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Our results confirm strong resemblance between the ModE-RA reanalysis 
data and the documentary-based temperature reconstruc�on. This simi-
larity applies not only to the overall temperature signal, but also to its 
individual components a�ributable to various climate variability drivers. 

Aside from factors with well-established influence on central European 
temperature (radia�ve forcing, NAO), our analysis provides a clearer repre-
senta�on of local temperature responses less evident from instrumental-
only data (especially temperature components related to volcanic forcing 
or PDO). Curiously, no significant link was found in case of AMV (however, 
noteworthy correla�ons can be found when mul�-year �me-delayed links 
are also considered). No discernible temperature signal was found in 
response to solar forcing, linear or otherwise. 

Presence of dis�nctly nonlinear responses has been established for some 
of the temperature drivers, including those with the strongest sta�s�cal 
significance (such as NAO). For others (including volcanic forcing), the linear 
model seems sufficient.

Although not addressed in detail here, one of the crucial aspects of proxy-
based �me series analysis concerns temporal stability and homogeneity of 
individual signals and their links. For predictors dominated by persistent, 
higher-frequency variability, this issue can be inves�gated by analysis 
applied over shorter �me segments: E.g., for NAO-related temperature 
component, a largely stable link throughout our analysis period exists, 
sugges�ng considerable level of mutual consistency between the proxy-
based NAO reconstruc�on and the temperature series:

Future direc�ons:
Transi�on to seasonal and monthly �me scales

Inclusion of more variants of the proxy-based predictors
Inves�ga�on of �me-delayed responses and inter-predictor interac�ons, 

at both monthly and mul�annual �me scales

Main results & conclusions
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Interpretation of the regression outcomes
p-values

Es�mated by the t-test and F-test for the MLR 
and GAM models, respec�vely

Effec�ve degrees of freedom (EDF)
Characterize complexity of the GAM response:

close to 1: Linear response
1 to 2: Weakly nonlinear

over 2: Substan�al nonlinearity

GAM response graphs
Response func�ons approximated 
by thin plate splines; straight lines 

indicate linear rela�onship 
between the temperature values 

and the predictor
Es�mated uncertainty shown by 
shading (95% Bayesian credible 

interval)
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Motivation
While instrumental measurements of the climate system and its poten�al 
drivers provide a key source of data for climate variability assessment, 
addi�onal informa�on can also be obtained from proxy-based versions of 
the relevant variables. In this contribu�on, reconstruc�ons covering five 
centuries of data are analysed through linear and nonlinear regression, 
with the following primary aims:   

To iden�fy temporal temperature variability pa�erns a�ributable to 
different climate drivers, both external and internal

To inves�gate whether the eventual links can be sufficiently approximated 
by purely linear func�ons, or whether applica�on of a more complex, non-

linear and non-parametric approach is warranted 

To compare results obtained from different sources of temperature data, 
specifically to determine how similar the temperature signal is between 
the ModE-RA paleo-reanalysis (Valler et al. 2024) and the documentary-

based temperature reconstruc�on by Dobrovolný et al. (2010)
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Analysis setup
For detec�on and quan�fica�on of links between central European annual 
temperature and data approxima�ng ac�vity of external forcings and 
internal climate variability modes, two regression models were employed: 

Mul�ple linear regression (MLR)
The most commonly applied form of regression, simple and easy to 

interpret, but only capable of capturing linear rela�onships 

Generalized addi�ve model (GAM) 
A more general model, simula�ng the predictor-predictand rela�onships 
through flexible nonlinear transforma�on func�ons applied to individual 
predictors, thus capable of revealing and approxima�ng even nonlinear 

links

Analysis period
1500-2000 CE

Imprints of climate variability drivers in multi-centennial central European temperature series

TDO: Central European temperature reconstruc�on by Dobrovolný 
et al. (2010), using documentary and instrumental data from 

Austria, Czechia, Germany & Switzerland

TME: Central European temperature series generated from the 
ModE-RA paleo-reanalysis (Valler et al. 2024) as a mean of all 20 

ensemble members over the area between 7-19°E, 45-52°N

Temperature data

Mutual correlations of the time series
To limit the poten�al influence of external forcings in the predictors 
pertaining to internal climate variability, linear regression was used to 
remove components related to radia�ve, solar and volcanic forcing from 
the rest of the predictors.
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