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Introduction 
Several methods of climate !eld reconstructions (CFRs) have been introduced in the past few years 
to estimate past climate variability from proxy data over the Common Era. e pseudoproxy 
framework has become a tool of choice for assessing the relative merits of such methods. Here we 
compare two reconstruction techniques, using a realistic pseudoproxy network mimicking the key 
spatiotemporal characteristics of the network of Mann et al., [2008] (hereinafter M08); the methods 
are RegEM [Schneider 2001] TTLS, and (2) GraphEM [Guillot et al. submitted].  
Two novelties in pseudoproxy design are introduced here: (1) the decrease in proxy availability over 
time follows that found in M08, (2) the spatial heterogeneities of the quality of the proxies. 

Constructing realistic pseudoproxy networks	  
e pseudoproxies are generated according to:	  
where ξ is a Gaussian white noise process with zero mean and unit variance. T is the temperature 
from the NCAR CSM1.4 simulation [Ammann et al. 2007], and SNR is the signal-to-noise ratio, 
related to the real-world proxy correlation (ρ) to the HadCRUT3v temperature !eld via:	  
We explored two design choices for the realistic SNR:	  
• For each proxy in M08 network, the temperature point closest to the proxy is used to calculate the 
corresponding correlation. (Local SNR, Figure 1a)	  
• For each proxy in M08 network, all the temperature points within a certain search radius (1/3 
REarth) are used to calculate correlations to the proxy. e temperature point resulting in the highest 
correlation is chosen. (Maximized SNR, Figure 1b) 

Conclusions 
As expected, a realistic pseudoproxy context challenges CFR methods to a greater extent than hitherto 
explored. None of the realistic experiments performed as well as the idealized one. e reconstruction 
skill is especially affected in high latitudes in both hemispheres by more than 50%. All 
reconstructions display large variability as the temporal coverage of the proxies decreases back in time. 
In addition, the spatial completeness of the proxy network does not guarantee the reconstruction skill 
if the proxies are not of high quality (high SNR). In consistence with previous study [Smerdon et al. 
2011], we found that the global mean values are poor indicators of the spatial performance: the !eld 
skill varies for different methods and SNR levels, while the global mean value shows little variation. 
e inter-comparison of the two methods reveals that GraphEM + TTLS yields an improvement over 
eastern North America and North Atlantic by 50% to 80% and is less sensitive to the temporal 
heterogeneities of the proxy network.  
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Figure 2. Temporal Availability of the proxies in M08 network. 
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e effect of  temporal availability of the M08 proxy network is taken into account by 
comparing two pseudoproxy networks:	  

•  M08 Full network: pseudoproxies are assumed uniformly available 	  
•  M08 Sparse network: pseudoproxy availability matches the observed pattern (Figure 2).  

Figure 1. Proxy quality in M08 network. a) Local SNR of each proxy, with histogram of the SNR distribution, b) 
Maximized SNR of each proxy, with histogram of the SNR distribution. 

b) 

Table 1. Verification statistics for the global mean time series of the reconstructions performed in 
this study.  
e reconstructions are done without PC compression, and the results are presented after being 
applied with a 20-year lowpass !lter. 

Results	  
1)  Effect of spatial heterogeneities (M08 full network)   

Figure 5. CE comparison for M08 sparse network. (left) Different SNR trials with TTLS, (right) SNR trials with GraphEM + TTLS. 
In addition to the results shown in Figure 4, we also found that none of the experiments presented here can individually outperform the reconstruction skill of 
the full proxy network. !is indicates that the temporal availability of proxies is crucial to the reconstruction quality. Compared with TTLS, GraphEM is less 
sensitive to temporal de"ciency in the data, suggesting that GraphEM will be more robust when applied to a real proxy database.  

Figure 4. CE comparison for M08 full network. (left) Different SNR trials with TTLS, (right) SNR trials with GraphEM + TTLS.  
None of the realistic SNR trials retrieved as much information as the idealized SNR case. !e reconstruction skill decreased signi"cantly over eastern 
North America, North Atlantic and northern Europe by more than 50%. Nevertheless, the results of the realistic experiments show that GraphEM was 
able to improve the spatial performance in these regions by approximately 70%. 
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2)  Effect of temporal heterogeneities (M08 sparse network) 
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Future work	  
In our study the CE score is signi!cantly affected by the temporal availability of the proxies. is 
highlights the need to further explore the underlying cause of the large differences in CE scores. 
Both methods identi!ed the teleconnections in the CSM1.4 model. To further test the methods’ 
sensitivity to the dynamics of the climate !eld, it is important to also use other climate models as the 
target !eld to construct the pseudoproxy network . 
In addition, more noise realizations need to be generated  in order to assess the methods’ robustness, 
and a more realistic noise model should be used (e.g. include the persistence by using red-noise 
instead of white-noise).    

€ 

CE =

1− (zi − ˆ z i)
2

i=1

N

∑

1− (zi − µv )2

i=1

N

∑
,

where z and ˆ z are observed (target) and
estimated timeseries, µv is the mean of z
over the verification interval.

Figure 3. Global Mean Time series summary of the reconstruction, (left) M08 full network, (right) M08 sparse network. 

e global mean time series shows that 
all of the reconstruction performed well 
in reproducing the general trend of the 
CSM1.4 model output. To assess the 
spatial performance of each method, 
we computed veri!cation statistics of 
the !eld. Below we present the maps of 
the CE (coefficient of efficiency) for all 
the trials.  CE is a relatively stringent 
criterion to assess the reconstruction 
skill, de!ned as: 
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TTLS GraphEM 
SNR = 0.5 Local SNR Maximized SNR SNR = 0.5 Local SNR Maximized SNR 

Full 
CE 0.799 0.668 0.735 0.676 0.454 0.622 

Bias 0.067 0.108 0.100 0.142 0.177 0.151 

Sparse 
CE 0.796 0.015 0.628 0.547 -0.337 0.449 

Bias 0.094 0.107 0.113 0.181 0.310 0.191 


