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Abstract

The identification of changes in observational data relating to the climate change
hypothesis remains a topic of paramount importance. In particular, scientifically sound
and rigorous methods for detecting changes are urgently needed. In this paper, we
develop a Bayesian approach to nonparametric function estimation. The method is
applied to blossom time series of Prunus avium L., Galanthus nivalis L. and Tilia
platyphyllos SCOP. The functional behavior of these series is represented by three
different models: the constant model, the linear model and the one change point model.
The one change point model turns out to be the preferred one in all three data sets with
considerable discrimination of the other alternatives. In addition to the functional
behavior, rates of change in terms of days per year were also calculated. We obtain also
uncertainty margins for both function estimates and rates of change. Our results provide
a quantitative representation of what was previously inferred from the same data by less
involved methods.
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Introduction

The global average surface temperature has increased
over the 20th century by about 0.6 £ 0.2°C and is
projected to continue to rise at a rapid rate. However,
the record shows a great deal of variability: Most of the
warming has occurred during two periods (1910-1945
and 1976-2000) and it is very likely that the 1990s were
the warmest decade (IPCC, 2001). Many studies have
revealed evidence of ecological impacts of this recent
climate change. In particular, shifts in plant and animal
phenology for the boreal and temperate zones of the
northern hemisphere have been reported (Menzel &
Estrella, 2001; Sparks & Menzel, 2002; Walther ef al.,
2002; Root et al., 2003). Phenology is perhaps the
simplest and most frequently used bio-indicator to
track climate changes. Springtime phases are particu-
larly sensitive to temperature. Thus, phenological
observations can demonstrate a consistent tempera-
ture-related shift or ‘fingerprint’ and assess the amount
of change. Reviews of phenological trend studies
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indicate that most of the data originate from the last
four to five decades. These recent data predominantly
reveal advancing of flowering and leaf unfolding in
Europe and North America by 1.2-3.8 days decade ' on
average and a strong seasonal variation with highest
advances in early spring.

However, there are several problems involved in the
commonly used methods of searching for signals in
phenological time series. The detection of shifts is
mostly done by classical statistical methods, such as
slopes of linear regression models (e.g. Bradley et al.,
1999; Menzel & Fabian, 1999; Jones & Davis, 2000;
Schwartz & Reiter, 2000; Defila & Clot, 2001, Menzel
et al.,, 2001; Ahas et al., 2002; Pefiuelas et al., 2002;
Menzel, 2003), rarely by other curve fitting methods
(e.g. Ahas, 1999; Sagarin & Micheli, 2001). Trends are
then reported in days per year or decade, or days of
change over the study period. The above methods are
sensitive to extreme values (Schlittgen & Streitberg,
1999). It is apparent that using linear regression models
the length of a time series and its start and end dates are
critical in detecting changes and in determining their
magnitude, especially when highly variable phenologi-
cal time series of a few decades are analyzed. Thus,
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series that include the whole of the 1990s benefit from
the decade being the warmest on record. However, the
observation periods vary between phenological net-
works and among stations in networks because
phenological observations mostly depend on volun-
teers and thus have often discontinuous, incomplete
data series. Moreover, different individuals may apply
different standards in their observations. Several
studies have addressed this problem (e.g. Menzel &
Estrella, 2001; Sparks & Menzel, 2002) and illustrate the
variation of resulting changes with the period of
interest (e.g. Scheifinger et al., 2002). Few studies use
these linear regression models for even longer time
series, some covering almost one century (Beaubien &
Freeland, 2000; Kozlov & Berlina, 2002; Magnuson et al.,
2000 as well as Sagarin & Micheli, 2001 for lake and
river ice cover).

Reviews of phenological trend studies suggest that
only about 40% of the reported trends have proved
statistically significant. The significance is often tested
by the F-test (Defila & Clot, 2001), and occasionally by
the Mann-Kendall trend test, which does not require a
Gaussian distribution of the data (e.g. Menzel, 2000).
Few studies also report the standard error of the slope
(e.g. Sagarin, 2001).

Studies analyzing long-term phenological records
often reveal a heterogeneous pattern of temporal
variability with sometimes alternating periods of
advanced and delayed onset (e.g. Schnelle, 1950;
Lauscher, 1978, 1983; Freitag, 1987; Sparks & Carey,
1995; Ahas, 1999). The advance of phenological events
in the last decades is compared to the timing in
preceding periods, mostly only by comparing averages
in distinct periods (e.g. Fitter & Fitter, 2002). Another
phenomenon in time domain described (Chmielewski
& Rotzer, 2002; Scheifinger et al., 2002) is a discontinuity
in time series behavior in the late 1980s, as in many
areas almost no trend is observed before the discontin-
uous shift towards earlier occurrence dates after the late
1980s. However, change points have not been deter-
mined so far in phenological time series.

These limitations of the currently used methods
render comparison and interpretation of the observed
changes extremely difficult. They may partly account
for the observed spatial variability among sites or the
different response of species besides the inherent
inhomogeneity caused by local microclimate condi-
tions, natural variation, genetic differences or other
nonclimatic factors. Thus, there is strong need to
improve the recently applied method of change detec-
tion in phenological time series.

Although we are familiar with the ongoing battle
between traditional statisticians and the (much older,
Bayes, 1763) Bayesian school of thought, we shall not

add to the many existing comments. Bayesian methods
are presently undergoing an impressive renaissance
since the computational problems involved in the
application of Bayes theorem fade away with the ever
more powerful personal computers available to every
scientist. We identify ourselves as practising Bayesians
(Dose, 2003) for the reason that this theory of
probability requires to make explicit all assumptions
that enter the analysis of a particular data set.
Furthermore, the marginalization option of Bayesian
probability theory, which has no satisfactory counter-
part in traditional frequentist statistics, is of invaluable
importance in the case of incomplete or poorly
conditioned data. Such data sets may be associated
with complicated, even multimodal likelihoods (see
Discussion). Rigorous application of Bayesian methods
allows also for a rigorous analysis of uncertainties of
the results. The importance of uncertainty analysis in
climate-related research has recently been vigorously
pointed out by Katz (2002). We deem equally important
the model comparison option of Bayesian probability
theory. There is no such thing as a null hypothesis in
Bayesian theory. Instead, the theory allows for a
ranking of a bunch of models (at least two !) and
provides numerical measures of their respective prob-
abilities. The model comparison option of Bayesian
theory rests on the built-in Ockham’s razor (Garrett,
1991), which limits the complexity of a model to the
amount necessary to explain the data, avoiding the
fitting of noise. The analysis in the section on Model
selection will compare three different models for the
trend of flowering time series.

Bayesian statistical methods have been applied so far
in climate change detection, analysis and attribution
(e.g. Hobbs, 1997; Hasselmann 1998; Leroy, 1998; Tol &
De Vos, 1998; Barnett et al., 1999; Berliner et al., 2000;
Katz, 2002), and, for example, in climate reconstructions
(Robertson et al., 1999). Previous work on model
comparison addressed the test for changes in mean
and/or variance in hydrological data (Perreault et al.,
2000).

In this study, we will focus on long-term phenological
observations (1896-2002) in Germany and analyze the
variations of the onset of phenological phases in the
20th century. We chose time series from Geisenheim
(49°59'N,7°58'E, 60km west of Frankfurt am Main)
where several phenological phases have been reported
almost continuously since 1896. Three phases within
the course of the phenological year were selected. These
are: flowering of snowdrop (Galanthus nivalis L.) in
earliest spring, sweet cherry (Prunus avium L.) in mid-
spring, and lime tree (Tilia platyphyllos SCOP) in mid-
summer. Data result from the Historical Phenological
Database (1896-1935) and the Actual Phenological
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Database (1951-2002) of the German Weather Service,
as well as from Schnelle & Witterstein (1952) (1936—
1944), and corresponding meteorological yearbooks
(1945-1952).

In the next section, we shortly introduce the Bayesian
concepts. In the subsequent section we perform a
comparison of different models to describe the func-
tional behavior of the blossom time series. The
predictions based on the best model are presented in
the penultimate section. Finally, an extention of the
analysis to other species and the discussion of the
results are presented.

Bayesian concepts

In this paper, we are concerned with the identification
of trends in phenological data. Since there is no first-
principles-based theory for such trends the method of
choice is nonparametric function estimation within the
Bayesian framework. We shall introduce the Bayesian
concepts and terminology only to the extent that is
necessary to fix the nomenclature in the rest of the
article. Readers without knowledge of Bayesian prob-
ability theory are referred to the amply available
literature for a more detailed introduction (Tribus,
1969, Box & Tiao, 1973, Sivia, 1996, Leonard & Hsu,
1999).

Bayesian probability theory is based on the applica-
tion of two rules. The first is the product rule, which
allows a probability or probability density function of
two (or more) variables conditional on additional
information I to be broken down into simpler functions:

p(0, DIT) = p(0|D)p(D|0, I). (1)

The distributions p(6|I) and p(D|6,I) depend only on
the single variables 60 and D, respectively. We shall
identify 0 with ‘parameter” and D with ‘data’ later on.
p(0)I) is conditional on I only while p(D|6,I) is in
addition conditional on 0. Because of the symmetry in
6, D of the left-hand side of Eqn (1) it may be expanded
alternatively:

p(0,D|I) = p(D[Dp(0|D, I). (2)

Equating the two equivalent expansions (1) and (2) we
arrive at Bayes theorem:

p(0|D,I) = p(0l)p(D|0,1)/p(DII). 3)
Bayes theorem tells us how to update knowledge about
the parameter 6 encoded in p(0|I) by collecting
appropriate data D. p(0|I) is called the prior probability
on 0, which we may also regard as expert knowledge. It
can stem from earlier experiments, other observations
or evolve from the experience of the scientist working
in the respective field. p(0|I) is usually very weak
information. In fact, it is the large uncertainty about 0
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usually associated with p(60|I), which motivates new
experiments or observations. The prior p(6|I)is com-
bined with p(D|0,I), the sampling distribution of the
data, to arrive at the posterior distribution of 0, p(0|D, I)
given the new data D. p(D|0,I) will in the following be
regarded as a function of the parameter 0 and is then
called the likelihood function.

The last quantity to be explained in (3) is p(D|I). It
follows from the second rule governing Bayesian
probability theory, the marginalization rule. This
extremely important rule tells how to remove an
unwanted ‘nuisance’ parameter from a Bayesian calcu-
lation:

pOID = [ p(o.DInd0 = [ ploinp(ole.nao. @)

Comparison with (3) shows that p(D|I) is the normal-
ization in Bayes theorem. Eqn (4) suggests, however, an
even more extensive interpretation of p(D|I). The
meaning of the parameter 0 is of course derived from
a function or rather a class of functions chosen to model
the data. p(D|I) represents then the probability of the
data given this class of functions regardless of which
numerical value the parameter 0 assumes. p(D|I) is
therefore also called the evidence of the data given a
class of models and is the key quantity to decide how to
rank a certain number of models when tried on the
same set of data. The procedure is formally simple.
Consider the models {M;}. We then want to calculate
p(M;|D,I), which is given by Bayes theorem as

p(MjID, 1) = p(M;|1)p(D|M;, 1) /p(D|I) (5)

p(D|I) follows as before from marginalization with the
integral in (4) replaced by a sum.
Comparison of models M; and M yields the odds
ratio:
p(M;|D, )
p(Mi|D, 1)

p(M;[T) p(DIM;, 1)

= p(MilD) p(DIM. 1) (6)

It is composed of two factors. The first is
p(M;|I)/p(Mi|I) and is called the prior odds. It
summarizes the experts preference of model choice M;
over model choice M. This factor is frequently taken
equal to unity since it is exactly the inability to prefer
one model against another that enforces collection of
new data. The second factor is called the Bayes factor.
The probabilities entering the Bayes factor are obtained
employing the marginalization rule:

p(DIM;, 1) = / p(0, DIM;. 1) d0

@)
~ [ ploim;. Dp(l0. M .

We shall now approximate Eqn. (7) in order to perform
a qualitative discussion of the Bayes factor (Gregory &
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Loredo, 1992). We shall assume that the prior prob-
ability on 0, p(0|M;,I) is rather uninformative and wide
in contrast to the likelihood, which we assume to be
very informative on ¢ in which case p(D|0,M;,I) is a
function that is concentrated in a narrow region A0
around its maximum 6. The integral in (7) can then be
written approximately as

p(D|M;, 1) = p(0|M;, T)p(D|0, M, 1) A0. ®)

Since the prior is a normalized function, we can define a
prior range 00 by 1 = 50p((§|M]-,I) and obtain

p(DIM;. 1) ~ p(DIo, M )50 o)
The arguments above hold of course also if 0 is not a
scalar, i.e. even if we assume that M; has a j-
dimensional parameter vector 0. The second factor in
(9) must then be raised to the jth power. The
approximation discussed so far allows an important
conclusion for the case of nested models. We call M;
and M nested if all parameters entering M; also enter
M with the same meaning and prior probabilities and
k>j. The Bayes factor for this case becomes then

p(DIM;, 1) _ p(D|6;,M;.1) (M)j <59>k
p(DIMi,I)  p(D| 6, My, ) AO)

00 (10)
According to the assumption that the prior in (7) is
rather diffuse while the likelihood is sharply peaked,
we have that A0 < d0. Since by assumption k>j the
volume factor (50)* /(A0 7 is large compared to unity.
On the other hand, since k>j model My is expected to
give a better fit to the data than model M; and
consequently p(D|0;,M;,I)/p(D| 0, Mg,I) is a number
smaller than unity. Therefore, model M, will only be
preferred over model M; if the fit is so much better that
it overrides the volume factor. This important built-in
feature of Bayesian probability theory is called Ock-
ham’s razor. This philosophical concept requires that
one should take the simpler of two models, which both
provide reasonable explanations of the data.

Finally we comment on the importance of priors in
model comparison. The assumption above was that the
prior distribution be rather diffuse so that it hardly
influences the most probable parameter value 0.
However, if the prior range 60 becomes too large or
tends even to infinity, then it follows from (10) that
always the simplest model would win the competition.
As a consequence one should try hard to formulate as
informative priors as possible for the purpose of model
comparison. Improper priors are entirely useless in this
context.

Having identified the appropriate model to explain
the data we are left with the determination of the
parameters, which specify the model. The full informa-

tion on the parameters is of course contained in the
posterior distribution (3). If it is sufficiently ‘simple’,
meaning that p(0|D,I) resembles a Gaussian function,
then it may be summarized in terms of mean and
variance

0) = [ optoI. 1),

(11)

a6%) = [0~ (07 poD.Dde.
This completes a Bayesian analysis if the problem was
model selection and best estimate of parameters that
specify the model. Frequently, however, the problem
arises to make predictions on the basis of the available
set of data. We shall defer the treatment of this problem
to a separate section.

Model selection

The Bayesian tools will now be applied to the analysis
of phenological data such as displayed in Fig. 1 as open
circles. They represent the occurrence of cherry blossom
(P. avium L.) in terms of days after the beginning of the
year. The first impression is that they suffer from a
considerable natural variability noise. A cursory view
might deny any systematic trend at all. This is the first
model that we shall consider and for which we shall
calculate the evidence.

The constant model

The likelihood function for this model must incorporate
the data d, the years of observation ¥, the scatter of the
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Fig. 1 The observations on cherry blossom at Geisenheim/
Germany are displayed as open circles (left vertical scale). The
probability of the change point for the one change point model is
shown as the full dots (right vertical scale).
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data that will be characterized by a variable ¢ and the
constant f that we choose to define the mo trend’
blossom day. The model equation reads

di —f = &, Vi. (12)

If expectation value (¢;) of the errors is zero and
variance (¢?)is assumed to be known as ¢7, then by the
principle of maximum entropy (Jaynes, 1957a, b; Kapur
& Kesavan, 1992) the explicit form of the likelihood
becomes

N N
p(a‘anvaI): <#2_TE> exp{_%Z(di_f)z}'
(13)

The same expression follows if we abandon the
principle of maximum entropy and make the much
stronger assumption that the ¢ follow a Gaussian
distribution with zero mean and variance ¢ From (13)
we must now calculate the evidence p(a\f,c,l). An
additional ¢ has been split off from the general
conditional background I to make explicit that we treat
the constant model here. The evidence is obtained from
the marginalization theorem (4):

p(d|%, c.T) = / dfdop @, ol% e, I). (14)

This equation is an identity. The integrand in (14) will
now be expanded using the product rule:

p(d|%, c.T) = / dfdop(f, 0% ¢, 1) pd%.f,0,c,1).  (15)

The first distribution under the integral in (15) is
logically independent of ¥ and ¢ and simplifies to

p(f,all) = p(alDp(fla, ). (16)
Again logical independence applies to p(f|a,I) since the
estimate of the average value f is not influenced by any
knowledge about the variance ¢°. The prior distribution
p(flI) on f is then chosen (weakly informative) to be
constant over the range 2y

P = 5. 17)

The range y can be estimated from the variance of the
data in Fig. 1. A possible k-dimensional generalization
of (17) would be (1/2y)". A more parsimonious choice
of the prior volume is, however, obtained if we replace
the hypercube by a hypersphere V(k,y):

Vilk) = A WA (S52) =plrkD. as)

A similar uninformative choice is made for p(g|I). Since
o is a scale parameter for the difference |d; —f|, we
choose a normalized form of Jeffreys’ prior:

11 1
p(olp,I) =

m;, B<O’ <ﬁ (19)
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The integrand in (15) is thereby fully specified. In order
to perform the integration we rewrite the exponent:
> (di—f)* = N(f —d)* + NAZ, (20)

N N

d= Z Ad? = Z(df—a)? (21)

This leads to the marginal likelihood:
. 1\ V2 1
e (L 1 1
pR.c.l) <2n> 2y 2Inp
do 1 NAd?
= _ 22
g oV exp{ 242 } (22)

X /exp{—%q—d)z}df.

Although the priors on f and ¢ have only finite range
we assume that the ranges are sufficiently large such
that the limits of integration can be extended to (0, co)
for ¢ and (—o0, 00) for f, respectively, with negligible
approximation error on the integrals. The inner integral
is then of the standard Gaussian one-dimensional type
and yields

[ aren(-

The remaining integral can be converted to the integral
representation of the gamma function by substitution
x=1/0¢” and yields

[do 1 NAZ\| 1 I((N-1)/2)
o oN-1 exp{— 202 }_E{NW/Z}(NWZ @)

%(f—H)Z} = %” (23)

0

Collecting terms the evidence for the constant model
becomes

S 1\ 1 1 r((N-1/2) 1
p(d‘x’c’l):{%) 2 2Inf {NAR}N-D2

sé\

The linear model

This model assumes a linear trend in the data leaving
open the question whether we expect a rise or a fall as a
function of observation year. The model equation for
this case becomes

di—fi - TN —g, (26)

N — X1 XN — X1

where x;, xy are the first and last year of observation
and f, fy design functional values that specify a linear
trend between x; and xp but are of course unknown.
Eqn (26) suggests to go over to matrix notation:

d—Af=¢ (27)
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Keeping assumptions on ¢; as before the likelihood
becomes

- " 1 \V
p(d|x,o,f,1,I) = <—>
oV2n

x exp{—%([j — AT - Af)}.

(28)
The explicitly added ! in the condition reminds that we
are treating a linear trend model. The arguments that
lead to priors on j? and ¢ as well as considerations of
logical independence remain unchanged. The evidence
becomes then

p(d%,1,1) = / p(fiDp(alDp(d%,f,0,1)dfdo.  (29)

The main difference compared to the previous model is
that the f—integration has become two dimensional.
Accordingly the rewriting of the exponent ¢ is slightly
more complicated now. We define vector j?o, matrix Q
and residue R by the equation

¢ = (d— Af)T(d - Af)
=(f—f)'QF —f,) +R.

The f—integral is now straightforward and we obtain

1\V? 1 1
Wit =(5) v g

(30)

(31)
o % 1 oxpd — i 210
o 2P\ 7 252 VdetQ'
0
The remaining o-integral is of the same type as before
and the evidence becomes

1 1 1 /1\WN-2/2
T2V,(2.7) 2Infp (7)

o 1 I'(N—-2)/2)
VdetQ ({R}WN-2/2 °
Matrix Q and residue R are so far unknown. These

quantities follow from a comparison of coefficients in f
of the two equivalent forms of ¢ in (30):

Q=A"A,

p(d|%,1,1)
(32)

Qf, =A"d —f,=Q'A"d, (33)
R—d d—d AATATA.

The expression for the residue R can be simplified
considerably if we employ singular value decomposi-
tion on the matrix A. Assume

A=Y 40V, (34)
i

This yields for matrix Q:
Q=A"A= L ViU, UV,
ik

W AAN
k

The last equality follows from the fact that the {U,}and
the {V;}each form an orthogonal normalized vector
system. From (34) and (35) we get immediately

det Q=[] 4, (36)
k

(35)

AQ AT = Zuk i, (37)

R—HT{I—Zka ﬁ{}ﬁ. (38)
k
This completes the analysis of the linear model.

The change point model
A change point model is a natural refinement of the
linear model. With this model we represent the trend by
piecewise linear sections. The simplest case would be
one change point separating two linear sections. This
model contains four parameters: the design values at
the boundaries and at the change point, and in
addition, the parameter that specifies the position of
the change point. The model equation for the general
case is very similar to (25) namely,
X1 —
di — fx et — fri P (39)
=&, Xk S Xi < Xgy1-

— Xk

The likelihood is identical to (28) expect for the
additional parameter E, which specifies 1 change point
positions. Note that the f—space is (n + 2) dimensional in
this model and that

Pz, o ELT) = (%)N "
<exp 51 (@ - AG@ - ABP .

The matrix A depends now on the change point
positions E. The formal similarity of the change point
model and the linear model allows duplication of most
of the previous analysis. The evidence that we need
now is p(&|5c',n,1) where n is the number of change

points. It is given by
p(d|,n,1) Zp (d.ER.1) =" pEINpd|E,
E

The marginal likelihood p(d \E ,%,I) can be taken from
the linear model case if we remember that determi-
nant of Q and residue R will now depend on E.

1), (41)

© 2004 Blackwell Publishing Ltd, Global Change Biology, 10, 259-272



Hence

. 1 (N—n-2)/2 1 1
g n, 1) == (- -
pinn =3 () V(11 2,7) 2np

= 1 I'(N—-n-2)/2)
E E|I = .
X : p(E[T) et Q(E) {R(E)}(anfzvz

(42)

N —

In order to proceed, we need to specify the number of
change points n and the prior probability of their
distribution p(E|I). We shall assume a flat uninforma-
tive prior on E meaning that p(E|I) = p(n|I). Let m be
the number of data points by which we define a
regression problem of a straight-line segment. Of
course My, = 3. If we have N data at hand, then the
number of ways to choose one change point out of
N—-2m is

Zn=1)=N —2m. (43)

For each additional change point we must add a fit
region of size m. Hence

(N — (n+1)m)!
(N—n+1)m—n)n!

Z(n) = = 1/p(EID). (44)

Combining (43) and (45) we arrive at the evidence for
an n-change point model:

p(d|%,n,1)
1/1 (N-n-2)/2 1 1
2 (%) Vi(n+2,7) 2Inp
Zn!(N— (n+1)m —n)! 1 (45)

= NGO o)

I'(N—-n-2)/2)

The evaluation of (45) poses computational problems as
may be seen by reference to (44). For large N and small
to moderate n Z(n) rises approximately proportional to
N" and the computational effort becomes prohibitive.

A possible way out of this difficulty is to replace the
exact summation by an approximate one employing
Monte Carlo techniques. The simplest approach would
consist of replacing the exact sum over all possible
distributions E by a uniform random sample EMC of
size Zyc, and the prior 1/Z(n) accordingly by 1/Zyc.
We shall not elaborate this problem further since data
analysis in this paper will employ only the one change
point model.

Model selection results

Recalling the results for the evidence in the three cases
we see that the factor 1/2 Inf shows up in all cases and,
therefore, does not influence the ranking of the
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evidences regardless of what numerical value we
assign to f. In this case, we could have used the
improper prior 1/¢ from the very beginning since it
enters the same way in all results. This is not true for
the value of y that specifies the prior range for the
design ordinates j? Our previous choice of y does,
therefore, affect the model probabilities. Everything is
then uniquely specified. Given the marginal likelihoods
p(3|5c', M;,I) and assuming equal prior probability for
each model, an uninformative and not necessarily the
most educated choice, we arrive at the probability for
the individual model by

Zk p(dﬁ" Mk?D

Numerical values for the cherry blossom data set are
presented in Table 1.

The numbers in the column ‘residue’ are a measure of
the goodness of fit. In the case of the constant model
this is given by NAd2(25), in the case of the linear model
by R (30). For the change point model, the case is more
complicated and will be explained later. First of all, we
see that the one change point model is singled out of
the three with high selectivity. It is the only one that we
shall consider further. A very interesting pattern arises
when comparing model probabilities and goodness of
fit. The last column in Table 1 indicates the degrees of
freedom, e.g. the number of parameters that enter the
corresponding model. We notice that the residue is a
monotonically decreasing function of the number of
parameters. The model probability rises monotonically
and favors clearly the one change point model.

Table 2 extends the model comparison results to
snow drop blossom data (see Fig. 4) and lime tree
blossom data (see Fig. 6). Both data sets support the one
change point model with high significance. However,
while the lime tree results are associated with a small
residual sum of squares of 5045, which is appreciably
lower than in the cherry case, the snow drop data
analysis yields the large residual sum of squares of
21202 for the one change point model. This indicates

p(Mjld, %,1) (46)

Table 1 Model comparison results

p(M;|d, %, ) Residue DOF
Constant model 0.074 8874 1
Linear model 0.104 8710 2
One change point 0.822 8118 4

The goodness of fit represented by the residual sum of squares
increases monotonously with increasing model complexity.
Although the built-in Ockham factor of Bayesian probability
theory counter balances this effect a strong preference for the
one change point model obtained. DOF, degrees of freedom.



266 V. DOSE & A. MENZEL

Table 2 Model comparison results extended to lime tree and
snow drop blossom data

Limetree Cherry Snow drops
Constant model 0.018 0.074 0.0003
Linear model 0.028 0.104 0.021
One change point 0.954 0.822 0.978

The entries are the respective model probabilities.

that the class of models considered here is very appro-
priate for the lime tree and cherry data but probably poor
for the snow drop data. We recognize the necessity of
future investigation of higher-order change point models.

Predictions from the one change point model

So far we have evaluated which one out of the chosen
group of models is best suited to describe the trend that
is hidden in the data. We now proceed to calculate the
trend itself for the one change point model. To this end
it is useful to derive first the probability distribution for
the single change point. This is given in terms of the
marginal likelihood p(t_i |X,E,I) and the prior p(E|l) by
Bayes theorem:

P(E\I){(dlx ED
p(d|%,1)

Since p(E|I) has previously been chosen flat, all the E-
dependence is concentrated in the marginal likelihood.
The marginal likelihood for the change point problems
has been evaluated in the last section and is given by
(45) with n=1. The properly normalized probability
distribution of E is shown in Fig. 1 as full dots.
Numerical values can be derived from the right-hand
scale. The maximum probability is reached near 1985
and has a value of about 0.07. But the distribution
p(E |d,%,1) is very much smeared. The message is that
every change point position will have to be taken into
account for evaluating the trend because all of them
have a non-negligible probability.

We now proceed to the evaluation of some function
T = go(f, E,z) from the information contained in the
data. For this goal we require the distribution
p(T|E, %,z,I) where z is the year for which we want to
predict the value of T. The required distribution is again
obtained via the marginalization rule:

p(Td %20 =S / dfdop(T, E.f.old,%,1)
E
-3 / dfdop(E.f,old,%,z,1)  (48)
E

x p(T|E.f,0,d,%,z,1).

p(Eld,%,1) = (47)

The first probability density under the integral is
logically independent of z since the posterior distribu-
tion of the parameters E,f,o depends of course on d
and X but is independent of some future estimation
independent variable z. Similarly, the second factor is
logically independent of d,% osince T is a unique
function of]_’; E and z. In fact

p(TIf.E,z) = §(T — ¢(f. E,2)). (49)

This introduces a nasty structure into (48). But since we
shall be content with calculating moments from (48),
things simplify again by appropriate change of the
order of integration:

1) =" [ dodfple.f.old.21) [ aTo(r - o)1
’ o 3 (50)
-y / dodfp(E.F,old, %) {o(f.E.2)}".
E

Further expansion of the posterior distribution of the
parameters and repeated use of Bayes theorem until
p(E,f,a\g, X,I) is expressed in terms of the full like-
lihood p(ﬁ|5c',f,o—,E,I) and the priors p(ﬂy,l) and p(a|l)
finally yields:

Tk N~ PED 1 1
T = p(d%,1) 2Inp Vs(3,7)

x /%/df?qok(ﬁE,Z)p(a|5c'7fyg’E’I)'

We shall now consider in detail the cases that are
important for the present problem. Note that the
integral with prefactors in (51) is equal to the
previously calculated (42) marginal likelihood
(d|x E I) for k=0. We shall show in the following
that if ¢* is either a linear or a quadratic function in f
then the integration in (51) leads to a function ¢(E,z)
times the basic integral for k = 0. Hence the expectation
values of a piecewise linear function and its square,
which we need to determine mean and variance, are
given as the sum of all possible ¢i(E,z) weighted with
their respective posterior probability p(E\H, X,I). This is
indeed a transparent and intuitively plausible result.
Let

(51)

. leZZ Z—X1 ngz
oefE = {pE2 D 3T @

X2

where x; and x3 denote the initial and final data point
abscissa and x, denotes the change point position. This
function is linear in f and can be written as

. T 5

¢(zlf,E) =b (z,E)f. (53)
An even simpler case arises if we consider the
derivative of ¢ which, when inserted in (51) yields
the rate of change of the trend for example in days per
year for the present data. Since the derivative is

© 2004 Blackwell Publishing Ltd, Global Change Biology, 10, 259-272



constant in x; < z < x, and also in x, <z < x3, we have

¢ (zIf . E) =& (E)f. (54)

Hence the only z-dependence arises from whether

z < X Or z>X; in this case. Both cases have the same f

dependence and the inner, f-integral I; becomes (see

(30)
R

Iy = / dffexp{—

By substituting § = f - j?othis can be shown to be equal
to

o "R~ ,) -

=T [ ep{ - ga G-FQF ) - 5oz} (50

This completes the proof for a linear f—dependence of ¢*
and leads to the explicit expression for the trend ¢ and
its rate of change ¢”:

9(2) = (o(zlf. E))

ZpEuxl (z,E)fo(E), (57)

¢'(2) = (@' (2If . E)) medxf (E)fy(E). (58)

In order to evaluate also the uncertainties associated
with these estimates we must finally consider the
squares of (53) and (54). We treat the case (53) explicitly
since it is slightly more complicated due to the Z-
dependence of b:

(B (E,2)f) = (i + oo + bofs)* =f B (59)

The elements B, of matrlx B are given by By = bibi. In
order to perform the f integration in the inner integral
(51) we substitute § = (f — f,,)/o. This yields

=" [ dglog +F,)"Blog + o)
. exp{f%f Qg}
= {05Trace(Qle) + UsfoTBfo}
x/dgexp{—%gTQg}'

By reference to Eqn. (24) we derive that the remaining
two o-integrations are related by

7dol ol R
s oN3 P17 22
0

N-5[do 1 R
- R o oN5 P\ T
0

(60)

(61)
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Collecting terms we obtain
T - -
(b (B,2)f)*) =D _p(Eld, %)
E

X {Trace(Q’lB) % +fOT Bfo}.
(62)

The evaluation of (62) is complicated by the fact that
matrix B depends on E and z while Q and R depend on
E only. The problem can be simplified by making the z-
dependence of B explicit. We rewrite (52) as

@(zlf . E)
X2 2x1 17 5 x1f2+ ( xz1x1f1+lex1f2)’

sk -5 +Z< x;fol +x3£foz), z > xo.
(63)

Zsz,

By appropriate obvious definitions of vectors & and 4,
@* can be expressed as

@?(zlf. E) =(oufi + onfs + usfs)’
+ 22(a1fy + azfo + asfs)?
+ 2z(of1 + oofs + oaf3)
x (a1fi + axfa + asf3).

From (64) we derive the matrix representation
> e T
@*(2If,E) =f Bof +2f B.f +2°f Buf,  (65)

(Bo) i = oiok, (Bz)y = oiaty + oati, (Bzz)y = i (66)

(64)

Matrices By, B, and B., depend now only on E. Hence,
if all quantities are calculated as a function of E and are
stored, evaluation of (62) for different z is computa-
tionally cheap. This completes our analysis.

The result for the average functional behavior with
the associated uncertainty range is displayed in Fig. 2.
The reader might wonder at this stage why we end up
with relatively narrow confidence ranges compared to
the strong scatter of the data. The answer is simply that
we estimate essentially only four parameters (;? ,E) from
a data set of about one hundred points. This yields
obviously a rather stiff function.

The rate of change is displayed in Fig. 3. There is
essentially zero change over most of the century with
the deviation starting about 1985 and a current rate of
change of —0.6 daysyr . This rate is associated with an
uncertainty of +0.5daysyr '. A final word about
extrapolation into the future is in order. The predictive
function is a superposition of straight-line segments
weighted with respective probabilities p(E \d, %,1).
Hence, it is itself a straight line between successive
years of observation. The function in Fig. 2 extrapolates,
therefore, linearly and the rate correspondingly at a
constant level. Extrapolation in Fig. 2 into the region
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Fig. 2 The data and the average functional behaviour esti-
mated from the one change point model. Note the rapidly
widening confidence range in the extrapolation region.
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Fig. 3 The rate of change (trend) in days per year (right-hand
scale).

that is no longer supported by observational data
exhibits a rapid widening of the confidence range. This
is the price for extrapolation and supports the common
notion that predictions are difficult, in particular, when
the future is concerned. Bayesian probability theory
provides a beautiful quantification of this statement.

Discussion

The model comparison option of the Bayesian approach
as described above was used to compare three different
types of models (constant, linear, and one change point)
for the analysis of the Cherry blossom (results in Figs 1-
3). Figures 4-7 provide analogous results of the one

Snow drops blossom
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Fig. 4 Observations on snow drop blossom (open circles) and
the change point probability for the one change point model (full
dots).
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Fig. 5 The rate of change of the onset of snow drop blossom in
days per year. Data as in Fig. 4.

change point model for the other species’ time series,
blossom of snowdrop and lime tree.

Comparison of the results for the three phases analyzed

We know that spring phenology strongly depends on
the temperature of the previous months, e.g. blossom of
G. nivalis correlates best with the mean temperature of
Jan-Mar (Tjan-mar)(r =—0.747, n =66, P <0.0001), blos-
som of P. avium with (Tgeb-ap)(r=—0.807, n =66,
P<0.0001), and of T. platyphyllos with (Typar-
May)(r =—0.798, n =65, P<0.0001) (data from the
climate station at Geisenheim). As most of the global
temperature rise in the 20th century has occurred
during two periods (1910-1945 and 1976-2000), it is of
interest for the study of climate change impacts in
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Fig. 6 Observations on lime tree blossom (open circles) and the
change point probability for the one change point model (full
dots).
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Fig. 7 The rate of change of the onset of lime tree blossom in
days per year. Data as in Fig. 6.

phenology, if phenological time series have experienced
changes in comparable time frames. The model
comparison option of the Bayesian theory here allows
the evaluation of which one out of the chosen group of
models is best suited to describe the trend that is
hidden in the data.

For the three time series at Geisenheim, it turns out
that the most likely model is the one change point
model. The resulting change point probability has its
maximum near 1985 ( ~ 0.07) for cherry blossom (Fig.
1) and, with a quite similar distribution, a maximum
near 1984 (0.09) for lime tree blossom (Fig. 6). The
change point probability distribution of snowdrop
blossom is much broader, even multi-modal, with a
maximum near 1986 (0.055) and a secondary maximum
(0.02) near 1964 (Fig. 4).

© 2004 Blackwell Publishing Ltd, Global Change Biology, 10, 259-272
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The rate of change determined by the one change
point model reaches —1.5daysyr™' in 2002 for snow-
drop blossom (Fig. 5), and around —0.6 days yrf1 both
for cherry (Fig. 3) and lime tree blossom (Fig. 7).

Several studies report time of season differences with
highest advances often in early spring, and notable
advances of succeeding phenophases in full spring and
early summer (e.g. Bradley et al., 1999; Defila & Clot,
2001, Menzel et al., 2001). Sparks & Smithers (2002)
suggest higher temperature changes in early season as
the reason for this differentiation. The relative order of
changes revealed for these three species’ blossom series
at Geisenheim is well in accordance with other results:
Regression coefficients from mean anomaly curves of
Germany (1951-2000, Menzel, 2003) ranged from
—0.25daysyr ! for snowdrop, to —0.14daysyr ' (lime
tree) and —0.09daysyr ' (cherry). It is evident that
their absolute magnitude for the 1951-2000 period is
much smaller than rates of change determined for the
year 2002 with the one change point model. A
recalculation of the regressions in Menzel (2003) for
the 1985-2000 period revealed advances of —1.42 day-
yr~! for snowdrop blossom, —0.67 daysyr ™' for cherry
blossom and —0.86daysyr ' for lime tree blossom.
These average rates of change for Germany mirror the
results of our new method based on Bayesian theory.
Over most of the century, there is essentially zero
change; from mid-1980s onwards, the rate of change is
negative for cherry (Fig. 3) and lime tree blossom (Fig.
7). This finding is in accordance with results of other
studies (e.g. Scheifinger et al., 2002; Chmielewski &
Rotzer, 2002) that describe a discontinuous shift
towards earlier occurrence dates after the late 1980s
and almost no trends before that date. However, the
rate of change in snowdrop blossom (Fig. 5) indicates
advancing onset not before 1992; although the rates of
change are relatively high in the 1990s they are
associated with a considerable uncertainty range.

Comparison with the traditional statistical approach

The proposed new method of selecting models to
describe the trend in phenological time series has major
advantages compared to the traditional statistical
approach of linear regression. Fig. 8 displays the slopes
of the linear regression and the corresponding sig-
nificance by the Mann-Kendall trend test for all
possible combinations of starting (x-axis) and ending
year (y-axis) with 10 or more years of observation of
cherry blossom at Geisenheim. This example clearly
demonstrates that the resulting trends start to be
representative in the temporal scale when more than
30 years are included. The main obstacle of this
traditional approach is evident: The rate of change
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Fig. 8 Trend matrix: Linear regression coefficients and their significance by the Mann-Kendall trend test for Prunus avium blossom time

series at Geisenheim/Germany. (1 Q1>1...2,1 Q1>2)

strongly depends on the time period and no distinct
rate of change for single years can be given. However,
all time series ending in 1989 and later reveal
advancing trends, especially if they start in the second
half of the 20th century. The corresponding results for
lime tree (trend matrix not displayed) are very similar
to Fig. 8. The trend matrix for snowdrop (not shown) is
even more heterogeneous because snowdrop blossom
was observed extremely early in several years between
1910 and 1923, and thus nearly all time series starting
before 1920 reveal delayed blossom.

One of the traditional ways to determine possible
change points is by a modified version of the Mann-
Kendall test (e.g. Bohm et al., 2001) based on the
normalized values of Kendall’s Q (see Rapp, 2002):

N-1 N
> > sen(y; —vi)

i=1 j=it1

\/f—g[N(N—1><2N+5> = Sbib=1)@b-1)(bi+ 5]

(67)
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N is the length of the original time series. Summation is
extended over all 1/2N (N—1) pairs of data (y;, y;) with
i<j. by is the number of identical observational data ;.
The Q values are determined progressively for the n—1
subseries of the original time series as well as for the
backward original time series (regressive). Intersections
of the progressive and regressive Kendall's Q series
approximate the change points of the original series.
Their significance is ranked according to the excess
over suitably chosen significance thresholds. With this
traditional approach, change points were determined
around 1929/1930 for blossom of snowdrop, around
1989/1990/1993 for blossom of cherry, and even three
possible change points 1905-1909, 1923-1926, and
1989/1990/1992 for blossom of lime tree. The results
for cherry blossom match almost the maximum change
point probability around 1985.

Conclusions

Regional studies of plant phenology, often using
phenological network data, are extremely important
for assessing the impacts of global change as they can
shed light on regional peculiarities. However, this
information is only revealed if the spatial variability
can be separated from inherent problems in the
temporal significance due to different underlying time
periods. This latter point is the crucial limitation of the
currently used linear regression approach. In contrast,
Bayesian concepts allow the comparison of different
models to describe the functional behavior of phenolo-
gical time series and provide even annual predictions
for the change point probability and rates of changes.
Thus, this new approach will allow an intensified
comparison of regional changes in phenology. Our next
step will consist of a combined analysis of phenological
and temperature time series in order to investigate
whether temperature changes support phenological
change points. If so, the pooling of temperature and
phenological data is expected to provide times series
descriptions of higher precision for both.
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