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Details of Data Processing 

The Global Historical Climatology Network (GHCN) data set1 has been 

collected, maintained, and quality controlled at the National Climatic Data Centre, 

NOAA. The most recent version (second version) has been used in this analysis. 

In addition to updates for both spatial and temporal coverage, data homogeneity 

has been addressed for the US, and measurement errors for data from Canada 

and the former USSR have also been corrected2. Given the amount of data and 

the need to update regularly, erroneous data might still exist in the data set. We 

conducted some additional quality control before analysing the data by screening 

for possible spurious trends, such as a trend that is too large to be reasonable, in 

the station data and other non-physical artifacts such as change points that might 

be indicative of changes in instrumentation, observing practices, station location 
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and so on. This was done, in part, by assessing consistency of changes at 

adjacent stations. There appears to have been a change in the unit of 

measurement for Bangladesh stations around 1990 that caused large apparent 

negative trends in annual precipitation. This error, which has been corrected, 

coincides with the introduction of recent World Weather Records for that country 

into the GHCN. Missing values at some tropical stations may have been coded 

as zero, also causing spurious trends. Data from those stations were corrected to 

the extent possible by comparing seasonal means with those of surrounding 

stations, or were excluded from the analysis. The overall number of stations that 

were judged to have spurious trends is very small. 

To ensure that trends computed from observational data are 

representative for the period, we include in our analysis only those stations that 

meet the following two criteria: 1) the station has at least 25 years of data during 

the 1961-1990 base period, and 2) the station has at least 5 years of data in 

every decade during the period 1950-1999. The latter constraint was not applied 

to the 1925-1949 period. However, to determine the longest period in the 20th 

century during which a trend representative for 10-degree longitudinal bands can 

be reliably estimated, we computed the fraction of land area sampled by the 

observations during the base period in each 10-degree band (Supplementary 

Figure 1) for the 20th century. Sixty percent or more of land area sampled during 

the base period is covered by observations since 1925 for every latitude band 

used in this analysis. Data coverage deteriorates rapidly for several latitude 

bands prior to 1925. As a result, the longest time period on which our detection 

analysis is conducted is 1925-1999 (note that the broad feature of changes 

remains unaltered if the entire 20th century is analyzed; see Fig 9.18 of Hegerl et 
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al., 2007). The best data coverage starts around 1950. We thus conducted our 

main detection analysis for the 50-year period 1950-1999.   

Precipitation variability estimated from climate models and 
observations 

A challenge in detecting an anthropogenic climate change signal in 

observed precipitation is the discrepancy between observed and simulated 

variance. Supplementary Figure 2 illustrates the problem. It shows that the 

observational estimate of the variance of 5-yr mean precipitation anomalies in 

10° latitude bands is greater than that simulated by models, typically by a factor 

of 2.  Power spectra of zonal average annual precipitation anomalies also 

confirm that modeled zonal mean precipitation typically has smaller variability 

than the observed counterpart (Supplementary Figure 3). A substantial part of 

the discrepancy may be the result of the use of data from a few stations and 

sometimes from only one station to represent grid box mean precipitation. 

Supplementary Figure 4 shows that the power spectrum of grid box averaged 

precipitation anomalies is likely lower than that computed from individual stations 

by illustrating that precipitation averaged from 56 stations shows substantially 

less variability on all timescales than precipitation averaged from subsets of 1, 3 

and, for short timescales, even for 10 stations within the grid box. This means 

that the use of available station precipitation data overestimates the variability of 

grid box mean precipitation in a large number of grid boxes. In fact, this problem 

affects the majority of grid boxes because the median of available stations is 3 

per grid box; exceptions occur in a few regions where there are dense networks 

of observing stations. 
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Our detection analysis is conducted on a sub-space spanned by the first 5 

leading EOFs of zonal precipitation trends, thereby retaining scales where model 

simulated variability in zonal trends is more often consistent with the 

observationally based estimate according to a standard test3. Cases where 

internal variability is problematic are labelled in Figure 3 (main paper). Because 

the observationally based estimate of variability in precipitation trends is likely too 

high, our detection results should be robust and conservative. Furthermore, most 

of our results are also robust to inflating the model variability by a factor of 2.  

Details of estimation of internal variability 

The covariance matrices required for optimization and testing are 

estimated from independent parts of a 1700 year control simulation performed 

with HadCM3, for which there is no change in external forcing, and from 

variability between members in ensembles of forced simulations. The latter 

consist of a total of 9200 years of climate simulation with ALL, ANT, or NAT 

forcing in ensembles of 3 to 9 100-yr simulations (Supplementary Table 1 and 

references therein). The 1700-yr HadCM3 control simulation is divided into 17 

non-overlapping 100-yr samples.  

For the 75-yr detection analysis, trends are estimated from the last 75-yr 

of the 100-yr sample of model output that is masked to mimic the availability of 

gridded observations over the period of record. We then split the control and 

forced simulations in such a way that every model is represented in the 

covariance matrix estimates ĈN1 and ĈN2. In the case of ensembles with an odd 

number of members k, (k+1)/2 members are randomly assigned to either sample 

N1 or N2, and the remaining (k-1)/2 members are allocated to the other sample; 
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the allocation of the larger number of members is alternated between models to 

ensure that N1 and N2 contain the same number of members in total. In the case 

of ensembles with an even number of members, half of the members are 

randomly allocated to each sample. Overall mean trend patterns are removed 

separately from the control, ALL, ANT, and NAT simulations in each sample N1 

and N2, and the residual trends are used to estimate CN1 and CN2. The 

covariance estimates are appropriately adjusted to reflect the fact that ensemble 

mean trend patterns have been removed from individual ensembles. 

For the 50-yr analyses, we split each of the 100-yr chunks of data into two 

50-yr periods, and compute trends in each 50-yr data segment masked to mimic 

the availability of gridded observations during 1950-99. Those trends are then 

partitioned similarly as those of 75-yr trends for the estimation of ĈN1 and ĈN2.  

The estimates of internal variability necessarily contain a contribution from 

inter-model and intra-ensemble variability. They therefore reflect structural 

uncertainty as well as internal variability. In this case the residual trends deviate 

from the model mean trend due to both internal climate variability and systematic 

differences between individual models, yielding an inflated estimate of internal 

climate variability. Using such a covariance estimate to optimize signal-to noise 

ratios will have the effect of down-weighting features of zonal precipitation 

change that are strongly affected by model uncertainty17. The residual 

consistency test3 suggests that model simulated variability is generally not 

inconsistent with observed variability at the 10% significance level when 5 or 

fewer EOFs are retained. More than 76% of signal and noise variance is retained 

at this truncation. The shapes of the precipitation trend patterns are also 

preserved at this truncation (Supplementary Figure 5) 
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Uncertainty in the estimate of internal variability 

Detection and residual consistency tests use a statistical formalism that is 

designed to account for sampling variability assuming that trends follow a 

Gaussian distribution. There are many different ways to partition the available 

sets of simulations into samples N1 and N2 when estimating the noise 

covariance. This allows us to take sampling uncertainty in the estimation of 

internal variability into account more robustly by comparing results from different 

configurations of model data for noise estimation. To do so, we randomly 

partition model simulations, as detailed above, using 2000 different 

configurations, and thereby obtained 2000 samples of ĈN1 and ĈN2. We then 

repeated our detection analyses 2000 times using these different estimates of 

internal variability.  

Supplementary Table 2 summaries the number of times detection occurs 

in the one-signal analyses. For the 50-yr trend, ALL is robustly detected. ANT is 

also detected, but the residual consistency test passes only infrequently in this 

case (see discussion below). Results from the 4 models that conducted 

simulations with ALL, ANT, and NAT forcing are similar, but here also, the 

residual consistency test fails frequently. The greater difficulty with residual 

variability may indicate that the signals are not as well defined when a smaller 

number of models is used, or that the residual contains more unexplained parts 

of the signal and thus shows larger variance than the estimate of internal 

variability. Results for the 75-yr trends are consistent with those for 50-yr trends. 

However, the problem with residual variability is more apparent. This is perhaps 

not unexpected given that poorer spatial coverage of station data towards the 

beginning of the period should yield poorer estimation of observed trends and 
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greater overestimation of grid box scale variability. Detection results, particularly 

when using the ALL signal, are robust to doubling the estimated internal 

variance, in which case the residual consistency test passes much more 

frequently. 

 Results for the 2-signal analyses are summarized in Supplementary Table 

3. For the 50-yr trends, both ANT and NAT are detected relatively robustly when 

ALL and ANT signals are used and when model simulated variance is doubled. 

Results with simulations from the 4 models are consistent, but residual variability 

appears to be more problematic, which is consistent with the results from the 

one-signal analyses. ANT is not separated from NAT or internal variability if the 

NAT4 signal is used in the analyses. This may indicate problems with the NAT 

simulations from the 4 models. For the 75-yr trend, ANT may be separated, but 

less robustly, from NAT and natural variability in the ALL and ANT analyses as 

explained in the methods section. 

 Effect of area weighting on detection 

Both the observed vector y and signals X in the regression can be 

weighted to account for surface area differences between latitude bands. 

However, in that case the EOF analysis focuses largely on the tropics (which 

represent large areas and large rainfall variability), making it difficult to represent 

the important features of high latitude rainfall increases in a truncated space. We 

therefore did not use area weighting in our analysis. However, results largely 

hold if area weighting is used, although in this case, detection can only be 

conducted in a sub-space spanned by the first 4 EOFs according to the residual 

consistency test3.  
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Effect of coverage changes on zonal precipitation trends 

 We used the ALL simulations to assess the effect of changes in data 

coverage over time on zonal precipitation anomaly trend estimation. To do so, we 

proceeded as follows. We first produced two masks from the observations: a) a 

fixed mask in time that includes all grid points where there is at least one annual 

observation, and b) the usual mask (Mask A) that indicates the timing and 

location of available observations.  Having produced the two masks, two 

quantities were calculated for each 10 degree band from each of the 50 ALL 

runs: 

a) Zonally averaged precipitation anomalies calculated over the fixed 

mask consisting of all points that were sampled at least once over the 

period of record of the observations (this data set is called “complete”) 

b) Zonally averaged precipitation anomalies calculated over points where 

masking mimics the availability of real observations over time and 

space (this data set is called Mask A) 

Trends corresponding to 1925-1999 and 1950-1999 are computed for the 

“complete” and the Mask A precipitation anomaly series. The difference in 

“complete” trends between different runs represents uncertainty in the trend 

estimate due to natural variability. The difference between the “complete” and the 

Mask A trends for the same run indicates uncertainty in the trend estimate due to 

changes in the spatial coverage in the observational data. This difference across 

the 50 ALL simulations is shown in the box plots in Supplementary Figure 6a, as 

a fraction of the standard deviation of the “complete” trends from the 50 ALL 

simulations. The change in the spatial coverage does not appear to have 

resulted in a systematic bias in the trend estimate. Uncertainty over the 1950-
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1999 period is much smaller than that over the longer 1925-1999 period. Over 

the Northern Hemisphere, the average absolute difference between the 

“complete” and the Mask A trends is generally smaller than 0.1 and 0.2 standard 

deviations for the 1950-1999 and 1925-1999 periods, respectively. However, the 

differences are larger over the tropical regions. Supplementary Figure 6b 

displays the number of times the “complete” trend and the Mask A trend have the 

same sign in 50 ALL simulations; the “complete” trend and the Mask A trend 

usually have the same sign. In the worst case of the 1925-1999 precipitation 

trend, the “complete” trend and the Mask A trend match their signs 86% of time. 

Because the sign of the trend is unlikely to be altered due to the change in the 

spatial coverage, we conclude that it is unlikely that the moistening and drying 

pattern seen in the observed zonal mean precipitation anomaly trends is affected 

by change over time in the spatial coverage of observational data in the GHCN 

data set.  

Overall, spatial coverage change may have resulted in uncertainty in the 

trend estimate, especially for 1925-1999. However, this uncertainty is far smaller 

than that due to natural variability (or errors caused by structural differences 

between models), and is unlikely to have altered the spatial patterns of drying 

and moistening. 

Joint estimation of scaling factors for ANT and NAT 

Scaling factors estimated jointly in two-signal detection analysis are 

generally correlated, and thus their joint uncertainty due to sampling variability is 

best expressed by means of joint confidence regions. Supplementary Figure 7 

shows 90% joint confidence regions for the scaling factors on the model 
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estimated responses to NAT and ANT forcing, along with the corresponding one-

dimensional marginal error ranges, when ALL and ANT trends from all available 

simulations are used in the two-way regression analysis, and when ALL4 and 

ANT4 trends are used in the analysis.  

Precipitation trends simulated by individual models 

The scaling factors shown on Figure 3 (main paper) are larger than unity, 

indicating that multi-model response to external forcings may be underestimated. 

As shown in Figure 1 (main paper) which displays ensemble mean trends from 

individual models, some models such as the GFDL 2.0 and MIROC do have 

response features, particularly in the tropics, that are as large observed. 

However, these large trends are situated somewhat differently latitudinally, 

impeding detection and damping the amplitude of the multi-model pattern of 

response. However, both of these models exhibit a quite weak response in high 

latitudes. Other models contribute to the multi-model mean increase that is seen 

in high latitudes, such as PCM or GISS, both of which have little structure in the 

tropics. The pattern correlation (including the global mean trend in the 

calculation) between multi-model mean ALL or ANT trends and observed trends 

is higher than the pattern correlation between the trends simulated by any 

individual model and the observed trends. Therefore, it appears that in this case, 

multi-model averaging improves the agreement between models and 

observations, although it occurs at the cost of dampening the response of the 

more strongly responding models. 
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Supplementary Table 1. Model simulations and ensemble size available for 

this analysis 

Model ALL ANT NAT  

ECHO-G4 5 3 3  

GFDL CM2 05 3    

GFDL CM2 15 3    

GISS Model E H6 5    

GISS Model E R6 9    

MIROC 3.2 medres7 4 4 4  

MRI CGCM2 3 2a8 5    

NCAR CCSM 39 8    

NCAR PCM110 4 3 4  

UKMO HadCM311 4 4 4  

CCCma CGCM312  4   

CSIRO13,14   3   

FGOALS15  3   

ECHAM5/MPI-OM16  3   
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Supplementary Table 2. Robustness of attribution results. The table lists the 

number of times detection occurs in 2000 repetitions of one-signal detection 

analysis where each of the 2000 analyses uses a different sampling of the 

available internal variability information. Blue numbers indicate the number of 

times detection occurred, while black and red numbers correspond to the number 

of times the residual test was passed or failed in those cases, respectively. Note 

that a failed residual test can be due to underestimated model internal variability 

in the space used, or due to the model fingerprint not explaining the observed 

change well, as is the case if important forcings are omitted. The mean and 

standard deviation of the scaling factor when detection occurred are also shown.  

 75-yr trend 50-yr trend 
Simulations ALL ANT NAT ALL ANT NAT

 
All models 
 

1946 
51/1895 

5.23 1.53β = ±  

1958 
636/1322 

5.15 1.40β = ±

0 
0/0 

1979 
1846/133 

6.89 1.72β = ±  

1582 
0/1582 
3.32 0.96β = ±

 

0 
0/0 

 

All models, 
but 
variance is 
inflated by 
a factor of 
2 
 

1745 
1319/426 

1767 
1553/214 

0 
0/0 

1916 
1915/1 

 

1144 
2/1142 

2 
0/2 

4 models 
 
 

1023 
0/1023 
6.77 1.90β = ±  

1381 
17/1364 

4.74 1.81β = ±

3 
0/3 

1687 
77/1610 

7.33 1.60β = ±  

1647 
0/1647 
4.35 1.19β = ±

 

0 
0/0 

4 models, 
but 
variance is 
inflated by 
a factor of 
2 

400 
120/280 

967 
446/521 

0 
0/0 

977 
746/231 

1367 
2/1365 

0 
0/0 
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Supplementary Table 3. The number of times detection occurs in 2000 

repetitions of two-signal detection analysis where each of the 2000 analyses 

uses a different sampling of the available internal variability information. Blue 

numbers indicate the number of times detection occurred, while black and red 

numbers correspond to the number of times the residual test was passed or 

failed in those cases, respectively. The table demonstrates that results given in 

the body of the paper are fairly typical. 

 
 75-yr trend 50-yr trend 
Signals 
combinations 

ANT NAT ANT NAT 

ALL+ANT, all 
models 

1576 
667/909 

179 
106/73 

1824 
62/1762 

1938 
141/1797 

ALL+ANT, all 
models, variance 
doubled 

1233 
1091/143 

34 
21/13 

1854 
1853/2 

1956 
1951/5 

ALL+ANT, 4 
models 

23 
1/22 

6 
0/6 

1682 
36/1646 

1827 
127/1700 

ALL+ANT, 4 
models, variance 
doubled  

10 
3/7 

5 
3/2 

339 
118/221 

499 
264/235 

ALL+NAT, all 
models 

939 
171/768 

3 
0/3 

7 
5/2 

6 
4/2 

ALL+NAT, all 
models, variance 
doubled 

71 
69/2 

0 
0/0 

19 
15/4 

5 
4/1 

ALL+NAT, 4 
models 

300 
0/300 

3 
0/3 

48 
19/29 

36 
17/19 

ALL+NAT, 4 
models, variance 
doubled  

11 
3/8 

2 
0/2 

1 
1/0 

0 
0/0 

ANT+NAT, all 
models 

490 
222/268 

76 
22/54 

0 
0/0 

1 
1/0 

ANT+NAT, all 
models, variance 
doubled 

60 
52/8 

4 
0/4 

0 
0/0 

0 
0/0 

ANT+NAT, 4 
models 

200 
6/194 

0 
0/0 

0 
0/0 

0 
0/0 

ANT+NAT, 4 
models, variance 
doubled  

19 
9/10 

3 
0/3 

0 
0/0 

0 
0/0 
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Supplementary Figure 1: Changes in data coverage for 10-degree bands as 

a fraction of best data coverage during the 1961-1990 base period. Vertical lines 

mark the year 1925. The fractional coverage is calculated as the ratio of the area 

covered by 5°×5° latitude-longitude grid boxes for which annual precipitation 

anomalies could be calculated (see main paper) to the best coverage by 5°×5° 

grid boxes during the 1961-1990 base period.
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Supplementary Figure 2: Zonal pattern of variance ratio between climate 

models and observations. The figure shows box and whisker plots of the ratio of 

5-yr 10° zonal mean precipitation variances between ALL simulations and that 

estimated from station observations. The upper and lower ends of each box are 

drawn at the 75th and 25th quartiles, and the bar through each box is drawn at the 

median. The two bars indicate the range that would cover approximately 90% of 

variance ratios if the upper or lower halves of the variance ratio distribution were 

roughly Gaussian in shape. Individual points beyond the horizontal bars indicate 

outliers. 
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Supplementary Figure 3: Power spectra of zonal mean precipitation 

anomalies in 10° latitude bands estimated from 1925-1999 data. The thick black 

curves represent the power spectra of observed precipitation anomalies, while 

the thin coloured curves represent the ensemble averages of the power spectra 

for ALL simulations from individual models. 
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Supplementary Figure 4. Comparison between well-sampled and sub-

sampled precipitation variance in a 5°x5° latitude-longitude grid box. Power 

spectra of averaged annual precipitation anomaly (thick black line and triangles) 
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are shown for the grid box covering 35-40°N, 75-80°W in the central United 

States, estimated from 1950-1999 data. There are 56 stations that have at least 

40 years of data in the grid box. Box and whisker plots (red; see Supplementary 

Figure 2 for a description) of power spectra computed from individual observing 

stations (upper panel), mean precipitation anomalies of three randomly selected 

stations in the grid box (middle panel), and mean precipitation anomalies from 

ten randomly selected stations from the grid box (lower panel) are also shown. It 

is clear that the variability of precipitation for the grid box average is much lower 

than that for individual stations, and that it is also lower than that of an average of 

three stations. Note that the median number of stations for all available grid 

boxes is 3. This suggests that observationally based estimates of precipitation 

variability are too high in at least half of all grid boxes.  
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Supplementary Figure 5: Observed (OBS) and model simulated (ALL and 

ANT) precipitation trends during 1950-1999 (red) and 1925-1999 (blue). Solid 

lines represent the original trend, while trends reconstructed from the first 5 

leading EOFs of the estimated covariance are dashed. The EOFs capture more 

than 76% of variance and key physical aspects of the observed pattern of 

change.
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a) Box and whisker plot (1950-1999, red;1925-1999, blue) 
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b) number of matches in the sign of the trend   

 
 
Supplementary Figure 6. a) Sensitivity of zonal precipitation trends to 

sampling, Box and whisker plots are shown for the differences between the 

“complete” trend and the “Mask A” trend computed from the same simulation 

expressed as a fraction of  the standard deviation of the “complete” trend in ALL 

simulations. b) The number of times when the “complete” trend and the “Mask A” 

trend have the same sign in the 50 ALL simulations.  
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Supplementary Figure 7. Combined uncertainty ranges from 2-signal 

attribution analysis. 90% uncertainty regions for NAT and ANT scaling factors for 

the 1950-1999 trends are estimated jointly in a 2-way regression with signals 

estimated as specified below. The error bars, which cross at the best estimates 

of the scaling factors, indicate 5%-95% one-dimensional confidence limits.  a) 2-

way regression with ALL and ANT signals estimated from all available 

simulations, b) 2-way regression with ALL and ANT estimated from the four 

GCMs that conducted separate ALL, ANT, and NAT simulations.  
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