediction, but rather to reveal the forced patterns the ANN learns (e.g. ref. 29, 441 

30). As we show in Section 3, imperfections in the prediction also can be physically interpreted within 442 

the D&A research framework (Figure 2). 443 

 444 

Neural network interpretation using Layerwise Relevance Propagation (LRP) 445 

 Assume that for a given input map, x, we get an output 𝑓𝑓(𝑥𝑥), in our case, the predicted year. 446 

LRP conservatively back-propagates this value through hidden layers until it reaches the input map. This 447 

process generates a relevance heatmap, indicating the areas of importance influencing the value 𝑓𝑓(𝑥𝑥). 448 

The conservation property is shown in eq.1, for relevance propagation between two hidden layers 𝑗𝑗 and 449 

𝑘𝑘, where 𝑘𝑘 is the higher layer (i.e. closer to the output).  The summation operation for each layer (e.g. 450 

∑ 𝑃𝑃𝑘𝑘𝑘𝑘 ) is the summation of the relevance (𝑃𝑃) of all hidden units in that layer. The activation, 𝑎𝑎𝑘𝑘 (eq. 2) is 451 

the information coming from all units in layer 𝑗𝑗, to a target unit in layer 𝑘𝑘. In eq. 2, 𝑎𝑎𝑗𝑗 values are the 452 

individual activations of each unit in the layer 𝑗𝑗, 𝑤𝑤𝑗𝑗𝑘𝑘 values are the weights associated with the 453 

relationship between each unit in layer 𝑗𝑗 and the target unit 𝑘𝑘, and 𝑏𝑏𝑘𝑘 is the bias of that target unit.  454 

 455 

∑ 𝑷𝑷𝒊𝒊𝒅𝒅
𝒊𝒊=𝟏𝟏  = ⋯ = ∑ 𝑷𝑷𝒋𝒋𝒋𝒋 =  ∑ 𝑷𝑷𝒌𝒌𝒌𝒌 = ⋯ =  𝒇𝒇(𝒙𝒙)  (1) 456 

 457 

𝒂𝒂𝒌𝒌 = 𝑹𝑹𝑹𝑹𝑹𝑹𝑹𝑹�∑ 𝒂𝒂𝒋𝒋𝒘𝒘𝒋𝒋𝒌𝒌 + 𝒃𝒃𝒌𝒌𝒋𝒋 �    (2) 458 

 459 
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 461 



 The relevance propagation rule from layers 𝑗𝑗 to 𝑘𝑘 is given in eq. 3. This general form is also 462 

known as the 𝛼𝛼𝛼𝛼-rule35,36. The components ()+ and ()− indicate only positive and negative weights are 463 

being considered, respectively. The 𝛼𝛼 and 𝛼𝛼 coefficients represent the relative amount of positive and 464 

negative relevance to be propagated, respectively. As shown in eq. 3, positive relevance (i.e. excitatory 465 

influence) and negative relevance (i.e. inhibitory influence) are associated with positive and negative 466 

weights, respectively. The 𝛼𝛼 and 𝛼𝛼 coefficients are to be chosen with the constraints 𝛼𝛼 − 𝛼𝛼 = 1 and 𝛼𝛼 ≥467 

0. The combination 𝛼𝛼 = 2 and 𝛼𝛼 = 1  (LRPα2β1) have been experimentally inferred as suitable values, 468 

and have been adopted in previous research35,36,63-65. Here we adopt the LRPα2β1 rule.  469 

The 𝛼𝛼𝛼𝛼-rule rule with 𝛼𝛼 = 1 and 𝛼𝛼 = 0 (LRPα1β0, also known as the Deep Taylor Decomposition) 470 

is a special case where for each input, the sum of LRP relevance heatmaps is equivalent to 𝑓𝑓(𝑥𝑥). This is a 471 

valuable property for the interpretation of results. As 𝛼𝛼 = 0, LRPα1β0 only considers the information 472 

which positively contributes to the final decision. For regression tasks such as the problem at hand here, 473 

inputs which contribute to a decrease in 𝑓𝑓(𝑥𝑥) (i.e. an earlier predicted year; negative relevance) are 474 

equally as important as inputs which contribute to an increase (i.e. a later predicted year; positive 475 

relevance) to understand what the ANN has learned. Moreover, when 𝛼𝛼 > 1, the 𝛼𝛼𝛼𝛼-rule does not 476 

conserve the relevance from the output value back to the input layer. For these reasons, ref. 33 pointed 477 

out that caution should be exercised when applying the 𝛼𝛼𝛼𝛼-rule with 1) 𝛼𝛼 = 1 for regression and 2) 𝛼𝛼 >478 

1 in general. We find that for our simple ANN, applying LRPα2β1 results in a 1:1 relationship between the 479 

resultant relevance heatmaps and 𝑓𝑓(𝑥𝑥) for each input (Figure S1d). This allows the visualization of input 480 

that contributes to a decrease in 𝑓𝑓(𝑥𝑥) while maintaining a direct relationship between the ANN 481 

predicted value and LRP heatmaps. Therefore, we proceed with rescaled relevance heatmaps derived 482 

from LRPα2β1 for interpreting our ANN. More details on LRP can be found in previous work (ref. 483 

33,35,36,66).  484 
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