10

11

Christoph Schleip — Volker Dose— Annette Menzel

Norway spruce (Picea abies). Bayesian analysis of the

relationship between temperature and bud burst.

Corresponding author:

Dipl.-Forstw. Christoph Schleip Prof. Dr. Annette Menzel

Lehrstuhl fiir Okoklimatologie Lehrstuhl fiir Okoklimatologie
Technische Universitat Munchen Technische Universitat Minchen

Am Hochanger 13 Am Hochanger 13

D- 85354 Freising - Weihenstephan D- 85354 Freising - Weihenstephan
Email: Christoph.Schleip@web.de Email: menzel@forst.tu-muenchen.de
Tel.: (+49) 8161 714744 Tel.: (+49) 8161 714740

Fax.: (+49) 8161 714753

Prof. Dr. Volker Dose
Max-Planck-Institut fur Plasmaphysik
BoltzmannstralRe 2

D- 85748 Garching bei Munchen

Tel.:  (+49) 8932991265
Fax.: (+49) 8932992591

Keywords

Bayesian analysis, simulated annealing, Norway spruce, bud burst, time series, nonlinearity,

temperature response, prompt response.



12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

Abstract

Climate change has already affected the phenology of several species. To be able to assess the
impacts of climate change under various climate scenarios, we need superior models of the
phenology of different species. Linear regression methods alone are of limited value for the
analyses of natural indicators or phenological data because most time series of naturally-
occurring events in ecosystems do change. In this paper, we applied a Bayesian probability
approach to investigate time series of the phenological phase of bud burst in Norway spruce
(Picea abies (L.) Karst.) and mean monthly/weekly temperatures of corresponding climate
stations in Germany. Our aim was to detect, in these temperature and Norway spruce bud
burst time series, years with the highest probability for discontinuities. We analysed rates of
change and the relationship between temperature changes and bud burst of Norway spruce in
the 51 year period 1953-2003.

We used a Bayesian method for a coherence analysis between phenological onset dates and an
effective temperature generated as a weighted average of monthly and weekly means from
January to May. Weight coefficients were obtained from an optimization of the coherence
factor by simulated annealing.

In all investigated cases we found coherence factors that suggested a relationship between
temperature and phenological time series. Norway spruce bud burst and mean temperature
times series of April and May exhibited abrupt changes, particularly at the beginning of the
1980s. April and May temperature time series revealed an increased warming until 2003, and

bud burst events advanced. Norway spruce bud burst, in particular, exhibited responses to

temperatures of the previous (April) and current month (May). We suggest that forcing

temperatures in phenology models should include beside commonly used sums of daily mean
temperatures also solutions where weighted effective temperatures in a sensitive time span are
considered.
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1 Introduction

In the Northern Hemisphere, spring events now occur earlier in the year than in previous
decades (Menzel and Fabian 1999). For Norway spruce (Picea abies (L.) Karst.), and other
evergreen and deciduous trees in mid and higher latitudes, an optimal temperature response of
bud burst is one of the most essential factors in natural selection. The ability to avoid spring
frost damage and, at the same time, the effective exploitation of the growing season by an
early initiation of growth, will greatly improve the tree’s fitness and ability to compete. In this
study we concentrate on Norway spruce (Picea abies (L.) Karst.) which is an economically
important timber species. Several studies have used linear regression methods to investigate
the relationship between spring phenology and air temperatures (e.g. Sparks and Carey 1995,
Beaubien and Freeland 2000, Sparks et al. 2000, Menzel 2003, Menzel et al. 2006). Menzel
(2003) used a subset regression technique to describe the correlation of phenological
anomalies with air temperature. Although linear regression models have been widely used
they are of limited value for the analysis of natural indicators or phenological data. Most time
series in ecosystems exhibit various kinds of trends, cycles and seasonal patterns.
Phenological records frequently reveal a heterogeneous pattern of temporal variability with
sometimes alternating periods of advanced and delayed onset (e.g. Sparks and Carey 1995;
Ahas 1999; Schleip et al. 2006). The functional behaviour of phenological time series often
exhibits a discontinuity in the late 1980s (Chmielewski and Roétzer, 2002; Scheifinger et al.,

2002, Dose and Menzel 2004; Schleip et al. 2006).

Pearson correlations show the strength of a linear relationship between two variables.
However, if an obvious nonlinear relationship between two variables can be observed, the

Pearson correlation coefficient is suboptimal (Anscombe, 1973).

Recently, new approaches on a physiological basis use promoting and inhibiting variables
which are related to temperature (Schaber and Badeck 2003). Mostly models of bud-burst
3
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Our study addresses three main questions:
1) Do phenological time series of Norway spruce bud burst and temperature time series
contain discontinuities and if so, when do these changes occur?
2) Do temperature and bud burst time series behave independently or do they exhibit
coherence? Which monthly and weekly mean temperatures time series exhibit the

highest coherence with Norway spruce bud burst times series at different stations in

3) How do the rates of change of those months with the highest coherence develop
between 1951-2003?
To answer the first question we tested the functional behaviour of phenological and

temperature time series for changes. With a Bayesian approach developed by Dose and
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Menzel (2004) we analysed three different models/functions; a constant model, a linear model
and a change-point model.

To answer the second question we used the conceptually new Bayesian correlation approach,
recently proposed by Dose and Menzel (2006), and advanced it methodologically. Dose and
Menzel (2006) introduced the concept of a coherence factor as the odds ratio of the
probability that the trajectory of temperature and phenological events occurs coherently or
independently. Dose and Menzel (2006) applied their approach to blossom onset of three
different species at Geisenheim in Germany using average temperatures over a three month
period. We expanded the Bayesian correlation approach to eighteen meteorological stations
throughout Germany using a higher resolution of monthly and even weekly mean
temperatures. In contrast to the approach of Dose and Menzel (2006), we implemented a
simulated annealing optimization algorithm to generate the coherence factor and temperature
weights. The method of simulated annealing is a technique that has attracted substantial
attention as being suitable for optimization problems at large scales, especially for those
where a global maximum may be present among many, poorer, local maxima. High
temperature weights signify a high coherence of the monthly temperature change-point curves
with the phenological change-point curve.

Finally, to answer the third question, the rates of change were obtained by a overlay of a
constant, linear and a change-point rate of change weighted by their respective model

probabilities.
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2 Material and methods

Climatic data

Daily temperature data from 18 meteorological stations in Germany (Fig. 1), collected by the
German Meteorological Service (DWD) within the period 1951-2003 were used in our
analysis. We concentrated on those met stations which had at least eight phenological stations
within 25 km. The altitude of the met stations ranged from 5 m to 516 m above sea level. The
temperature observations were condensed into monthly and weekly average temperatures.
Weekly averages were calculated with the help of a SAS WEEK function. The WEEK
function returns the week-number value of the current date as a decimal number in the range

0-53. Monday was considered the first day of the week.

Phenological data

The phenological data of bud burst of Norway spruce were also provided by the DWD. In the
DWD phenological network, volunteers at around 1,600 stations observe defined plant
development stages (DWD 1991). The phenological data were obtained by averaging time
series from at least eight phenological stations within 25 km of the met station (Fig. 1), which
did not differ by more than 50 m in elevation from that of the met station. The combination of
several phenological stations within an area reduces any influence of local microclimate. In
this study, we focused on the phenophases of bud burst of Norway spruce (Picea abies (L.)
Karst.) between 1951 and 2003. Overall the mean bud burst date was May 8; the earliest bud
burst was April 16 1961 at Trier, and the latest was May 30 1984 at Hof (Fig. 2). The DWD
observer manual (DWD 1991) defines a bud as opened when the fresh green needles are

clearly visible and separated.
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Methods of Analysis

We used a new Bayesian approach for the description of climatic and phenological time series
that was introduced by Dose and Menzel (2004). That paper details the computational and
mathematical formulae we use. Here we briefly summarize the main features of the Bayesian
approach. An important feature of Bayesian probability theory is that it allows calculation of
the probability of different competing models. It often happens that no single model is clearly
superior. In such cases, a marginalization of all three models weighted by their respective
model probability is used to achieve the most probable functional description and annual rate
of change.

We selected three models to describe the temperature and phenological data: constant, linear
and change-point models. The constant model assumes a functional behaviour constant in
time with an associated zero rate of change. The linear model assumes a linear change in time
of the observed phenomenon, i.e. with an associated constant rate of change. The change-
point model offers a time varying change. The change-point model is a triangular function
which is supported at the beginning of the time series in year x; and assumes there a function
value f}, and the endpoint of the time series in year xy and assumes there the functional value
fn. Although the endpoints of the time series remain fixed in the subsequent calculations, the
intermediate point xg with associated functional value fg can be any year such that x,< xg <
xn.1. The functional values, as well as the matching point (change point) of the two linear
sections making up the triangular function, are variables of the calculation. The change point

model is not simply another arbitrary functional form which is likely to provide a better fit to

the data due to its extra parameter. [Thelasséssment of the quality of a modelis defermined by

“Bayes Factor”. The Bayesian approach provides a powerful way of assessing competing

models at the forefront of science by automatically quantifying Occam's razor (Garret 1991;
7
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Gregory 2005). Occam's razor is a principle attributed to the medieval philosopher William of
Occam (or Ockham). The principle states that one should not make more assumptions than
necessary. It chooses the simplest from a set of otherwise equivalent models of a given
phenomenon. In any given model, Occam's razor helps us to “shave off” those variables that

are not really needed to explain the phenomenon (Garret 1991; Gregory 2005). In Fig. 3 an

If N is the number of entries on the time scale, there are N-2 possibilities (excluding the
endpoints) for the change-point position. The Bayesian marginalization rule is employed to
remove the change-point variable by marginalization. This extremely important rule removes
‘nuisance’ parameter from a Bayesian calculation (Dose and Menzel 2004). The change-point
variable is such a ‘nuisance’ parameter because we do not consider the best solution to be that
which minimises the root mean square error (RMSE), or the two or three best triangular
functions, but all of them. The advantage is that the marginalisation rule overlays all possible
triangular functions and then weights them with their respective change-point probability. By
using the Bayesian marginalization rule the support functional values can be eliminated
resulting in a probability, p(E), for a particular change-point choice. If the data exhibited an

abrupt change, then this change-point probability would be zero except for that particular E.

(o]
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In cases of more gradual change, appreciable change-point probabilities are also observed for
E+/-1, E+/-2. The associated probability of a change-point position can be rigorously
calculated. An example is shown in Fig. 4a and 4b. It exhibits the change-point probabilities
as a function of time for a temperature (thick dashed line) and a phenological time series
(continuous line) as well as their overlap renormalized to unit area (thin dashed line). The
upper panel shows a case of small overlap, characteristic of a small coherence factor and the
lower panel a case of large overlap characteristic of a high coherence factor. The calculation
of the coherence factor relates to the change-point distributions in the following way:

The variable “change-point position” (E) is eliminated using the Bayesian marginalisation
rule. With a flat prior distribution for the change-point position this amounts to averaging
over all N-2 change-point positions per series. N does not need to be identical to the number
of observations, because the algorithm tolerates missing data. The calculation of the
probability p(x) that temperature and phenology observations evolve either independently or
coherently (= synchronously) reduces to performing this average independently for the

change-point positions in the temperature (ET) and in the phenology series (EP) or for ET =

EP only. The ratio of probabilities p(coherent)/p(independent) is equivalent to a Bayes Factor.
and Menzel, 2006). The Bayes Factor will be called coherence factor henceforth. A coherence

factor above one signifies that the two time series are more probably synchronous than
independent.

In the recent work of Dose and Menzel (2006) the phenology time series of snowdrops, cherry
and lime tree at Geisenheim were related to the three-month mean temperatures January —
March, February — April and March —May. In the current paper we generalize the temperature

averaging and choose as the average effective temperature 7(y;) in year y;

k

max

)= w, L), D owe=1,w,>0, O
k=1
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where Ty(y;) are the average temperatures in month or week & of year y;, wy are positive weight
coefficients that add up to unity and k=1 is either associated with January or with the first
week of the year, while k. is the last month or week in which the phenological event occurs.
The unknown weight coefficients are determined by maximizing the coherence between
temperature and phenology time series. In the first cycle of the calculation (n=1, where n is
the index of the current cycle of the calculation) we start with an assumption of equal weights
wi=1/kmax for all k. These weights are then used to calculate the coherence factor C using the
procedure of Dose and Menzel (2006).

For cycle n=2, a random new set of unnormalized weights is generated according to

N’ J

> > (2)
N +4 n

Wnew = Wold {1 + r *

where 7 is a uniform random number -0.25 < r <0.25, n is the index of the current cycle of
the calculation and N the predetermined number of cycles chosen to find an optimum set of
weights. Wpew, Wod are components of vectors with the dimension= ky.x. The factor
multiplying the random number 7 is near unity at the beginning of the calculation, it drops to
one half at n= N/2, and converges to 0.2 for n=N. wy, must, of course, finally be
renormalized to sum to unity.

In the present analysis, two routes were found to improve the initial choice of weights once
the new coherence factor C,.,w was known. The simple uphill search algorithm accepts the
new set of weights only if they lead to an improved coherence factor. If not, a new proposal
set is generated with the previous set of wgq. On the other hand, if a higher coherence factor
results from the calculation, the associated weights become w4 for the next calculation cycle.
The relationship between weights and coherence factor is nonlinear and complex. In fact there
is no guarantee that the function “coherence factor” exhibits a unique maximum as a function
of the kp,x weights. In such a situation the simple “uphill search” algorithm may converge to a

local maximum and miss the global maximum. This multimodal possibility can be resolved
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by using a simulated annealing approach, which accounts for the multimodal possibility and
finds the global maximum in the presence of one or several lower satellite maxima. For this
purpose it is necessary to accept not only uphill steps but, conditional on a certain probability

p, where

p =Min(l, exp { (C..-C..))T ) 3)

to allow also for downhill moves. The latter can cross a valley and find another possibly
higher maximum. 7 is the annealing temperature and scales the difference between the new
(Chew) and the old (Cyq) coherence factors. The approach for one step of the calculation is
then

1.) accept uphill moves with probability one, i.e. always

2.) if Chew< Colq choose a random number R from a uniform (0,1) distribution and accept

the downhill move if

Cnew - Cold

W >InR (4)

There is no general rule for the choice of 7T(n).

The present calculations were done with T(n+1)=T(n)/1.01 e.g. a one percent decrease of
temperature per step. Fig. 5 shows the random walks of coherence factor and weights using
the simulated annealing approach. It leads to the same approximate optimum as the simple
“uphill search” discussed before. This is not necessarily always the case but, so far, we have
not observed a difference between the two approaches in calculations on more than fifty data
sets. However, since the computational effort is practically the same for the two approaches,
we have chosen to use the simulated annealing route as our tool for the current and future
calculations. For our application we chose five months with mean monthly and weekly

temperatures. We selected the months January to May, as May is the last month in which

11
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Norway spruce bud burst occurs in Germany. For the weekly resolution we chose 20 weeks
with mean weekly temperatures. The choice of January or alternatively the first week of the
year as the initial month or week is somewhat arbitrary. In our example that illustrates the
method (Fig. 5), it is evident that the weights from January, February and March temperatures
show no systematic pattern when compared between different data stations. In Hof, April and
May temperature weights of 0.58 and 0.37 exhibited the highest values. Note that the

coherence factor converges to 3.3 in this case.
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3 Results

Model probabilities

To answer the first question of the introduction, we tested the model preferences of 18 mean
phenological time series of Norway spruce bud burst and of the corresponding monthly
temperature time series from January to May. The Bayesian model comparison revealed that
at 17 phenological stations the time series were described best with a change-point model
(Fig. 6a). The only exception is found at Wuerzburg where the linear model exhibited a model
probability of 51%. Overall the change-point model was the best model for phenological data
description (87% average model probability). The linear model was the second best (12%)
and the constant model was the least preferred model (1%).

The change-point model also provided the best data description for April and May
temperature time series. The average change-point model probability of the monthly
temperature time series increased from 39% in January to a maximum probability of 61% in
May (Fig. 6b). The linear and constant models exhibited a considerably large probability in
the months January to March. The mean probability of the constant model had its maximum

for March temperatures (47%).

Change-point probability distribution

As demonstrated above the change-point model was the preferred model to describe
phenological and temperature time series in April and May. In Fig. 7 the corresponding
change-point probability distributions at all 18 stations are summarized with the help of box
plots, including Norway spruce bud burst temperature time series of April and May and

additionally the joint change-point probability of all temperature and bud burst time series

(Fig 7d).
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At the beginning of the 1980s the change-point probabilities of Norway spruce bud burst
encompassed values from 2% to 13%. During the decades of the 1950s, 1960s and 1990s the
change-point probabilities only ranged from 0% to 2% (Fig. 7a). In the 1970s and especially
in the 1980s the upper and lower change-point probability limits, which are symbolized by the
vertical line within each box plot, were higher than in other decades (Fig. 7a).

At the beginning of the 1980s the change-point distributions of April and May temperatures
revealed the highest upper change-point probability limits with values exceeding 6% in Figs.
7b and 7c. The joint (temperatures and phenological) change-point probability distribution

exhibited a clear single peak at the beginning of the 1980s (Fig 7d).

Coherence factors

To answer the second question of whether temperature and Norway spruce time series evolve
independently or coherently we calculated coherence factors for each station in Germany. At
nine of 18 stations, the coherence factors had a value of two or higher (Fig. 8a). In the
remaining seven cases the factor remained below two. For Frankfurt and Hof the coherent
option was superior to the incoherent treatment by a factor greater than three. In all presented
cases, the coherence factor was never less than 1.1. This important result signifies that
temperature and bud burst time series are more probably synchronous than independent. The
average coherence factor of all climate stations in the monthly resolution amounted to 2.07

and, for the weekly resolution, 2.4 (not shown in Figures).

Temperature weights

The temperature weights reveal that, at nearly all investigated stations, the change-point
distributions of April and May temperatures correlated with the change-point distributions of
bud burst of Norway spruce (Fig. 8a). At the monthly resolution April and May revealed the

highest temperature weights (of 0.48 and 0.28 respectively). Some exceptionally high
14
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temperature weights were also found at single stations e.g. Wuerzburg for January and
February (Fig. 8a).

Similar results can be seen in the weekly resolution. Within April (week number 14 to 17) and
May (week number 18 and 20) the temperature weights had their highest values (Fig. 8b). The
maximum temperature weights were seen in week 18 and had values above 0.2. A smaller
accumulation of high temperature weights was seen at the end of February (week 9) with
temperature weights of 0.15. For both the monthly and the weekly resolution, March

exhibited the lowest weights.

Model averaged rates of change

To answer question three, we compared the model averaged rates of change of Norway spruce
bud burst and of the corresponding temperature time series of April and May. Over the period
1951-2003, the rates of change of Norway spruce bud burst exhibited a discontinuity at the
beginning of the 1980s (Fig. 9a), where the upper limit of the box plots drops to negative rates
of change; equivalent to advancing bud burst. In 2003, the rates of change of all 18
phenological stations ranged from -0.25 to -0.75 days year" (Fig 9a). At the beginning of the
time series in 1951 the rates of change ranged from 0.35 to -0.02 days year' which meant that
bud burst was delayed at the majority of the investigated stations.

For the months of April and May we detected cooling and warming periods from 1951 to
2003. In 1951, change rates of April temperatures were between -0.07 and 0.00 °C year™;
equivalent to cooling. At the end of the time series, April temperatures warmed at 18 stations
(0.01 to 0.07 °C year™). In comparison May temperatures showed a stronger warming and a
larger variability. At the beginning of the time series the rates of change of May temperatures

ranged from -0.03 to 0.03 °C year™, at the end (2003) from 0.03 to 0.17 °C year ™.
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4 Discussion

This study does not only deliver quantitative results on the correlations between temperature
and Norway spruce bud burst in Germany, but it also offers new insights on model

improvement and to methods for the understanding of ecological responses to climate change.

Most time series of naturally-occurring events in ecosystems do change their slopes. In the
present work we showed, using the approach of Dose and Menzel (2004) that linear
regression models alone are of limited value for the analyses of temperature or phenological
time series. Norway spruce bud burst time series of 17 out of 18 German stations revealed an
abrupt change at the beginning of the 1980s. The change-point model proved to be the
preferred model with an average model probability of 87% to describe this observed
discontinuity. We show that temperature time series also exhibited this discontinuity at the
beginning of the 1980s. April and May revealed the highest change-point probabilities. The
advantage of the Bayesian probability method is that it allows an accurate analysis of the
relationship between phenology and temperature observations. In all cases investigated here,
the results clearly suggest a coherent development of temperature and phenological time
series, with some coherence factors as large as three. Therefore, we expect that matching
point probabilities derived from the two data sets (joint change-point distribution) will be
more informative (e.g. better localized in time than that obtained from a single series of data).
Norway spruce bud burst represents a phenological phase which shows a prompt response to
temperatures of the previous (April) and current month (May) with average temperature
weights of 0.48 and 0.28, respectively. A high coherence factor signifies that the change-point
distribution curves of phenological and temperature time series are largely synchronous, e.g.
exhibit large overlaps (as shown in Fig. 4b). A change-point distribution curve with a clear

peak signifies a higher probability of an abrupt change. The higher the estimated temperature
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weights for a certain month, the more overlapping can be expected in the change-point
distributions of temperatures and the phenological event. It is important to note that no
conclusion can be made regarding the existence or the direction of a cause and effect
relationship; only that Norway spruce bud burst change-point distributions are correlated with
the temperature change-point distributions of a certain month or week. Phenophases are
responding to many meteorological and environmental factors such as light, photoperiod,
temperature, precipitation, humidity, wind, soil conditions etc. (Schnelle, 1955; Menzel,
2002). Despite the many influencing factors, the timing of leaf unfolding of trees is very
likely triggered mainly by temperature. Specifically, chilling temperatures break winter
dormancy and subsequent warming temperatures induce budburst (Dose and Menzel 2006).
Determining whether there is an actual cause and effect relationship requires further
investigation. The fact that spring phenology is very likely primarily driven by temperatures
suggests that we can attribute the observed biological rates of change to the effects of climate

variation.

The comparison of rates of change of Norway spruce bud burst time series with those of
monthly temperatures that exhibit the highest temperature weights gives us further insights
into the relationship. We calculated model averaged rates of change, using the Bayesian
probability approach of Dose and Menzel (2004). Model averaged rates of change are
obtained by the superposition of the constant, the linear and the change-point model rates of
change, weighted by the respective model probabilities. It is worth noting that the model
averaging process does not alter the shape of the rate of change derived from the change-point
model. The model averaging procedure adds a counterbalance due to the constant distribution
from the linear model and a reduction of the amplitude by the amount of the model
probability obtained for the change-point model. The model averaged rates of change of April

and May temperatures have increased from 1951 to 2003, which is equivalent to increased
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warming. In 2003, May temperature change rates of 18 climate stations ranged from 0.03 to
0.17 °C year" whereas in 1951 May temperature change rates ranged from -0.03 to 0.03 °C
year”. In contrast, change in bud burst of Norway spruce in 2003 was estimated from -0.25 to
- 0.75 days year” but had showed a delay in 1951. Over most of the investigated period, there
was essentially a zero rate of change; but from the 1980s onwards the rate of change was
negative for Norway spruce bud burst. This finding is consistent with results of other studies
(e.g. Scheifinger et al., 2002; Chmielewski and Rétzer, 2002; Dose and Menzel, 2004, Schleip
et al., 2006) that describe an abrupt change towards earlier occurrence dates after the late
1980s and almost no rates of change before that date. Thus the results of our paper clearly
reveal that the phenological phase has a discontinuity in the 1980s. We confirmed for several
climate stations in Germany that temperatures in April and May had a very similar
discontinuity in the 1980s. The reason for this specific timing of change-points in the 1980s is
most likely linked to altered atmospheric circulation patterns, such as the North Atlantic

Oscillation (NAO) (e.g. Menzel, 2003).

The results of Menzel et al. (2006) and Menzel (2003) underline our findings. Menzel (2003)
found that the anomaly curve of Norway spruce revealed notable phenological advances of
0.13 days year'1 during the previous 5 decades (1951-2000). Menzel (2003) detected that, in
general, later spring phases (including Norway spruce) responded to March to May
temperatures. Menzel (2003) calculated the subset regression between phenological anomalies
of bud burst of Norway spruce and the three-monthly running mean temperatures of March,
April and May. Her results showed a R? of 0.79 and a slope of -4.7 days year'. Menzel
(2003) also applied a two-variable model where the month preceding bud burst (April) was
chosen as the first variable and the mean temperatures of March-May as the second variable;
and explained most of the variability (R? =0.85). In the work of Menzel et al. (2006), most

phases correlated significantly with mean monthly temperatures of the month of onset and the
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two preceding months. For 19% of the phenophases the highest correlation was seen with the
month of onset, 63% with the preceding month and 18% with that 2 months earlier.

The enhancement of resolution of our approach by weekly or even shorter temperature
intervals has pros and cons. On one hand such an enhancement of resolution inherits a loss in
the achievable precision and very likely causes unwanted noise. In other words, if we
conducted our analysis with a daily resolution, we might get high temperature weights of a
certain day which is more likely accidentally and not because of a biological dependence. But,
on the other hand, the results of our weekly analysis reveal more specific information about
further systematic biological dependences. Beside April and May, the end of February

exhibited a systematic accumulation of higher temperature weights.

Hakkinen (1999) and others. |Forcing temperatures rather exhibit a periodic pattern with a

smaller first signal at the end of February and a greater temperature prompt in April and May.
However, forcing temperatures have changed in recent decades in a nonlinear way.

Our approach of first analysing the properties of the time series, such as model preferences,
change-point probabilities and rates of change, and then, secondly, investigating the
coherence of the temperature and phenological time series gives more detailed insights into
the nature of the interdependences than just analysing directly the effects of air temperature
on the phenological timing. We demonstrated and emphasized how well nonlinear
temperature change patterns are mirrored by the phenological event. As support for more
ecophysiological approaches, one could say that they should incorporate specific forcing
temperature change patterns rather than temperature threshold sums of previous and current
years. Linkosalo (2000) concluded that the formulation of commonly used phenological

models seems to be general enough to suit several different plant species and various
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phenological phenomena. But Linkosalo (2000) also mentioned that it is also possible that the
nature of the control mechanism is not straightforward triggering as stated in the same
models.

Hékkinen (1999) has already discussed the disadvantages of standard statistical methods

because of the dynamic nature of the models of bud development theories. He suggested an

based on the numerical comparison of the model mean square errors only.
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Conclusions

We have shown that Norway spruce bud burst and temperature time series both reveal
nonlinear changes at the beginning of the 1980s. For nearly all phenological data examined,
the change-point model was the preferred model to describe the time series. Change-point
distributions of Norway spruce bud burst exhibited the highest Bayesian correlations with
temperatures at the end of February, and in April and May. The annual resolution of the rates
of change of the Norway spruce time series and April and May temperature time series gives
further insight into the coherence of these time series. Since the beginning of the 1980s, April
and May temperature rates of change of all 18 investigated stations increased to positive

values (warming) and Norway spruce bud burst time series started to reveal an enhanced

advancing of the phenological phase.

The model comparison option of Bayesian probability theory enables us to test for further bud
burst theories in the future. The theory allows a ranking of a number of different models and
provides numerical measures of their respective probabilities. The model comparison option
of Bayesian theory rests on the built in Occam’s razor (Garret 1991), which limits the
complexity of a model to the amount necessary to explain the data, avoiding the fitting of

noise. Bayesian analysis provides a powerful way of analysing competing models.
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Figure legends

Fig. 1: Distribution and altitude of the climate stations in Germany (black dots) and
corresponding phenological stations (small dots). The radius of the circles around each

climate station is 25 km.

Fig. 2: Horizontal boxplots of the onset date of bud burst at all 18 climate stations. The 25th
percentile is found at the left end and the 75th percentile is found at the right end of the box.
The range is marked as black horizontal line, the median as black vertical line in the boxes.

The mean is marked as circle with cross.

Fig. 4: Distributions of temperature, bud burst and joint (temperature and bud burst) change-
point probability of Norway spruce bud burst (Picea abies L.) in Schleswig (a) and in Hof (b).
In the upper panel the coherence factor has a value of 1.2 and in the lower panel a value of
3.3. Note that the y-axes have different scales. The thick dashed line symbolises the averaged
change-point probability distribution of the weighted temperatures for the months January to
May. The continuous line represents the probability distribution of the phenological data. The

thin dashed line stands for the joint change-point probability.

Fig. 5: Random walks of coherence factor and monthly mean temperature weights using the
simulated annealing approach for Norway spruce (Picea abies L.) in Hof, Germany. w[1] to
w[5] are weights of January to May mean temperatures respectively, co fac= Coherence

factor. Note that the x-axis shows the number of random steps and the left y-axis describes the
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values of the coherence factor, the right y-axis represents the proportions of the temperature

weights.

Fig. 6: Bayesian model probabilities of the change-point, linear and constant model of a)
Norway spruce bud burst at 18 phenological stations in Germany and of b) mean temperatures

from January to May at 18 corresponding climate station.

Fig. 7: Box plots of change-point probability distributions of a) Norway spruce bud burst at
18 phenological stations and of b) April mean temperature time series and of ¢) May mean
temperature time series d) joint (temperature and phenological) change-point probability at
the corresponding 18 climate stations. Change-point model probability distributions were
calculated for the period 1951-2003. The median is represented by the horizontal line within
each box plot. The top of each box is the third quartile (Q3) - 75% of the data values are less
than or equal to this value. The bottom of the box is the first quartile (Q1) - 25% of the data
values are less than or equal to this value. The lower whisker extends to this adjacent value -
the lowest value within the lower limit. The upper whisker extends to this adjacent value - the

highest data value within the upper limit.

Fig. 8: Coherence factors and a) monthly and b) weekly temperature weights of bud burst
Norway spruce in Germany. In a) the coherence factors are in brackets following the names of
the climate stations. The bars represent the temperature weights for a) the months January to
May and for b) the weeks since the beginning of the year. Temperature weights were obtained

by the simulated annealing optimization.

Fig. 9: Box plots of Bayesian model averaged rates of change of a) Norway spruce bud burst

at 18 phenological stations in days year" and of b) April mean temperature time series and of
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682 ) May mean temperature time series in °C year” at the corresponding 18 climate stations.

683  Model averaged rates of change were calculated for the period 1951-2003.
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