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Abstract

The calendar year for a tree sample can be determined by its annual rings. By
measuring the widths or maximum densities of the individual rings and aligning
them against a master chronology with known dates, one can determine the cal-
endar year of a piece of wood exactly. But it is problematic, if the piece of wood
is very short and thus contains only few annual rings. In that case the amount of
information derived from series of widths or maximum densities is not sufficient
for the determination of a correct date.

This has led to the key question, whether one can determine the calendar year
for a small piece of wood with the help of intra-annual data, like ring density-
profiles. If yes, then how well works this new method compared to established
approaches? The thesis is that density-profile-based approaches have to provide
as good or better results since profiles contain much more information than other
measured characteristics.

Within this study, this thesis could be confirmed. Several new approaches were
found that have outperformed established, earlier methods. The approach pro-
ducing the highest number of correct solutions is a combination of an established
procedure with a newly developed one called the Bucket Approach.
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1 Introduction

1 Introduction

1.1 Structure
After a general Motivation and Introduction to Dendrochronology in this first chapter,
the Theoretical Foundations are formally described. Thereafter, different methods are
tested and discussed in the chapter about the Approaches and Evaluation. Achieve-
ments, as well as possible future work are finally summarized in the Conclusion. The
Implementation is presented at the end, in the Appendix. It contains information about
an available R interface for the approaches, as well as the generation of scores.

1.2 Motivation
Assume one has a piece of wood from an old building on which the different annual
tree rings are recognizable. Each tree ring corresponds to a year and trees from the
same climatic regions often show similar characteristics within their tree rings. Such
properties of trees can be used to determine the correct age of a wood sample and thus
the construction year of a building. But if the piece of wood is short, there is often no
chance to find out the year with the established, ring-width or maximum density based
approaches. In order to change this, intra-annual data is used. And that are density-
profiles of tree rings which allow for the determination much shorter wood pieces than
with given methods used before. Concretely, a famous Biology Professor named Edward
Cook wrote 1990 that for meaningful results depending on the quality and type of wood
by experience at least 40 rings are necessary [10]. However, in this thesis samples with
10 rings and below are dated!

1.3 Introduction to Dendrochronology
Dendrochronology1 is the determination of the tree rings corresponding years. The
wood properties of different trees from different areas in the same climatic region show
the same weather-related characteristics in their annual rings. So for example, the ring-
width proportions of different trees are similar. Abrupt cold spells or heatwaves are
recognizable in the rings of several trees and all that information can be used to date
wood samples. An example, in the summer of 2003 there were major heatwaves and
droughts over a bigger period of time in Germany. If now trees are felled 2018, then
these droughts will be recognizable in the “same” year ring of multiple trees i.e. the
ring-widths turn out smaller in 2003 because of growth slumps caused by water lacks.
So if one gets a wood sample from Germany with the year rings from 1992 to 2010
from one of these trees, then the felling year for a tree could be still determined. One
has just to compare with the wood patterns of the other trees because the ring-width
proportions around 2003 will be similar.

1dendron: gr. tree, chronos: gr. time/year and logia: gr. word/teaching/logic,
see https://translate.google.de/, so dendrochronology is the tree-year or tree-time teaching

1
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1 Introduction 1.3 Introduction to Dendrochronology

1.3.1 Dating Techniques

Figure 1.3.1.1 The creation of a master chronology. a) take wood samples,
b) plot ring-width curves, c) combine ring-width curves to a master
chronology (adapted from [41, p. 85])

Over the past 120 years multiple methods for the dating of organic material were
developed or made popular, as examples

s Cross-Dating by Andrew E. Douglass (early 20th century)

s Radiocarbon Dating by Willard F. Libby (1946)

s Amino Acid Dating by Philipp H. Abelson (1954)

which can also be used to determine the age of wood [30; 35]. The dendrochronological
main method for dating of wood samples is cross-dating. Therefore, the individual
ring-widths of a tree stump were measured from inside the stump to outside under a
lens [41, p. 61] or nowadays with computer technology. These ring-widths are then
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1 Introduction 1.3 Introduction to Dendrochronology

displayed in a graph over time, more precisely years. Cross-dating is called cross-dating
because several ring-width curves are pair-wisely crossed. They are shifted against
each other to find matches within the patterns and to build a so-called master chronol-
ogy (Fig. 1.3.1.1). This chronology can be built by averaging over multiple correctly
aligned ring-width curves with known ages. Besides that, maximum densities and other
annual parameters of rings can be cross-dated. To find an overlap of years in which a
ring-width sample and a subseries from a chronology show very similar shapes, t-values
or correlation coefficients between both discrete curves can be computed. So at each
position or year within the chronology a window of sample-length i.e. with a certain
number of ring-widths has to be cut out and a statistical value has to be measured.
By this, the correct sample start-year can be examined under consideration of the shift
in the chronology for which the statistical value reaches its maximum. And with the
sample start-year, the end-year and thus the potential felling year for a tree can be
calculated. Other techniques than the dendrological ones cannot determine the years
exactly. That is the main advantage of using dendrochronology!

The current Radiocarbon Dating method from 1977 has a different idea. There are three
naturally occurring variants of the carbon atom, so-called isotopes. And one of these
isotopes 14C is due to its rapid radioactive decay well suited to date dead organisms
[35]. The isotope is formed in the stratosphere i.e. the upper part of the atmosphere
by certain chemical processes and included due to photosynthesis in the form of 14CO2
in plants. Thus, it is also stored in trees. After the death of an organism no 14CO2 and
thus no radioactive 14C isotope is included in the plant anymore, the number of 14C
atoms decreases as the 14C isotope decays i.e. transforms into other elements. If one
measures the ratio to the stable carbon isotope 12C found in the organism, then the
age of the organism can be recalculated on the basis of the 14C half-life1 of about 5730
years [31].

Amino-Acid Dating follows a similar idea as the Radiocarbon Dating method from
1977. It looks at some ratio with respect to a reference value. Here, it is looked on
the ratio of certain L-Amino Acid formations to D-Amino Acid formations. After the
death of an organism, this ratio changes and based on this, the age of the organism can
be determined [30].

1.3.2 Historical Background

The first one who has verifiably described tree rings was Theophrastus of Eresus (c.
372-287 BC) [44], a pupil of Aristotle (384-322 BC [37]), the Greek philosopher and
savant. But Theophrastus was presumably also not the first, because he was taught by
Aristotle and he had access to the rich literature of that time. Today still manuscript
copies and translations of Theophrastus’ writings in English and German exist. Most
of what he has wrote, is probably knowledge that has been passed many centuries by
ancient farmers. It is most likely not from his own research. So it is known that Greeks

1the time after which half of the atoms of a sample have decayed to other elements
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1 Introduction 1.3 Introduction to Dendrochronology

knew about the existence of tree rings, but it is not known if they have realized that
each year a new ring is added [27]. However, from the 12th century, a Chinese story
by Hong Mai (1123-1202 AD [24]) is delivered “The Cunninghamia Tree on Chhên’s
Tomb” [32]. In this story the protagonist had a dream in which he has been warned
to fell a 380-year-old tree. And a few years later after the tree was felled, it has been
noticed that the tree really had 380 rings. So the importance of tree rings seemed to
be already familiar in ancient China in the 12th century. In the 13th century, Albertus
Magnus (c. 1200-1280 AD [2]), a German bishop and savant presumably described the
layered growth from inside to outside. And the first good evidence that the annual
character of tree rings was recognized, can be found in Leonardo da Vinci’s (1452-
1519 AD) book on panting “Trattato della Pittura”1 [12; 27; 42]. He has even made
the connection between wet and dry years, so he wrote that the wet years led to larger
annual rings than the dry years. The development of dendrochronology in the next four
centuries took mainly place in Europe [42; 41, pp. 218-222]. After a journey, Michel de
Montaignes (1533-1592 AD [5]) reported about his new knowledge from a craftsman;
the number of tree rings corresponds to the age of the tree. Later, also connections
between annual weather events such as frost and hail were recognized and compared
with meteorological data. Thereafter, it was the turn of Andrew E. Douglass (1867-
1962), an American astronomer who made dendrochronology popular. With his help
ancient archaeological findings were backdated year-exactly on the basis of annual rings.
That is how the research in dendrochronology has started, and it proceeds developing
up today with this thesis and research in numerous research groups.

1.3.3 Dating with Wood Density

In the year 1970, it was indirectly mentioned by Hubert Polge that density-curves of
tree rings could have advantages for wood-dating due to the fact that such curves are
encoding lots of parameters like ring-width and cell-wall thickness in a single char-
acteristic [33]. Probably, because of costs and high time consumption, density-based
techniques were not extended for a long time [14]. But today, there exist less expen-
sive and fast methods to measure the density of wood samples like the High-Frequency
Densitometry [39; 50] by Martin Schinker et al.. So there is an occasion to develop an
algorithmic method for cross-dating with density-curves. The approach presented in
this work uses therefore among others the landmark approach MICA [4; 29] developed
by Martin Raden et al. and Matthias Beck [3] for the computation of time-synchronous,
averaged density-series. Apart from that, all here presented methods were newly de-
veloped for this master thesis or originating from established, statistical and partially
from dendrochronological methods [41].

1engl. Treatise on Painting, see https://translate.google.de/

4

https://translate.google.de/


2 Theoretical Foundations

2 Theoretical Foundations

2.1 Chronology Computation
2.1.1 Mean Calculation

In points-based chronologies values vi which correspond to ring-widths or maximum
densities are averaged. The mean of the values from a year is represented by v̄i.

Definition 2.1.1.1 (Points Chronology)
A Points Chronology Cv is a series of annual means:

Cv = v̄1v̄2 . . . v̄N

where N is the number of monotonously increasing years.

But the mean has decisive problems with outliers. If some values are significantly larger
than the values of the majority, the whole mean is disturbed. An idea here is therefore
to apply a so-called robust mean computation. In the robust method, the outliers are
filtered out. How does such a filtering works? There exist different approaches, but a
common one, especially in dendrochronology is Tukey’s Biweight Robust Mean Esti-
mation [1; 23]. For the estimation preferentially, so-called Maximum Likelihood Type
Estimators (M-estimators) are used [23, pp. 43, 146]. But this estimation method has
a drawback, several iterations are necessary to compute the robust mean numerically.
Instead, in current implementations so-called one-step W-estimators [1; 23, p. 164] are
applied to compute the mean in a single pass. W-estimators compute weights using
a bisquare function w. These weights are used to weight the individual components
with which the mean is computed depending on their distance from the median. By
this, components significantly far from the median can get a weight of zero, so they are
filtered out. The final mean is now defined as the weighted average of v-components
(Def. 2.1.1.2).

Definition 2.1.1.2 (Tukey’s Biweight Robust Mean)
Given values from a finite set V, then the robust mean of the values is

v̄ =
∑
v∈V w(ζ) · v∑
v∈V w(ζ)

with standardized values
ζ = v − ṽ

ctun ·MADv + ε

and weightings

w(ζ) =

(
1− ζ2

)2
, |ζ| ≤ 1

0 , |ζ| > 1

whereas MADv = median
v∈V

{
v − ṽ

}
is the median absolute deviation, ṽ is the median of

all v ∈ V, ε and ctun are constants, and ζ a standardized score.

5



2 Theoretical Foundations 2.1 Chronology Computation

In literature Tukey’s robust mean is abbreviated with a big T . The constant ε is set
to 0.0001 as suggested in [1] to avoid a division by zero. It is recommended to set
the tuning parameter ctun to 9, since then values below and above −/ + 6 standard
deviations are set to zero [16] i.e. it holds that the expected value E[9 ·MADv] ≈ 6 · σv
(6 times standard deviation of v). Usually it is only divided by the dispersion measure
(in this case MADv) as it is known from z-scores [49, p. 88], but here additionally the
tuning parameter ctun, as well as ε are used to fix the mathematical issues with the
formula.

2.1.2 Multiple Interval-Based Curve Alignment

Figure 2.1.2.1 The problem in consensus-computation. Blue and red marked places
have to be aligned before building the average (adapted from [3]).

In 2011, an approach for the microstructure alignment of density-profiles i.e. the
density-curves of a tree ring was published [4]. For annual rings from stem-discs of
Douglas-fir trees, densities ρ = m

V
(with mass m and volume V ) were measured along

eight radial directions and series of wood density-profiles were created from the pith to
the bark with High-Frequency Densitometry [39; 50]. Due to the method which was
used, the density-profile values were given in volts V. But they also could be trans-
formed due to a linear correlation1, into volumetric density kg

m3 or gravimetric density
(GD)2. That is the percentage of for example hydrogen in relation to the total mass [46].
The idea was to reconstruct e.g. the growth behaviour and thus, if possible, climatic
conditions from a series of tree ring density-profiles. Because density information along
several directions is needed to provide accurate inferences about the growth behaviour,
that is a difficult task. The stem growth-speed varies in different, horizontal directions.

1personal communication with Dr. Martin Raden
2gravitas: lat. heaviness, métron: gr. measure, see https://translate.google.de/
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2 Theoretical Foundations 2.1 Chronology Computation

So it is possible, that two density-profiles have a similar shape but different lengths.
Therefore, it makes no sense to simply average the density-profiles, since the average
would not correctly reflect the growth behaviour as it can be recognized by the black
curve in Fig. 2.1.2.1. That means characteristic points like inflection points or maxima
of different density-profiles have to be aligned and intermediate points must be inter-
polated. Afterwards, the average curve can be formed, a so-called consensus1. For the
alignment part, the MICA algorithm (Multiple Interval-based Curve Alignment) was
developed. Thereby x-coordinates of characteristic points within wood density-profiles,
so-called landmarks or reference points, are aligned to obtain a time-synchronous align-
ment of the measured values e.g. from a set of trees. Whereby time-synchronous means
that the temporal events like droughts, etc. in different profiles are realigned again i.e.
they are getting the same relative x-coordinate.

Definition 2.1.2.1 (Density-Profile)
Discrete, finite series with n > 2 points:

P = p1p2...pn

where pxi is the relative x-coordinate with pxi ∈ [0, 1] ⊂ Q, such that px1 = 0, pxn = 1,
∀i < n : pxi < pxi+1, and the signal pyi ∈ Q as the y-coordinate.

The number of points in a profile is described with the length-function “len” and
sequences of profiles are also called density series. The functions x(P) = px1p

x
2 ...p

x
n,

y(P) = py1p
y
2...p

y
n return the series of x and y coordinates in a profile and for readability

these series are abbreviated with X = x1x2...xn, Y = y1y2...yn. Additionally, there is a
function s(P) returning the slopes si for each point pi ∈ P.

Definition 2.1.2.2 (Interpolation)
An Interpolation is a function αk(P) = P̂ with profiles P, P̂ having lengths len(P) = n,
and len(P̂) = k, where P̂ consists out of k uniformly distributed points that were linearly
interpolated into the interval of x(P).

Definition 2.1.2.3 (MICA-Alignment)
A MICA-Alignment2 is the output of function αMICA

k (Pa,Pb) = (P̂a, P̂b) with two pro-
files of arbitrary length Pa,Pb as inputs returning two x-coordinate-aligned, and lin-
early interpolated profiles P̂a, P̂b as outputs, where P̂a, P̂b consist out of k uniformly
distributed points in the intervals of x(Pa) and x(Pb).

Operations like division by constants and addition of profiles are defined component-
wise, as with vectors, on the y-values i.e given profiles Pa,Pb linearly interpolated to
same length k, so len(Pa) = len(Pb) = k. Then with P = Pa + Pb the y-coordinates
of both profiles are added component-wise together. So Y = y(Pa) + y(Pb) = (ya1 +

1consensus: agreement, see http://www.thesaurus.com/browse/consensus
2the original MICA approach from [29] does not automatically interpolate to same length

7
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2 Theoretical Foundations 2.1 Chronology Computation

yb1)(ya2 + yb2)...(yak + ybk) and one of the interpolated series of equidistant x-coordinates
is then set as x(P) e.g. x(P) = Xa, and y(P) = Y to create a new profile P. In the
following, it holds that profiles having the same length are linearly interpolated (Def.
2.1.2.2). Division i.e. P

c
means that every y-component in P is divided by a constant

c ∈ Q. Further the term “bucket” has to be stated more precisely. This is just a finite,
non-empty set. There are buckets of profiles, abbreviated with B and buckets of cor-
responding characteristics like ring-widths or maximum-densities for which no symbols
are officially introduced.

Definition 2.1.2.4 (Consensus-Profile)
Average profile P built with a set of profiles interpolated to same length:

P = 1
|B|

∑
P∈B

P

where B is a bucket with profiles from the same year.

Thus, for a Consensus-Profile, the individual y-values of the profiles are added together
and divided by the number of profiles.

Definition 2.1.2.5 (Consensus Chronology)
A Consensus Chronology CP is a series of Consensus-Profiles:

CP = P1P2 . . .PN

where N is the number of monotonously increasing years.

But chronologies can also be defined on the individual buckets instead of profiles. That
allows working on the bucket-profiles itself instead of their consensus i.e. it allows com-
parisons of some sample-profile against all profiles in a specific year.

Definition 2.1.2.6 (Buckets Chronology)
A Buckets Chronology CB is a series of buckets:

CB = B1B2 . . .BN

where N is the number of monotonously increasing years.

So a Buckets Chronology is just a series of buckets where each bucket contains the
profiles for some year.

8
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2.2 Measurement Techniques
2.2.1 Distance Functions & Normalization

Distance-functions are necessary to evaluate the similarity of two density-profiles. They
are used to do cross-dating with density-profiles (Def. 2.1.2.1). So the best match be-
tween a series of profiles (the pattern or sample) and a master chronology C is requested.
The distance function provides a measure for the quality of a match between the se-
ries of profiles and a subseries from the master chronology. To compare two profiles,
a distance function measures therefore the distance between profiles that have been
interpolated to the same number of points (Def. 2.1.2.2). For patterns with multiple
profiles, the distances generated with the individual profiles can e.g. be summed up.

However, if profiles should be compared without multiplicative or additive differences,
then the common way is to subtract the mean from values yi ∈ Y and then divide
by the standard deviation [49, p. 290]. The subtraction leads to a removal of additive
differences i.e. if it there the y-values Ya = ya1y

a
2 ...y

a
n, Yb = (ya1 + δ)(ya2 + δ)...(yan + δ)

with δ ∈ Q of two profiles are given, then after subtracting the average y-value mean(Y)
from each yi, both profiles get the same y-coordinates and thus the y-values Ya, Yb

become identical. Multiplicative differences from profiles can be removed by division
with the standard deviation, since by this operation it is also divided by the magnitude∥∥∥Y − seq

(
mean(Y)

)∥∥∥. Consider sequences Y as vectors. So if there are two vectors
and it is not known, if they point in the same direction, both can be divided by their
magnitudes and it can be proved then whether the resulting vectors are equal. Exactly
this idea was applied on the y-values of profiles.

ystdi = yi −mean(Y)
σ(Y)

= yi −mean(Y)√
1

n−1 ·
∑n
i=1

(
yi −mean(Y)

)2

= yi −mean(Y)√
1

n−1 ·
√∑n

i=1

(
yi −mean(Y)

)2

= yi −mean(Y)
c ·
∥∥∥Y − seq

(
mean(Y)

)∥∥∥

(2.2.1.1)
Normalization by Standard Deviation

where seq
(
mean(Y)

)
is a series of mean(Y)-entries of the same dimensions as Y.

So the magnitude is weighted by a constant c =
√

1
n−1 , where n is the number of y-

values in the profile.

9
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Definition 2.2.1.1 (z-Score)
Given a series Y = y1y2...yn and a value yi ∈ Y, then ystdi = yi−mean(Y)

σ(Y) is called a
z-score.

The normalization by computing z-scores is only done on the y-coordinates of profiles
yi ∈ Y but it does also effect on the slopes of a profile P. To measure the difference
between profiles, the distance on the y-values or on the slopes can be computed. There-
fore, one linearly interpolates (Def. 2.1.2.2) two profiles to the same length, sums up all
absolute distances e.g.

∣∣∣yai − ybi ∣∣∣ and divide by the number of points k i.e. the number
of coordinates (Def. 2.2.1.2). Further, it is assumed that profiles for which the distance
is measured always have the same length!

The slope for each pi ∈ P can be calculated by computing a linear model i.e. a line is set
through yi−2...yi...yi+2 and then the slope of this line is stored as si. So a simulated tan-
gent is moved through yi ∈ Y from left to the right and all slopes of that line are stored.

Definition 2.2.1.2 (Average Point-Distance)
Given two profiles Pa, Pb with k = len(Pa) = len(Pb), the Average Point-Distance is

distyavg
(
Pa,Pb

)
= 1
k

k∑
i=1

∣∣∣y(pai )− y(pbi)
∣∣∣.

The distance function (Def. 2.2.1.2) can also be defined on the slopes as it can be seen
in the next definition (Def. 2.2.1.3).

Definition 2.2.1.3 (Slope-Based Average Point-Distance)
Given two profiles Pa, Pb with k = len(Pa) = len(Pb), the Slope-Based Average Point-
Distance is

distsavg
(
Pa,Pb

)
= 1
k

k∑
i=1

∣∣∣s(pai )− s(pbi)∣∣∣.
With the help of the Average Point-Distance it is now possible to define the Mean-
Distance (Def. 2.2.1.4) which allows to measure the similarity of a profile within a
bucket of profiles.

Definition 2.2.1.4 (Mean-Distance)
Given a bucket B, the Mean-Distance of a profile P̂ /∈ B to a set of profiles P ∈ B is

distyavg
(
P̂,B

)
= 1
|B|

∑
P∈B

distyavg
(
P̂,P

)
.

The Mean-Distance can be applied on all profiles within a bucket to divide profiles into
two clusters. In this process the distances of a profile to all other profiles are measured
and then the sum of distances is divided by the number of measurements.

10
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Definition 2.2.1.5 (Sample Distance)
Given two samples Sa = Pa

1Pa
2...Pa

K and Sb = Pb
1Pb

2...Pb
K, the Sample Distance is

distγavg
(
Sa, Sb

)
=

∑
1≤i≤K

distγavg
(
Pa
i ,Pb

i

)

with Pa
i ,Pb

i as the profiles at sequence position i, a coordinate-type γ ∈ {y, s} and K as
the number of profiles, as well as a distance function distγavg

(
Pa
i ,Pb

i

)
(Def. 2.2.1.2 and

Def. 2.2.1.3).

The Sample Distance (Def. 2.2.1.5) computes a result by summing up all pairwise
profile-distances from both samples. And instead of computing the distance between
two samples, it is also possible to measure the distance between a sample and a se-
quence of buckets. Instead of just summing up distances, it can be applied a function
on the generated profile-wise scores of a sample i.e. the different scores could be for
example weighted differently before summing them up. This leads to the Generalized
Sample-Bucket Distance from Def. 2.2.1.6.

Definition 2.2.1.6 (Generalized Sample-Bucket Distance)
Given a sample S = P1P2...PK and a bucket-series SB = B1...BK, the Generalized
Sample-Bucket Distance is

distγavg
(
S, SB, func

)
= func

1≤i≤K

min
P∈Bi

{
distγavg

(
Pi,P

)}
with Pi,Bi as profiles or buckets at sequence position i, a coordinate-type γ ∈ {y, s}, K
as the number of profiles in S and buckets in SB. The minimum-function min returns
the minimum out of a set of scores, whereas func is an arbitrary function applied on the
minimum-scores that were generated by the minimum-function min. An abbreviation
for this distance-function is distγavg

(
S, SB

)
. Distances distγavg

(
Pi,P

)
were defined in

Def. 2.2.1.2 and Def. 2.2.1.3.

The Sample-Bucket Distance (Def. 2.2.1.7) is a special case of 2.2.1.6 in which all scores
produced with a sample are just summed up. So a distance between a sample S and
a bucket-series SB can be calculated by the addition of scores created by applying a
function “min” on a set of scores. This set of scores is generated by the computation
of distances between a profile Pi and profiles P from a bucket Bi.

Definition 2.2.1.7 (Sample-Bucket Distance)
Given a sample S = P1P2...PK and a bucket-series SB = B1...BK, the Sample-Bucket
Distance is

distγavg
(
S, SB,Σ

)
=

∑
1≤i≤K

min
P∈Bi

{
distγavg

(
Pi,P

)}

11



2 Theoretical Foundations 2.2 Measurement Techniques

with Pi,Bi as profiles or buckets at position i, a coordinate-type γ ∈ {y, s}, K as the
number of profiles in S and buckets in SB. The minimum-function min returns the
minimum out of a set of distance-scores. Distances distγavg

(
Pi,P

)
were defined in Def.

2.2.1.2 and Def. 2.2.1.3.

2.2.2 Similarity Measurement

Similarity measurement is necessary within the established approaches. Therefore, the
same ideas as before used with distance-functions (see Ch. 2.2.1) are applied. Additive
differences are compensable by subtracting the mean from each component in a series of
values, and multiplicative differences can be removed by division with the magnitude. A
single mathematical construct which already meets these requirements is the formula for
the Pearson Correlation Coefficient [38; 48] (Eq. 2.2.2.2). From the values, the means
are subtracted and it is divided by the magnitudes. As abbreviations for sequences of
values, the uppercase letter V is used.

ρ
(
Va,Vb

)
= σ(Va,Vb)
σ
(
Va
)
· σ
(
Vb
)

=
1

K−1
∑K
i=1

(
vai −mean(Va)

)
·
(
vbi −mean(Vb)

)
√

1
K−1

∑K
i=1

(
vai −mean(Va)

)2
·
√

1
K−1

∑K
i=1(

(
vbi −mean(Vb)

)2

=

(
Va − seq

(
mean(Va)

))
·
(

Vb − seq
(
mean(Vb)

))
∥∥∥Va − seq

(
mean(Va)

)∥∥∥ · ∥∥∥Vb − seq
(
mean(Vb)

)∥∥∥
(2.2.2.2)

Pearson Correlation
Coefficient Transformation

where seq
(
mean(V)

)
is a series of entries containing the mean of V.

Definition 2.2.2.1 (Pearson Correlation Coefficient)
Given series of values Va = va1v

a
2 ...v

a
K and Vb = vb1v

b
2...v

b
K, the Pearson Correlation

Coefficient is

ρ
(
Va,Vb

)
=

σ
(
Va,Vb

)
σ
(
Va
)
· σ
(
Vb
)

with σ
(
Va,Vb

)
as the covariance, and standard deviations σ

(
Va
)
, σ
(
Vb
)
of Va and Vb.

12
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Further, the rank has to be defined [6; 47, p. 277]. The rank is the position of an ele-
ment in a list of elements which was sorted by some property in ascending or descending
order. An example, say there is a list of years and each year has a score. Now by sorting
the scores in ascending order, one can give each year an order number e.g. the year
with the lowest score gets rank 1 and the year with second lowest score gets rank 2.
But what would for example happen if there are two elements with same scores? Which
of the two elements get which rank? Different approaches exist, but since the elements
cannot be distinguished by their score, they could get their maximum position as their
rank i.e. all scores within a list are sorted and the two elements get a new position
or index in the sorted list. From both consecutive positions, the maximum position1

is chosen as the rank by assuming that indices start with a 1. Where now ranks are
necessary? The Spearman Rank Correlation Coefficient [49, p. 53] as defined in Def.
2.2.2.2 uses ranks. It is working on ranks of scores instead of the scores itself. Apart
from that it is analogous to the Pearson Correlation Coefficient.

Definition 2.2.2.2 (Spearman Rank Correlation Coefficient)
Given series of values Va = va1v

a
2 ...v

a
K and Vb = vb1v

b
2...v

b
K, the Spearman Rank Correla-

tion Coefficient is
%
(
Va,Vb

)
= ρ

(
r(Va), r(Vb)

)
with r(Va), r(Vb) as the ranks series of Va, Vb and ρ as described in Def. 2.2.2.1.

Based on this, the Kendall Rank Correlation Coefficient can be defined. It looks how
often there is a sort order agreement or disagreement between two series Va,Vb of val-
ues. An agreement in the sort order i.e. vai < vaj ∧ vbi < vbj or vai > vaj ∧ vbi > vbj with
i < j is called a concordance and a disagreement vai > vaj ∧ vbi < vbj or vai < vaj ∧ vbi > vbj
in the sort order is a discordance. Ties vai = vaj ∧ vbi 6= vbj or vai 6= vaj ∧ vbi = vbj are
usually not considered. A representation (Def. 2.2.2.3) which takes ties into account
can be found in [26]. This general variant is also called the τb (Tau-b) correlation co-
efficient. In literature often only the τa (Tau-a) correlation coefficient is specified [18,
p. 137] and that does not consider ties i.e. the denominator is K·(K−1)

2 with K as the
series length of both series. So in the τa correlation coefficient, it is just divided by the
number of made rank comparisons of ranks r(vai ), r(vbi ) with ranks r(vaj ), r(vbj) and i < j.

Definition 2.2.2.3 (Kendall Rank Correlation Coefficient)
Given series of values Va = va1v

a
2 ...v

a
K and Vb = vb1v

b
2...v

b
K, the Kendall Rank Correlation

Coefficient is

τ
(
Va,Vb

)
= Nconc −Ndisc√

(Nconc +Ndisc +Na
ties) · (Nconc +Ndisc +N b

ties)

where Nconc is the number of concordant, Ndisc the number of discordant pairs (vai , vbi )
and Na

ties, N b
ties the number of ties within series Va,Vb.

1in the programming language R, the average is taken

13
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Beside correlation coefficients, t-values between two sequences can be measured. A
t-value can be interpreted as a kind of non-normalized similarity value. There are mul-
tiple variants of statistical tests from which t-values can be used, but they all work
similar to the common Student’s t-test for two samples [22, pp. 533-534]. Howsoever,
for the Hollstein t-Value first the Hollstein Wuchswerte1 have to be defined. A Wuch-
swert is the change in the growth from one point (e.g. ring-width) to the next one in a
sequence of points [40].

Definition 2.2.2.4 (Hollstein Wuchswerte)
Given a series of values V = v1v2...vK, the sequence of Hollstein Wuchswerte is

G = g1g2...gK−1

with gi = ln
(

vi

vi+1

)
as a single Hollstein Wuchswert.

That Wuchswert is necessary to remove growth trends. It can happen that the average
ring-width value for multiple sequences is growing over time and such tendencies have
to be removed. Given this definition for Hollstein Wuchswerte, the Hollstein t-Value as
in Def. 2.2.2.5 can be defined [20].

Definition 2.2.2.5 (Hollstein t-Value)
Given series of Hollstein Wuchswerte Ga = ga1g

a
2 ...g

a
K−1 and Gb = gb1g

b
2...g

b
K−1 for series

of values with length K, the Hollstein t-Value is

t(Ga,Gb) = ρ
(
Ga,Gb

)
·

√
K − 2

1− ρ
(
Ga,Gb

)2

with ρ
(
Ga,Gb

)
as the Pearson Correlation Coefficient from Def. 2.2.2.1.

So that means to compute the Hollstein t-Value, both sequences of points have to be first
transformed into sequences of Hollstein Wuchswerte. And then on these Wuchswerte,
the t-value has to be calculated. In literature it is stated that in most situations for
computation of t-values at least about 25 values within the sequences are necessary [20;
22, p. 534]. However, this is only a recommendation. Further, it has to be mentioned
that the formula for the t-value was stated differently in other literature [41, p. 94].
There, also the denominator 1− ρ

(
Ga,Gb

)2
is under the root.

1Wuchs: ger. growth and -wert: ger. value, whereas -werte is used for the plural
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2.2.3 Quality and Reliability

To decide which of the presented approaches in the Results chapter leads to the best re-
sults, different quality measures have to be introduced and reliability values have to be
defined. So what is the difference between both terms? A reliability value tells the user
how sure an algorithm is about a given solution, for example a single predicted date.
Whereas, a quality measure helps to evaluate an algorithm e.g. the mean, variance and
the median are typical quality measures for a rank distribution. As mentioned before
(look Ch. 2.2.2), for generated scores, i.e. distances, ranks can be computed. These
are necessary to decide about the quality of an approach. For future work and to avoid
a confusion with the existing variants for the variance and median formulas, both were
stated below as they were defined for plots in the Results chapter.

Definition 2.2.3.1 (Variance)
The variance for a set of ranks R = {r1, r2, ..., ru} is

Var(R) = 1
u− 1

u∑
i=1

(ri − r̄)2

with r̄ as the (non-robust) mean of the ranks in R.

Definition 2.2.3.2 (Median)
The median for a set of ranks R = {r1, r2, ..., ru} with r1 ≤ r2 ≤ ... ≤ ru is

median(R) =
{
ru+1

2
, u odd

1
2(ru

2
+ ru

2 +1) , u even .

The first reliability measure is the so-called ∆ Score. Scores are distances (see Ch.
2.2.1) in this case which are generated between a sample S and a subsequence Si from
a chronology C at a certain position. The subsequence Si is just a sample extracted
from the chronology, such that Def. 2.2.1.5 or Def. 2.2.1.6 can be applied to generate
a distance-score.

Definition 2.2.3.3 (∆ Score)
Given the set of generated distance-scores SC

S = {ς1, ς2, ..., ςN−K+1} between a sample S
of length K and a chronology C of length N , the lowest score ς̂1 = min

(
SC

S

)
and the

second lowest score ς̂2 = min
(
SC

S \ {ς̂1}
)
, the corresponding ∆ Score is

∆ Score = ς̂2 − ς̂1.

Analogously, a quality measure called ∆ Peak can be defined. That is the weighted
average distance between the two highest peaks in a histogram. What is the weighted
average? A problem in a histogram approach is that there can be multiple bars with
the same height. Such bars had to be considered somehow in the calculations. The
idea here is to measure first the count-difference i.e. height-difference between the
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biggest and the second biggest peak and then divide this value by the number of bars1

having the same count as the second biggest peak. But what can be done if there is
no second-rank-prediction, so a second bar? In this case the difference to zero is mea-
sured, since it can be assumed in this case that it exists another bar with a count of zero.

Definition 2.2.3.4 (∆ Peak)
Given a set of histogram-counts H = {η1, η2, ..., ηu}, the highest η̂1 = max

(
H
)
and the

second highest count η̂2 = max
(
H \ {η̂1}

)
, then the corresponding ∆ Peak is

∆ Peak =


η̂1−η̂2
countH(η̂2) , u ≥ 2
η̂1 , u = 1

where u is an arbitrary number of bars and countH a function which counts how often
the passed argument can be found in the set H.

Alternatively, to the first described quality measure, in the literature often so-called
p-values [18, pp. 387-389] can be estimated on a distribution generated from a set of
scores. The used distributions are not important for understanding and distributions
were therefore only generally introduced (Def. 2.2.3.5).

Definition 2.2.3.5 (Cumulative Distribution Function)
The Cumulative Distribution Function FZ(ς) under a continuous random variable Z is
defined by

FZ(ς) = Pr[Z ≤ ς] =
∫ ς

−∞
f(q)dq

where f is a probability density function and Pr[Z ≤ ς] the probability for Z ≤ ς.

Necessarily, the Empirical Distribution Function [22, p. 208] has to be defined, too.
This is a function which returns the number of scores up to a given value ς.

Definition 2.2.3.6 (Empirical Distribution Function)
The Empirical Distribution Function F̂M(ς) for scores ς1, ς2, ..., ςM is defined by

F̂M(ς) = 1
M

M∑
i=1
1ςi≤ς

where

1ςi≤ς =
1 , if ςi ≤ ς

0 , else

is an indicator function [47, p. 482].

1each bar represents the number of votes for a single year
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Together with the Cumulative Distribution Function, a goodness of fit selection statistic
can be defined to check how well a distribution fits to the observed data. The common
approach is to look if the Kolmogorov-Smirnov [15, p. 7] statistic supς |F̂M(ς)− FZ(ς)|
is below or equal to some critical value cλ,M .

Definition 2.2.3.7 (Kolmogorov-Smirnov Test)
The Kolmogorov-Smirnov Test is the following test

sup
ς
|F̂M(ς)− FZ(ς)| ≤ cλ,M

with supς |F̂M(ς) − FZ(ς)| as the Kolmogorov-Smirnov statistic, sup as the supremum,
M as the number of scores and cλ,M as the so-called critical value, whereas λ is the
significance level. FZ(ς) and F̂M(ς) were defined in Def. 2.2.3.5 and Def. 2.2.3.6.

Critical values cλ,M can be computed exactly with a procedure found in [17]. However,
current implementations do not implement this procedure, but use different approxi-
mation techniques. After the right distribution was found, it is possible to compute
p-values as defined in Def. 2.2.3.8 for measurement of reliability.

Definition 2.2.3.8 (Left, One-Tailed p-Value)
Given a continuous random variable Z, the left p-value returns the cumulative proba-
bility from the left end of a distribution up to a certain score ς and it is defined by

p = FZ(ς) =
∫ ς

−∞
f(q)dq

where f is a probability density function and FZ(ς) the corresponding cumulative dis-
tribution function (Def. 2.2.3.5).

So the Left, One-Tailed p-Value returns the probability of having values of the random
variable Z that are equal or lower some value ς. So ς is some score, and one asks what is
the probability of getting an equal or lower score. If that probability is now under some
by experience determined threshold λ, known as the significance level, then one knows
that the value is with high probability not the product of chance. At this point often,
the null hypothesis H0 and the alternative hypothesis H1 are introduced. That means,
the p-value is used to support some hypothesis, e.g. the p-value is often defined by
Pr[Z ≤ ς |H0]. But this is not of any importance and was therefore omitted. To work
with p-values, a distribution has to be selected and for the lowest ς-value, the p-value
has to be calculated, to see if it is a product of chance or not i.e. to check whether it is
significant (whether the H1 hypothesis seems to be true). Density function parameters
of the distribution can be calculated by a Maximum Likelihood Estimation. This is an
approach to estimate the unknown parameters e.g. here the standard deviation and the
expected value of a model, here a distribution. It fits the best model for given data1.
After model-fitting, p-values can be computed.

1this can be done for example with the optim command in the programming language R [15, p. 1]
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3 Approaches and Evaluation

3.1 Data Acquisition
3.1.1 Datasets

The dataset contained 56 chronologies (Def. 2.1.2.5) extracted from Norway spruces
(Picea abies) felled in the Swabian Ostalb in Germany at an average altitude of about
658 meters. The dataset was generated by measuring the density along multiple direc-
tions of a stem disc from the pith to the bark [3; 4] with High-Frequency Densitometry
[39; 50]. The for example eight measured series of density-profiles were then aligned
for each year with MICA (see Ch. 2.1.2) and per year one Consensus-Profile was built.
Therefore, before an alignment (Def. 2.1.2.3), a conversion into normalized profiles
(Def. 2.2.1.1) was made and afterwards the warping of that normalized profiles was ap-
plied on the final profiles. These were interpolated to k = 100 x-axis equidistant points
and stored as the final dataset in form of a table (*.csv-format) similar to the one in
Tab. 3.1.1.1. The density values were given in form of gravimetric density (see Ch.
2.1.2). One difficulty was that the years were not consecutive in all files, so there were
years without a profile. All MICA-parameters used to compute the Consensus-Profiles
together with a short description for the dataset can be found in the Appendix (see Ch.
5.1.1).

year GD

1992 2.016
1992 2.433
1992 2.881
1993 2.043
1993 2.383
... ...

Table 3.1.1.1 Minimal schematic structure of a density-profiles file. A column for
the year and a column for the corresponding gravimetric
density-values, whereby a series of density-values for the same year
corresponds to a single profile.

The final dataset had in total 2881 profiles available spread over the years 1879-2004.
But the first 37 years were deleted since they had only one profile per year1 what pre-
vented to select samples from these years because then at these positions no data would
be available in the chronology. For the analysis, it was also evaluated how much the
profiles from the same year are differed and how many outliers were contained within
the same year. Therefore, box-plots were created and these were plotted below a his-
togram for the number of profiles within a year (Fig. 3.1.1.1). The Mean-Distance

1there was one exception and that was the year 1914 which had two profiles, so 38 profiles were deleted
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(Def. 2.2.1.4) for each profile within a year was measured and these distances were
plotted into the lower of both plots. In the beginning, around the year 1916, no outliers
were mentioned i.e. there were no red-dots. There were also just a few Mean-Distances
measured as can be seen. More profiles have led also to more outliers as it could be
observed by comparing the years 1916 up to 1960 with 1960 up to 2004 within both
plots. Most measured Mean-Distances were around 0.2 and 0.4, but a few were around
0.6 or had an even higher value.

Ring-widths were given in terms of the number of density measuring points i.e. the
per year numbers of density measuring points, from for example eight directions on a
stem disc, were added together and then divided by eight. Besides that, a dataset for
maximum densities of profiles was created by extraction of the maxima in the given
per-tree consensi profiles. The resulting dataset was stored in the same format as the
ring-widths on the hard-drive for a fast reloading.

Figure 3.1.1.1 Histogram for the profiles and their Mean-Distances range from 1916
to 2004. In each year the profiles were counted and plotted in a
histogram. All pairwise distances between profiles of the same year
were calculated for the computation of Mean-Distances (Def. 2.2.1.4).
These Mean-Distances can be seen in the lower diagram. The red
dots are representing outliers.
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3.1.2 Generation of Samples & Chronologies

One goal was to find out if cross-dating with density-profiles could work in general. So
chronologies and samples were created. For this purpose, given the per-tree consensi,
ring-widths and maximum densities from Ch. 3.1.1, 50 samples of length 10 i.e. 10 con-
secutive years were uniformly extracted at random using the R programming language.
In the trimmed set i.e. without the 37 first years were 2843 profiles or ring-widths
(or maximum densities) with their years (Ch. 3.1.1), but only 2329 were available to
extract length-10-samples1. After an extraction up to 500 profiles, ring-widths and
maximum densities from the 2329 available were removed, so about 50·10

2329 ≈ 21.5% of for
the extraction available data was used as a test-set, what is a common value for statis-
tical approaches [28]. From the remaining profiles and characteristics, different types of
master chronologies were computed (see Ch. 2.1.2). For averaging the ring-widths and
maximum-densities of a year, Tukey’s Biweight Robust Mean estimation was used (Def.
2.1.1.2). The whole procedure was repeated five times. So new master chronologies to-
gether with new samples were extracted and the results of searching these samples
within the different types of chronologies were summarized in the following sections.
Length-5 and length-1-samples were generated from the length-10-samples by simple
sample-splitting to avoid any recomputations and to make results better comparable
with each other. So with length 5, the number of samples was nearly doubled (dupli-
cates were removed) and with length 1 the number of samples was about tenfold. Also,
new test-sample sets for length 15 with new chronologies were created. For length-15-
samples in each pass 33 samples were extracted and 7 passes were done to get more or
less the same total number of samples as with length-10-samples using 5 passes.

3.1.3 Discussion

Ring-widths were given as mean-numbers of measuring-points but this was not a prob-
lem, since the measuring points were equidistantly distributed and so the mean numbers
are in relation to the real ring-widths. Also, the differences in the widths were very
high i.e. a ring-width could have the value 69 and the next width could have the value
102. So even if there would be more decimal places, it wouldn’t help in any way since
neighboured ring-widths were already well distinguishable.

A test-set with about 50 samples is comparatively small. Such that, to make reliable
statements about the used methods in the following sections, the extraction of samples
and chronology-computation were repeated multiple times. Something similar to a 5-
fold cross-validation [21] was applied. Instead of dividing into multiple fair test-sets
e.g. sets which were extracted uniformly over all data, it was allowed to have sample
test-sets with overlapping elements. This was not a problem since the results for the
five test-sets were computed independently on five different chronologies. It was also
not possible to just use more samples because the test-set had only a limited number
of profiles or years. The given dataset contained the density-profiles for 126 years
(1879-2004) from which only 89 were utilizable to extract samples.

1last 9 years couldn’t be used to extract length-10-samples & not all files had consecutive years
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3.2 Points-Based Approaches
3.2.1 Methods

It is of interest how an approach is performing against currently established approaches.
Therefore, as reference, correlation coefficient and t-value based approaches have been
analyzed first [41]. The computed samples of length 10 i.e. with 10 widths or maximum
densities per sample (see Ch. 3.1.2) were shifted along the five chronologies (Def.
2.1.1.1). Schematically the shifting is visualized in Fig. 3.2.1.1. For each shift of the
sample a correlation coefficient or t-value was computed and stored. All such values
generated with a shifted sample were put in a list which was then sorted in a descending
order. Each coefficient or score got by this a rank within the list. The highest score
got rank 1, the second highest got rank 2 and so on. The produced score in the correct
start-year of a sample was extracted and the calculated rank of that was used to assess
the prediction quality. Calculated ranks of all samples are shown in Fig. 3.2.2.1 up
to Fig. 3.2.2.4. Tested were different correlation coefficients and t-values which were
described under Ch. 2.2.2.

Figure 3.2.1.1 Calculation of correlation coefficients or t-values for each year. A
sample is shifted along a chronology to compute a similarity-value for
each start-year of a window. The sample and the subsequence from
the chronology are highlighted with a red box.
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3.2.2 Results

Given the mean, the variance (Def. 2.2.3.1) and the median (Def. 2.2.3.2) of the ranks,
it was recognizable that the t-value (t) has led to the best results in Fig. 3.2.2.1, since
from all three distributions, its distribution was the one with the highest number of
low ranks. In this approach 28% of the test-samples were correctly ranked. For this
approach now, the length dependant behaviour was determined which can be recognized
in Fig. 3.2.2.2. It was obvious that for longer ring-width sequences, the ranks were
decreasing i.e. the prediction got easier. From 231 test-samples under length 15, overall
128 (≈ 55.4%) were correctly ranked, and 184 (≈ 79.7%) were under the top 5.

Figure 3.2.2.1 Violin plots of 250 sample-ranks with ring-width series of length 10.
The formula for the Pearson Correlation Coefficient (ρ) can be found
in Def. 2.2.2.1. For Kendall (τ) it is described in Def. 2.2.2.3, for
Spearman (%) in Def. 2.2.2.2 and for t-values (t) in Def. 2.2.2.5.

Figure 3.2.2.2 Violin plots of the sample-ranks under ring-widths for the t-value (t)
with test-series of lengths 5, 10 and 15.
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Afterwards the per sample cross-dating and ranking procedure was repeated with max-
imum densities of profiles. The results can be seen in Fig. 3.2.2.3. Overall it could be
recognized, that all four methods have profited significantly by the usage of maximum
density values from profiles. Best results were achieved by the Pearson Correlation
Coefficient (ρ). 112 out of 250 test-samples (= 44.8%) were correctly ranked, and 193
(= 77.2%) were in the top 5. For the Pearson Correlation Coefficient again a plot for the
length-dependency was created (Fig. 3.2.2.4). The results were very good, especially
for length-15-samples. Out of 231 test-samples, 169 (≈ 73.2%) were correctly ranked,
and 220 (≈ 95.2%) were in the top 5 of ranks. For the other three methods, the number
of top and correctly rated samples was lower (data not shown). Additionally, results
under the Gleichläufigkeit-value can be found in the Appendix Ch. 5.2.

Figure 3.2.2.3 Violin plots of 250 ranks with maximum density series of length 10.

Figure 3.2.2.4 Violin plots of the sample-ranks under maximum densities for the
Correlation Coefficient (ρ) with test-series of lengths 5, 10 and 15.
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3.2.3 Discussion

The ranking results from the pure ring-width based approach were not bad at all (Fig.
3.2.2.1). This may result from the differences within a sample i.e. the value from one
year to the next one varies strongly (see Ch. 3.1.3). Interesting was that the maximum
densities had led to the best results under the Pearson Correlation Coefficient (ρ) and
not the rank based coefficients. Presumably the reason, therefore, was the length of the
chronology (with only 89 years, it was very short). In [11], it was also stated why series
of maximum densities perform that good. Maximum Densities of profiles often have
a very high correlation to the temperature. That means the computed chronologies
should be more stable. So even in this small density-based approach with a single value
from the density-profile, ring-widths have been outperformed. How it will look like, if
next the whole profiles are compared?
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3.3 Consensus Approach
3.3.1 Methods

Instead of applying cross-dating on series of points i.e. on ring-widths and maximum
densities, it was now applied on series of density-profiles. The profile-samples of length
10 computed during the Data Acquisition (see Ch. 3.1) were shifted profile-wise along
their consensus-chronologies and a score i.e. a distance was computed for every position
of a sample within the master chronology. For that distances between every profile of
the sample and every profile of a consensus window at the current sample-position i.e.
start-year were calculated and summed up as a final score (Def. 2.2.1.5). Schematically
this shifting is visualized for a sample of length 3 in Fig. 3.3.1.1.

Figure 3.3.1.1 Schematic profile-wise shifting. A sample of length 3 is shifted along
a profile Consensus Chronology (Def. 2.1.2.5) of length 6 and at each
start-year a distance for a window of profiles from the chronology is
computed.

Different distance-calculation techniques were applied to assess the similarity between
Consensus-Profiles and sample-profiles. For each test-sample, the distance for the cor-
rect position in the master chronology was stored and the rank of that distance within
all computed distances between the sample and the master chronology was calculated.
That means all distance-scores produced with a sample were put into one list and this
list was sorted in ascending order. And the last position of the named distance in the
list was then stored as the rank. Practically it did not happen even once that two
times the same score appeared within the produced scores, since the probability for
that was very low because floating-point numbers have too many digits. Thus, the
described procedure was analogous with the determination of the predicted rank of a
sample start-year. But to avoid any problems in the first place, it was returned all
positions having the correct score and the last position was used as the final rank. The
computed final ranks from all five Consensus Chronologies (see Ch. 3.1) were then put
together and displayed as violin-plots.
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Consensus Chronology How exactly such consensus master chronologies have been
computed? To this end, for all profiles from the same year, not contained in one of
the about 50 test-samples, the normalized profiles were computed (Def. 2.2.1.1) and
aligned. Maximally 24 normalized profiles of a bucket were aligned at the same time
for a Consensus-Profile to reduce the computation time and problems with MICA.
Because of the huge number of profiles, it could happen that two points got the same
x-coordinate in the consensus. If that happened, MICA stopped with an error. This
sometimes occurred already with about 30 profiles. So the maximum number of profiles
for alignment was set to 24, to avoid such problems in any case. How the 24 profiles were
chosen to preserve the variance within a bucket at least to some extent? Therefore, the
Mean-Distances (Def. 2.2.1.4) on normalized profiles (see Ch. 2.2.1) within a bucket
has been computed. The 12 profiles with the lowest and the 12 profiles with the highest
produced Mean-Distance were added to a new bucket of profiles. After an alignment,
the computed warping of the aligned normalized profiles’ x-coordinates was applied
on the final profiles and their Consensus-Profile was calculated as in Def. 2.1.2.4.
Individual Consensus-Profiles have been then concatenated to get a consensus-curve
for all years. For the computation more or less the same parameters as in the per
tree consensus computation were used (see Appendix Ch. 5.1.1). The only real change
was that the parameter for the number of samples was increased because more curves
have been used for an alignment. It was also looked on the average Mean-Distances of
all profiles from a year before and after the alignment. So the Mean-Distances (Def.
2.2.1.4) for all profiles within a year were added up and then the sum was divided by
the number of profiles in the given year. Some average distances have fallen, and some
have risen after the alignment, fairly independent of the made MICA-settings but that
was even the case for the computed per tree consensi from the given dataset. Because
of the mentioned error and in the hope to make more distances fall, different MICA-
parameters were tested out on a small subset of years to circumvent the problems. That
led to the parameters which can be found in the Appendix Ch. 5.1.2.
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3.3.2 Results

As a result of different tested distance-calculation techniques, violin plots were created
(Fig. 3.3.2.1). The normalized methods, here APDN (c) and SAPDN (d), had the low-
est medians and the highest number of top-rated samples around rank 1. Concretely 79
test-samples for APDN (c) and 70 test-samples for SAPDN (d) were correctly ranked.
Therefore, they were plotted for different series-lengths 1, 5, 10 and 15 since it was
now of major importance to find out which lengths of density-series were datable with
the given methods (Fig. 3.3.2.2 and Fig. 3.3.2.3). Therefore, the samples from 3.1
together with their corresponding Consensus Chronologies were used. It was clearly
recognizable that both approaches performed better with longer samples. APDN (c)
was slightly better compared to SAPDN (d). With length-5 test-samples 94 out of 495
were correctly ranked instead of only 82 correctly rated test-samples. For length 15,
the difference was even more better recognizable, 121 out of 231 test-samples compared
to 104 correctly rated test-samples. Also, using APDN (c) has led to 159 test-samples
within the top 5 using length-15-samples.

Figure 3.3.2.1 Violin plots of 250 sample-ranks with profile series of length 10. The
formula for Average Point-Distance (a) can be found in Def. 2.2.1.2,
whereas the Slope-Based Average Point-Distance (b) is described in
Def. 2.2.1.3. To transform into normalized profiles Def. 2.2.1.1 was
applied on the y-values of the profiles.
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Figure 3.3.2.2 Violin plots of sample-ranks under the Average Point-Distance on
normalized profiles (c) with series of lengths 1, 5, 10 and 15.

Figure 3.3.2.3 Violin plots of sample-ranks under Slope-Based Average
Point-Distance on normalized profiles (d) with series of lengths 1, 5,
10 and 15.

28



3 Approaches and Evaluation 3.3 Consensus Approach

Figure 3.3.2.4 Profiles and their consensus. On the left a subset of different
non-aligned profiles and on the right their consensus (see Ch. 2.1.2)
computed by MICA, reflecting their shape. Two very different
profiles on the left were marked bold.

During the master chronology computation, a problem with the Consensus Approach
became recognizable which can be seen in Fig. 3.3.2.4. The consensi did not represent
well enough the curves from which they were built.

3.3.3 Discussion

It was observed, that the results from normalized methods APDN (c) and SAPDN (d)
were very similar to the results from the ring-width based dating (compare Fig. 3.3.2.1
with Fig. 3.2.2.1). Even the best violin plot or distribution from the Ring-Width
Approach was better i.e. the mean and the variance were significantly lower, and the
median had a lower rank. For length 15, there was a similar problem, the Ring-Width
Approach has led to better results. There, 128 test-samples were correctly ranked us-
ing t-values compared to 121 correctly rated test-samples using APDN (c) (see Ch.
3.2.2). The bad performance of the Consensus Approach was even better recogniz-
able by looking on the top 5. In the Consensus Approach, the best method APDN
(c) had only 159 test-samples within the top 5 compared to 184 test-samples in the
Ring-Width Approach with t-values. And that not enough, cross-dating of maximum
densities has led to much better results than cross-dating with ring-widths. There, the
Consensus Approach was completely inferior, regardless of the fact that the Consensus
Approach works with much more data. In the Points-Based Approach with maximum
densities, already under length 10, 112 out of 250 test-samples were correctly ranked.
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Compared to only 79 under APDN (c) in the Consensus Approach. For length 15,
169 test-samples were correctly ranked under the Pearson Correlation Coefficient with
maximum-densities. How could this be possible? The reason therefore is the variance
within a bucket (Fig. 3.3.2.4). So if one looks on the individual profiles from which a
single consensus or average profile is built, one can see very different curves. And if now
a consensus is built over all these curves, information is lost i.e. the consensus does not
represent precisely enough the shape of the curves. Other reasons are presumably the
measured noise within profiles, as well as partially the mentioned MICA-bug.

Results computed during the ranking would presumably be better without the MICA-
bug. To reduce the problems with that bug as best as possible, the Mean-Distances
(Def. 2.2.1.4) of profiles to all remaining profiles in a bucket were measured. By this
very similar and very different profiles got into the same final bucket of profiles with
maximally 24 profiles. There were used 24 profiles and not for example only 20 profiles.
The reason was that with already 30 profiles the bug sometimes happened. And the
goal was to avoid for certain the bug but also to use as many profiles as possible for the
consensus-computation. First, only the distance from one selected profile to all other
profiles was measured. The 12 profiles producing the lowest and the 12 profiles produc-
ing the highest distances were inserted into the same bucket, but then the calculations
were repeated and all profiles considered because lots of outliers were contained within
the profiles as it can be seen in Fig. 3.1.1.1 by the red dots. It was possible that the
selected one profile would be an outlier and then it would be very different to all profiles
in the bucket, what could possibly lead to a worse representation of the variance within
a bucket1.

It was recognizable in all approaches that the ranks got better, the longer the series was
i.e. the rank-concentration around rank 1 became higher as it can be seen by comparing
length 1 with length 15 (Fig. 3.3.2.2). A made expectation was that APDN (c) and
SAPDN (d) would perform better than the two methods APD (a) and SAPD (b). Since
there the same methods have been applied under the usage of normalized profiles (Def.
2.2.1.1). So if the y-ranges of two profiles having the same shape, had different value
ranges and thus the slopes too, after the normalization this problem was resolved. That
was shown by the violin-plots of APDN (c) and SAPDN (d) which had better medians
than APD (a) and SAPD (b) in Fig. 3.3.2.1. Besides that, it was expected that the
longer the sample-length is, the lower the produced ranks for the test-samples should
be. More correctly matched profiles lead to lower scores for the correctly matched
samples with respect to all scores. This assumption seems to be correct at least for
samples between lengths 1 and 15 (Fig. 3.3.2.2 and Fig. 3.3.2.3). Howsoever, after a
comparison with the distribution for the Pearson Correlation Coefficient in Fig. 3.2.2.4,
it can be said that the new Consensus Approach does not lead to any improvement.

1personal communication with Dr. Martin Raden
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3.4 Per-Tree Approach
3.4.1 Methods

The Consensus Approach has not improved the results with respect to the Points-Based
Approaches (see Ch. 3.3.3) presumably due to the mentioned variance problem. So a
new approach was tested out which should solve this problem. Therefore, this time, it
was not compared against a single Consensus Chronology but against the individual per-
tree consensi from which it was build. That means in each year multiple final distances
were computed for a sample and from all these distances, the minimum was chosen as
the final distance for the given year. So it was shifted not along one chronology, but
multiple as it can be recognized in Fig. 3.4.1.1.

Figure 3.4.1.1 Schematic profile-wise shifting. A sample of length 3 is shifted along
the chronologies of multiple trees. Windows of profiles are only
extracted from chronologies in which at the given position enough
consecutive profiles (red marked) exist.
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The problem in this approach was to find an appropriate data structure which allows
fast access and a low memory consumption. A trivial tactic would be to compute the
scores for each chronology separately. But in this case, it would be hard to extend the
approach for dynamic creation of subsamples of the test-sample in the case that there
are gaps within the chronologies against which a distance is computed. Another data
structure for this problem could be to have 56 arrays for the 56 per-tree consensi, each
of length 80 for the here shifted length 10-samples. But even this structure would be
problematic, since then up to 560 check-ups would be necessary for each length-10-
sample at each position in the set of chronologies. The reason is simple, each profile
would have to do 56 checks-ups for each year, to test if there is a profile at the given
position or a gap. The series as stated in Ch. 3.1 are not always consecutive, especially
because of the extracted test-samples. So how the final structure looked like? The
first two thoughts were not well applicable for a possible dynamic extension. That
is why each chronology got an own start-year and an end-year, but also an index for
the current position within the chronology. Non-consecutive years together with their
corresponding profiles were stored sequentially as lists. That decreased the number
of check-ups significantly. As soon as a sample start-year was within the range of a
chronology i.e. within the years in which the chronology contains profiles (between
start- and end-year), it was activated and only then the above mentioned check-ups
were necessary. The number of check-ups could be reduced, since non-consecutive years
were stored sequentially one after another. For example, it was possible that after 1970,
directly the profile for 1989 would come. It was just necessary to look if the difference
between the extracted start-year in the chronology and the extracted last year plus
one, in the case of length-3 test-samples, is three (Fig. 3.4.1.2). Therefore, not more
than two check-ups were necessary1. The same approach was executed on Points-Based
Approaches. So instead of samples with profiles, corresponding maximum-densities and
ring-widths were shifted along chronologies.

Figure 3.4.1.2 Extraction testing for length-3 samples. A sample of length 3 should
be extracted at two positions. At the first test-sample position, an
extraction would fail due to a gap, since the calculated
year-difference plus one is too high. But at the second position it
works since difference plus one is exactly 3.

1and a check-up for reaching chronologies’ right bounds
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Extended Approach The longer a sample, the higher is the probability that for a given
year, the score is not computable. Since in a certain range of years it could be the case,
that there are not enough consecutive years within the different chronologies i.e. there
could be gaps between years as it can be seen in Fig. 3.4.1.2. But if the test-sample
would for example be splitted, then one half could be tested against one chronology and
the other half could be tested against another chronology. So each length-10 test-sample
was subdivided into two, five or ten equally sized subsamples. These subsamples were
then shifted one after the other along the chronologies and the corresponding scores
reached with the individual parts were summed up for each start-year. That means
for each part the minimum-score was computed and then these minimum-scores were
summed up. For example, a length-4 test-sample is positioned at the year 1916 and
it was divided into two equally sized parts, then a score is computed for the first part
and for the second part starting in the year 1918. These two scores are summed to get
a final score for the year 1916.

3.4.2 Results

The results with this new approach were very promising as it can be seen in Fig. 3.4.2.1,
since the distributions in the violin plots have shown many rank 1 rated samples. Due
to the fantastic results for APDN (c), 136 out of 250 samples correct and a median of 1,
again violin plots for different lengths of series (Fig. 3.4.2.2) were created. For samples
of length 5 around 59.4% were in top 5 ranks, whereas about 36.4% had actually rank
1. And for length 15, already about 84.8% of the samples were in the top 5. The
results of executing this Per-Tree Approach on maximum densities can be seen in Fig.
3.4.2.3. All four methods have shown more or less the same results, but the Pearson
Correlation Coefficient had the highest number of correct ranked test-samples, 119 out
of 250 test-samples were correctly rated.

Figure 3.4.2.1 Violin plots of 250 sample-ranks with profile series of length 10.
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Figure 3.4.2.2 Violin plots of sample-ranks using Average Point-Distance on
normalized profiles (c) with series of different length.

Figure 3.4.2.3 Violin plots of 250 sample-ranks for maximum-density series of length
10.
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Figure 3.4.2.4 Number of correctly rated samples for 250 test-samples of length 10.
It was used different numbers of subsamples in the Per-Tree
Approach. No split (whole sample), two subsamples, five and ten
subsamples (individual profiles) were considered.

Figure 3.4.2.5 Number of correctly rated samples for 231 test-samples of length 15.
No split (whole sample), three subsamples, five and fifteen
subsamples (individual profiles) were considered.

The results of splitting length-10-samples into two length-5, five length-2 and ten length-
1 subsamples can be seen in Fig. 3.4.2.4. For APDN (c) 147 out of 250 samples were
correctly ranked using two subsamples, whereas 172 test-samples were ranked in the
top two. For SAPDN (d) similar results were reached using 10 subsamples. Also,
147 were correctly rated and 180 within the first two ranks. In the top 5 were even
194 (= 77.6%). The approach was also executed for length-15-samples using different
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numbers of subsamples (Fig. 3.4.2.5). The means and the variance became amazingly
low for five subsamples. It was reached a variance of 70.84 and a mean of 3.04 using
APDN (c), what has led also to a high number of correct and top-rated samples. 183
(≈ 79.2%) out of 231 samples were correctly ranked, around 85.3% were in the top two
and about 90.9% were in the top 5.

3.4.3 Discussion

A new approach was tried out which has led to some improvement. The results for
length-10-samples as in Fig. 3.4.2.1 were already promising by comparing with Fig.
3.2.2.3 from the Points-Based Approaches. Instead of only 112 correctly rated test-
samples, here in the basic approach even 136 were correctly ranked. Compared to the
Consensus Approach in Ch. 3.3, all four distance measuring methods have benefited
from the new procedure i.e. the medians were up to 7 times lower and the means
about 40% to 50% lower. Especially, the y-based distributions APD (a) and APDN
(c) were extraordinarily good compared to earlier results (compare Fig. 3.4.2.1 with
Fig. 3.3.2.1). In the Consensus Approach, the method APDN (c) had only 79 (see Ch.
3.3.2) correctly ranked test-samples. But why the Consensus Approach performed that
badly compared to the new approach? The problem was the variance within the profiles
from the same year as already shown in Fig. 3.3.2.4. This variance had disturbed the
computed consensus of the profiles. Determined length-dependent results (Fig. 3.4.2.2)
were also compared against the results from the last approach (Fig. 3.3.2.2). The mean
and the variance have roughly been halved for lengths 5, 10 and 15. It could also be
recognized that the median was overall lower than in the last approach. So the new
approach has totally outperformed the first made approach which based on the idea
of the Points-Based Approaches. Unfortunately, there was no significant improvement
in the per-tree maximum-density approach compared to the previous results of the
pure Point-Based Approaches (compare Fig. 3.4.2.3 with Fig. 3.2.2.3), the number of
correctly rated test-samples was only slightly improved from 112 to 119. For length-15
maximum-density series and ring-width series this approach was also tested, but showed
no improvements with respect to earlier results of pure Points-Based Approaches, such
that these results were omitted.

The extension has led to a higher number of correctly and top-rated test-samples. Espe-
cially for a subsample-size of around five or below1, the number of correctly ranked years
was optimally (Fig. 3.4.2.4 and Fig. 3.4.2.5). But this Extended Approach was gener-
ally as implemented not well applicable, since it was assumed here that samples have
a fixed length like 10. In this case the sample could be easily subdivided into equally
sized subsamples, but what could be done for samples with non-divisible lengths like
length 11? Here, it would be necessary to subdivide into non-equally sized subsamples.
The other problem is still the gaps. If there is at least one profile per chronology-year,
and one always subdivides test-samples into length-1-samples, a score can be computed.
Else it cannot be guaranteed. That finally leads to the next approach called the Bucket
Approach which does this length-1-sample subdivision.

1two subsamples for length 10 or three subsamples for length 15 36
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3.5 Bucket Approach
3.5.1 Methods

Measuring Quality As seen in the last approach, by comparison with multiple trees
it is possible to improve the results significantly due to a better variance handling within
a year (see Ch. 3.4.3). Now, instead of subdividing the test-sample, it is done the other
way around and the individual chronologies are subdivided into single profiles per year
which are all put in buckets (see Ch. 2.1.2). That simply equals the special case of
the Per-Tree Approach in which it is subdivided into individual profiles. So for each
test-sample profile, it is checked against all profiles from all chronologies within a year.
Therefore, a Buckets Chronology (Def. 2.1.2.6) is used. In Fig. 3.5.1.1, it can be seen
schematically how the bucket-wise computation works. The shifting is analogous to the
previous approaches of profile-wise shifting. Samples are shifted along the chronology
and for each position a score is computed. Therefore, sample-profiles are pair-wisely
compared with buckets i.e. scores are computed as in Def. 2.2.1.7. That means, be-
tween every sample-profile and each corresponding profile in the bucket a distance is
computed and then from all these generated distances, the minimum is selected. All
profile-wise or bucket-wise minimum distances are then added together to build a final
distance for a given start-year.

Figure 3.5.1.1 Schematic profile-wise shifting. A sample of length 3 is shifted along
a Buckets Chronology of length 6. To compute a distance for a
specific start-year, every sample profile is compared with each profile
from the corresponding bucket.

So far, the scores created with the individual sample-profiles were simply added up to
create a final score for a given year. Now also, alternative strategies were investigated, to
learn more about this new procedure and the data. Therefore, the summation-function
Σ was replaced (see Def. 2.2.1.6) with the max- and min-function. Why exactly these
two functions? The assumption was that the final score is more dependent from the
highest subscore or lowest subscore within a list of minimum scores.
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Also, it was checked from how many profiles of different trees, the rank-1-rated test-
samples constructed their final distance-score. So instead of storing scores for test-
samples at each year in the chronology, the corresponding number of trees was stored.
By this, for length-10-samples accordingly values between 1 and 10 are derived, since
every profile can come from a different tree.

Measuring Reliability In Ch. 2.2.3 different reliability measures were formally de-
scribed. They tell how sure the algorithm is about a given solution. It was now checked
if they are suitable at all for the reliability measurement. First, ∆ Scores (Def. 2.2.3.3)
were checked. Therefore, the differences in the scores of rank 1 predictions and rank
2 predictions for length-10-samples were examined. For each of the 250 samples from
the five passes (see Ch. 3.1.2) the rank 1 prediction scores and the rank 2 prediction
scores were computed. Then for these two lowest scores the difference was plotted to
recognize how well the ∆ Scores work.

As a second approach, p-values were computed on score-distributions (Def. 2.2.3.8).
This is an established approach used to measure reliability [7]. The distance-scores from
each year generated during sample-shifting were collected. Then, three different distri-
butions were tested concerning their fitting to the scores. Tested were the Log-Normal
Distribution, the Gamma Distribution and the Weibull Distribution. Why exactly
these distributions were selected? Within the histograms of the score-distributions,
the outliers were mostly positive (Fig. 3.5.2.10). So the histograms were asymmetric
and with respect to [13], in this case these three distributions should be tried. But to
decide which distribution was actually best capturing the empirical score-distribution,
the Kolmogorov-Smirnov statistic (Def. 2.2.3.7) as well as other statistics and criteria
available in the fitdistrplus package were considered for all three distributions.

For the finally chosen distribution, p-values were computed. The lowest distance-score
was used as a threshold (Def. 2.2.3.8). That means, the p-value was computed up to
the minimum distance-score ς̂1 (Def. 2.2.3.3) to test the significance of that score with
respect to the entire distribution.

3.5.2 Results

Quality For length-10-samples the results of this new approach are shown in Fig.
3.5.2.1. It was also looked on the number of correct and top ranked samples (Tab.
3.5.2.1) because visually there were no large differences anymore between the different
violin plots. This way, the best method was recognized which was in this case SAPDN
(d). For that 147 samples, so 58.8% were correctly ranked. Further, alternative strate-
gies to the simple addition of minimum scores (Fig. 3.5.2.2 and Fig. 3.5.2.3) were
investigated. These are choosing the maximum or minimum out of these minimum-
scores. Compared with the results from the min-function, the rankings were clearly
better by choosing the max-function. The parameters like variance were lower. Never-
theless, the overall performance was worse than by choosing the summation-function.
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Method APD (a) SAPD (b) APDN (c) SAPDN (d)
Total Rated
Samples 250

Rank
1 98 144 140 147
2 19 26 17 33
3 14 10 10 4
4 11 7 5 5
5 11 3 5 5
> 5 97 60 73 56

Table 3.5.2.1 Values of distribution for the first five ranks of the methods a)-d). The
formula for the Average Point-Distance (a) can be found in Def.
2.2.1.2, whereas the Slope-Based Average Point-Distance (b) is
described in Def. 2.2.1.3. To transform into normalized profiles Def.
2.2.1.1 was applied on the y-values of the profiles.

Figure 3.5.2.1 Violin plots of 250 sample-ranks under a Buckets Chronology with
series of length 10.
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Figure 3.5.2.2 Violin plots of 250 sample-ranks under a Buckets Chronology with
series of length 10 and func = max for the computation of the final
score (Def. 2.2.1.6).

Figure 3.5.2.3 Violin plots of 250 sample-ranks under a Buckets Chronology with
series of length 10 and func = min for the computation of the final
score.

Finally, length-dependency of this approach was examined, length-5 test-samples were
ranked (Fig. 3.5.2.4). The median-ranks were around the value 3 for three of the four
methods. The method SAPD (b) has shown the highest number of top-rated samples,
concretely 317 (≈ 64%) out of 495 were in the top 5 from which 168 had rank 1. For
samples with length 15, the results can be seen in Fig. 3.5.2.5. From 231 test-samples,
172 (≈ 74.5%) were correctly ranked and overall 203 (≈ 87.9%) were under the best
five ranks.
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Figure 3.5.2.4 Violin plots of 495 sample-ranks under a Buckets Chronology with
series of length 5.

Figure 3.5.2.5 Violin plots of 231 sample-ranks under a Buckets Chronology with
series of length 15.

The number of trees from which the minimum-score for rank-1-rated test-samples was
build using method SAPDN (d) can be seen in Fig. 3.5.2.6. In the figure, it was clearly
recognizable that most scores were generated with the profiles from seven or eight trees.
But, did this also hold for test-samples which were rated not with rank 1 (Fig. 3.5.2.7)?
For this samples, it was a little more flattened. However, there was still a significant
increase around seven and eight trees.
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Figure 3.5.2.6 Number of profiles from different trees in the rank-1-rated samples.
250 length-10-samples were shifted along a master chronology and
with the Slope-Based Average Point-Distance (d) on normalized
profiles, scores were computed. But it was stored the corresponding
number of trees from which the scores were generated.

Figure 3.5.2.7 Number of profiles from different trees in the non-rank-1-rated
samples.

Reliability To see, how well ∆ Scores (Def. 2.2.3.3) are applicable as a reliability
measure, the ∆ Scores of the 250 length-10 test-samples were mapped on the x-axis
of a scatter-plot (Fig. 3.5.2.8). On the y-axis, the corresponding correct rank of the
sample was mapped. The higher the ∆ Score, the lower were the ranks. An example,
starting at a ∆ Score of about 1, most ranks to the right of 1 were rated with rank 1.
This proves, ∆ Scores can be used as a reliability measure. Such plots were computed
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for all four tested distance methods and their results were very similar, but SAPDN (d)
has shown the best results i.e. the bad rated samples were not spread that much along
all available ∆ Scores and this was also measurable. Therefore, the hundred samples
having the highest ∆ Scores were examined. From this hundred samples, 91 had rank 1
using SAPDN (d), whereas for the other methods this number was lower (Tab. 3.5.2.2).
Actually, SAPDN (d) was also the method, which has shown the best ranks in Tab.
3.5.2.1. A second plot was created which only indicated how often rank 1 predictions
had actually rank 1 for different ∆ Scores. Therefore, on the y-axis the answer on the
question Is rank 1? was plotted, so TRUE and FALSE were plotted on this axis and on the
x-axis once more the ∆ Score was plotted (Fig. 3.5.2.9). There, in the lower plot, the
trend was recognizable that with higher ∆ Scores, the tendency to have a rank-1-rated
test-sample increases.

Method APD (a) SAPD (b) APDN (c) SAPDN d)

Rank 1 Rated 66 86 89 91

Table 3.5.2.2 Number of rank-1-rated samples within the samples having the
hundred highest ∆ Scores. The formula for Average Point-Distance (a)
can be found in Def. 2.2.1.2, the Slope-Based Average Point-Distance
(b) is described in Def. 2.2.1.3.

Figure 3.5.2.8 Ranks for the Slope-Based Average Point-Distance (d) and their
corresponding differences in the scores. The second lowest and lowest
generated score were selected and the ∆ Score (Def. 2.2.3.3) between
both were computed and mapped on the horizontal axis. The
corresponding predicted rank for the sample was plotted on the
vertical axis.
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Figure 3.5.2.9 Measuring the trend for rank 1. The value -1 equals FALSE and the
value 1 equals TRUE. The upper plot shows how the length-10-samples
were rated. In the second plot below the truth-values from the first
plot were averaged in ranges of 8

9 ∆ Score-units and corresponding
averages were set into ranges’ centres.

Furthermore, p-values were tested as an established reliability measurement. Therefore,
first different distributions were tested for their suitability to the per-year generated
distance-scores of a sample. The Weibull Distribution has led to the worst results here
because it couldn’t capture the maxima correctly (Fig. 3.5.2.10). And the Gamma
Distribution and the Log-Normal Distribution led to nearly identical fittings. The
Log-Normal fitted always better than the Gamma and the Weibull Distribution. On
the Log-Normal Distribution the Kolmogorov-Smirnov Test was applied and from 250
length-10-samples, 89.6% have passed the test under a significance level λ of 5%. The
Gamma Distribution has reached 84.4% in the same test and the Weibull Distribution
only 32.8%. So the test said that the Log-Normal Distribution is the best model for
the given scores. This Log-Normal Distribution was then used to derive p-values. The
results can be seen in Fig. 3.5.2.11. In that plot, it was recognized, that p-values
around 1% and below are significant enough to increase the confidence for a solution.
To compare with the first approach (Fig. 3.5.2.8), it was again looked on the hundred
best ranked samples. From the ones with the lowest hundred p-values, 88 had rank 1.
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Figure 3.5.2.10 Fitting of different distributions to the generated per-year
distance-scores.

Figure 3.5.2.11 The ranks for the Slope-Based Average Point-Distance (d) and the
corresponding p-values. It was measured the left-sided p-values
(Def. 2.2.3.8) from minus infinity up to the minimum score ς̂1.
These were mapped on the horizontal axis, whereas the ranks were
mapped on the vertical axis (compare with Fig. 3.5.2.8).
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3.5.3 Discussion

The mentioned variance problem discussed in Ch. 3.3.3 (see Fig. 3.3.2.4) was solved
by selecting the minimum-distance in each bucket. So for each profile in a bucket, a
distance-score was computed by comparison with a test-sample profile and then from
all that scores, the minimum was selected. The idea behind this operation is to select
the most similar profile in a bucket and to compute with that the distance, so in order
to avoid selecting an inappropriate profile that does not fit to the test-sample profile.
Alternatives to the summation of these minimum-scores were also tested. By this, it
was shown that especially the minimum function func = min (Def. 2.2.1.6) leads to
very bad results compared to the results of the maximum function func = max. So the
highest values in a list of minimum-scores were more important than the low values.
But how this knowledge could be used to improve the results was another question.
Different approaches were tested, however, nothing has led to any improvement.

Some results of the Bucket Approach were also discussed in Ch. 3.4.3. The performance
for length 1 can already be recognized in the length-dependency comparison from Fig.
3.4.2.2 of the Per-Tree Approach and method APDN (c). For length-5-samples in the
Per-Tree Approach around 59.4% were in top 5 ranks with the best method APDN (c)
(Fig. 3.4.2.2). The best method from the new approach SAPD (b) had for length 5
around 64% top 5 rated samples. However, APDN (c) had more correctly rated samples
in the Per-Tree Approach, concretely about 36.4% instead of around 33.9%. Probably,
this was just the case because of the variance i.e. the Per-Tree Approach should not have
generally more correctly rated samples, it also depends on the used data. Comparing
with APDN (c) in the Per-Tree Approach for length 10, there was an improvement
of 4.4% (Tab. 3.5.2.1), since in the Per-Tree Approach only 136 test-samples were
correctly ranked. For length 15, there is Fig. 3.5.2.5. SAPDN (d) had there about
87.9% samples ranked in the top 5 compared to 84.8% with the Per-Tree Approach best
method APDN (c) (see Ch. 3.4.2). But with subdivision, even the Bucket Approach has
been outperformed on length-15-samples (Fig. 3.4.2.5). By division into five length-3
samples, the Per-Tree Approach reached about 79.2% correctly rated samples instead
of only ~74.5%. But the difference in the top 5 was not high, the Per-Tree Approach
reached about 90.9%. The reason, therefore, was a lower mean and a lower variance for
the rank distributions i.e. the violin plots. The mean was about 40.3% below the mean
of the Bucket Approach and the variance was about 56.3% lower by comparison with
subdivision into length-3-subsamples. But additionally, the Bucket Approach has also
solved the problem mentioned in Ch. 3.4.3 with gaps. That means, if one gets a score
for a start-year with the Consensus Approach, then it is also possible to generate a score
with the Bucket Approach, but this is not generally true for the Per-Tree Approach.
Howsoever, the Bucket Approach was also compared to Points-Based Approaches. For
length-15-samples the Points-Based Approaches using maximum-densities were superior
to the Bucket Approach. In the top 5, the Points-Based Approach reached 95.2%. But
for length-10-samples, the results were again inferior to the ones of the Bucket Approach.
There, the Points-Based Approach maximally reached 112 (= 44.8%) instead of 147
(= 58.8%) correctly rated test-samples.
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Two approaches for a reliability measurement were tested, but which one was better
now? The statistics i.e. the applied rule of thumb to look on the hundred best reliabil-
ity values and measure how many samples have rank 1 showed very similar results for
both approaches. The p-value approach showed 88 rank-1-rated samples by applying
the rule, whereas the ∆ Scores approach showed 91 rank 1 samples within the hundred
best. But with more generated scores i.e. longer chronologies the p-value approach
would probably outperform the ∆ Scores approach, since it contains also information
about the distribution. So with more per-year generated scores, one should presumably
trust more the p-values. But due to the short chronology, it made sense to output both
∆ Scores and p-values, since both deliver a criterion with which one can decide to trust
or not to trust a solution.

What are now the drawbacks and benefits of the new method with buckets? The new
method is slower compared to earlier methods, since instead of comparing a sample-
profile only against e.g. one Consensus-Profile, the sample-profile has to be compared
against every profile in a bucket. But the advantage, compared to the Consensus Ap-
proach in Ch. 3.3, is that no time-consuming computation for a Consensus Chronology
is necessary anymore in a pre-processing. A second drawback is the memory consump-
tion, which is of course higher since the chronology contains buckets of profiles instead
of single profiles. Also, it could be a problem how the variance problem is handled
now. Probably if there will be too many profiles in the buckets or if the chronology
much longer then the approach could become unstable i.e. the results could get worse.
Why should this be the case? The reason is, if there are more profiles in a bucket than
the probability is high to get a very similar profile in the bucket for a profile in the
test-sample.
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3.6 Two-Step Approach
3.6.1 Methods

The Points-Based Approaches are very fast, but the results are behind those of the slow
Bucket Approach. The following Two-Step Approach combines both approaches to get
an overall fast and precise algorithm (Fig. 3.6.1.1).

Figure 3.6.1.1 Combination of Points-Based Approaches with the Bucket Approach.
a) a sample of points is shifted along a chronology to compute
correlation coefficients, or t-values for each start-year (see Ch. 2.2.2),
b) multiple start-years with the highest correlation coefficients /
t-values are returned, c) the corresponding windows of buckets are
extracted given the start-years and only on these windows the Bucket
Approach is executed.
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First a classical Points-Based Approach is applied i.e. ring-width and maximum-density
samples are searched within a chronology. Then, a number of top rated positions i.e.
years with the highest correlation coefficients, or t-values, is stored. Then for these
top-years, the Bucket Approach is applied by extracting the corresponding windows
of buckets at the given positions. So in the Buckets Chronology only these top rated
start-years are checked. Again, the ranks of the correct scores of samples are evaluated
(see Ch. 3.3.1). The found ranks are plotted into a histogram. Violin plots were not
used since the number of years is limited and a direct comparison with other approaches
is not possible.

3.6.2 Results

The number of years that should be passed by the Bucket Approach was limited. There-
fore, different numbers of years returned by the Points-Based Approaches were tested
and finally the number was fixed to twenty years. But why exactly twenty years were
checked? With twenty years the highest number of top 5 rated test-samples was reached
as can be seen in Fig. 3.6.2.1. 83.6% of the test-samples were in the top 5 and there was
also a high number of correctly rated samples, here 69.6%. The number of correctly
rated samples could be increased up to 70.8% by selecting to return 17 years, but then
the number of top rated years was lower. 25 returned years were not an option since in
that case the number of correct years has significantly decreased (data not shown).

Figure 3.6.2.1 The different number of returned years by the Points-Based
Approach (using maximum densities) and the corresponding number
of top 5 rated test-samples in the Two-Step Approach. There has
been used length-10-samples to create this diagram and the
Slope-Based Average Point-Distance on normalized profiles (d) as the
distance method in the second step.
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Figure 3.6.2.2 Two-Step Approach rank-histogram for 495 length-5-samples. After
applying the Points-Based Approach under the Pearson Correlation
Coefficient (ρ) (Def. 2.2.2.1) and storing the 20 best years per sample,
the Slope-Based Average Point-Distance on normalized profiles (d)
was applied only on these 20 years to create a histogram of the ranks.
On the first five bars, the absolute numbers were written.

Figure 3.6.2.3 Two-Step Approach rank-histogram for 250 length-10-samples. In the
first step the Pearson Correlation Coefficient (ρ) and in the second
step the Slope-Based Average Point-Distance on normalized profiles
(d) was applied. On the first five bars, the absolute numbers were
written.
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Figure 3.6.2.4 Two-Step Approach rank-histogram for 231 length-15-samples. In the
first step the Pearson Correlation Coefficient (ρ), in the second step
the Slope-Based Average Point-Distance on normalized profiles (d)
was applied.

Using maximum densities in the first step to limit the number of years for the Bucket
Approach has led to about 43.8% correctly rated length-5-samples and about 67.5%
test-samples in the top 5 (Fig. 3.6.2.2). Therefore, the Slope-Based Average Point-
Distance on normalized profiles was used which has already shown good results with
the Bucket Approach (see Ch. 3.5.2). For length-10-samples, the results were even
better (Fig. 3.6.2.3). Here, 69.6% were correctly ranked and 83.6% were in the top
5 ranks. With length-15-samples the results were also very good (Fig. 3.6.2.4). 208
(≈ 90%) out of 231 test-samples were under the top 5. From which 181 (≈ 78.4%) were
correct. Using ring-widths with the t-value method in the first step has led to similar
results. 65.6% were correct and 81.6% were in the top 5 ranks using length-10-samples
(data not shown). The approach was also much faster than the Bucket Approach,
50 length-10-samples were processed in about 1 minute and 17 seconds. Therefore, the
runtime was measured five times with length-10-samples to get a representative average
value. The same was repeated using the Bucket Approach. On average, it needed 4
minutes and 39 seconds.

3.6.3 Discussion

The Two-Step Approach was compared with earlier results from the Bucket Approach
(see Ch. 3.5.2). For length-1-samples an execution of the approach was not possible
since the correlation coefficients need at least two values i.e. length-2 samples. With
length-5 test-samples, 43.8% were correctly rated, whereas with the best method SAPD
(b) of the Bucket Approach, 33.9% of the test-samples were correctly ranked. The
number of correctly rated test-samples with the Bucket Approach using length-10-
samples was 58.8%, so 10.8% lower than with this new approach. For length-15-samples,
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the difference was not that big anymore, only an improvement by about 4% was reached.
But why the results got better compared to the Bucket Approach? The first step in
the Two-Step Approach can be seen as the application of a heuristic. That heuristic
provides an approximate solution which is then further refined by applying the Bucket
Approach. The returned dates or years from a Points-Based Approach contain with a
high probability the correct date since means and variance in such approaches are very
low (see Fig. 3.2.2.4). If now the Bucket Approach is applied on the filtered subset of
potential candidates of correct dates, it can find the correct date due to a high accuracy.
Howsoever, this technique with applying a fast approach in the first step and a slow
procedure in the second step, is very common in computer science. So far, it can be
said that the Bucket Approach was superseded by the Two-Step Approach which is
significantly faster and more precise. Thus, it is up to now from all tested approaches
the most accurate one.
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3.7 Voting Approach
3.7.1 Methods

Measuring Quality Finally, also, a statistical approach was tested which based on
the procedure with buckets. First a very simple algorithm is introduced for this purpose
(Fig. 3.7.1.1) that doesn’t promise to show any improvement. But it is the basis for a
more complex one which could even be able to outperform the Bucket Approach. Here,
again a sample is shifted along the Buckets Chronology, but instead of computing a
single score for the whole sample for a specific year, all scores created with the sample
were stored separately. This is similar with setting the function “func” in Def. 2.2.1.6
to an order preserving identity function i.e. the scores should be returned in the order
they’ve been created from left to right to get the depicted score-table (Tab. 3.7.1.1).

Figure 3.7.1.1 Profile-wise start-year voting for a sample of length 3 and a Buckets
Chronology of length 6. Each sample-profile votes for a start-year to
build afterwards a histogram and select a winner, i.e. the most
promising year for the whole sample.

Start-Year of Sample Profile 1 Profile 2 Profile 3

1 0.17 0.16 0.21
2 0.22 0.18 0.34
3 0.19 0.32 0.32
4 0.3 0.33 0.2

Table 3.7.1.1 Corresponding exemplary score-table for the sample of length 3 and
the chronology of length 6 in Fig. 3.7.1.1. Each line represents the
produced scores from a single shift i.e. the scores generated with
individual profiles from a sample S and a bucket subsequence SB

i in
the start-year i. Lowest scores which led to vote for a start-year were
italicized.
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In order to avoid any misinterpretation, Tab. 3.7.1.1 represents in each line a single
shift! So the italicized value 0.16 for the second profile was created when sample-profile
2 was compared against the profiles from year 2 in the chronology. And analogous
the value 0.21 for the third profile was created. So the third profile in the sample was
compared against the year 3 in the chronology. In the four shifts, sample-profile 2 is
only compared against years 2 up to 5 and profile 3 is compared against years 3 up to
6. The scores from these comparisons are then stored one below the other to simplify
voting for a start-year. As can be seen in Fig. 3.7.1.1, it was voted two times for year 1
and ones for the year 4 by profile 3. That was the case because the profiles have reached
their lowest distance-scores in that start-years (compare with Tab. 3.7.1.1). Howso-
ever, the samples which were used for comparisons had all the length 10. The tables
stored for each sample had eleven columns (ten score-columns plus the year-column).
These tables were then used to compute histograms. Therefore, the ten best years from
each of the ten score-columns were calculated i.e. the column-values were sorted in
ascending order and then the sorting was applied on the unsorted years. The ten first
years in each of these sortings were then used to compute a histogram. So in this case
all 100 years were taken and a histogram was calculated for each test-sample. Thus,
with respect to figure 3.7.1.1 each profile has voted for ten and not only for one year.

Afterwards, for each generated histogram a so-called peak-rank for the correct sample
start-year was computed. So analogously to the last approaches, now instead of the
correct score, the correct start-year of a sample was taken and its peak-rank was looked
up in the histogram. How was the peak-rank calculated? The frequency of the correct
sample start-year was identified. Then all histogram bars were sorted depending on
their frequency value in a descending order and the index1 of the last bar with the
correct start-year-frequency was used as the peak-rank. Sometimes the correct year of
a sample was not contained in the corresponding histogram, such a sample is called
an outcast. The peak-rank-distributions are not directly comparable with the rank-
distributions that were computed in the last approaches due to the outcasts, such that
now histogram-plots were created instead of violin-plots.

Extended Approach Information given by the individual profiles and their combination
to small subsets shouldn’t get lost. How could this be incorporated? Given the per year
scores as in table 3.7.1.1, for every subset of sample-scores in a row, a new column with
the sum was computed. They idea behind this was that profiles should also be able
to decide together. For them it should be possible to give together a single vote, and
this was realized by building common scores. So for a length-5-sample, one gets a new
table with 25− 1 different sums per row. For each of the 31 columns, the year showing
the minimum sum was identified. But these 31 years were not all equally important.
The score or sum build by a length 5 subset, i.e. a score from 5 summands, is more
important than the value from a single profile. So the selected year with the minimum
distance-score from a length 5 subset was counted 5 times. Length 4 subset years were
counted 4 times and so on. By this the corresponding histogram altogether gets 80
votes (Tab. 3.7.1.2).
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Subset-Length i 1 2 3 4 5
Subset-Length Frequency

(
5
i

)
5 10 10 5 1

Total Votes ∑5
i=1

(
5
i

)
· i 80

Table 3.7.1.2 Table for the computation of the final number of votes within a
histogram in the Extended Voting Approach under a length-5-sample.
The entries of both rows have to be multiplied and then the products
have to be summed up to get a final number of votes which equals 80.

But the problem with looking only at the best year in each column has led again to
a loss of data e.g. the rank 2 predictions were not considered for each column. Such
that as in the first, simple Voting Approach multiple years were considered. Per column
between one and four years were tested. And another, so-called double weighted variant
of the approach was created. That means, dependent on the predicted rank, years were
counted differently i.e. length 5, five times if it is a rank 1, and if it is rank 2, four
times and so on. So the years were now also weighted by their ranks within a column
and not only by their (sub-)sample-length.

The Extended Approach was also checked for length-10-samples, but due to the assumed
high computation time for length 10 there was a problem. For length 10 there were
namely 210 − 1 = 1023 score-columns and from each the best years had to be selected,
the ones with the lowest scores. So a minimum length had to be introduced to omit an
exponential runtime i.e. all 1023 columns could not be looked through, so the number
of columns was reduced to 56 columns. How were these 56 columns chosen? Only
column-combinations for length 8, length 9 and subsamples of length 10 were built.
This has led to

(
10
8

)
+
(

10
9

)
+
(

10
10

)
= 56 columns. Similarly, this procedure was repeated

on length 15 test-samples. So again, only the three longest subsample-lengths were
considered and this has led to 121 columns.

Measuring Reliability Next it was checked how suitable the new approach is for
reliability measurement. Therefore, ∆ Peaks (Def. 2.2.3.4) were computed with the
highest and second highest peaks. It could happen that all votes have gone to the same
year, especially in the extended variant which considered combinations of scores. If that
happened, one had to measure the difference to zero (see Ch. 2.2.3) for the singleton
bar i.e. the second case in the ∆ Peak-formula had to be applied (Def. 2.2.3.4). But
due to visual aesthetics, these singleton bars or counts were considered separately and
not included into the plot.
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3.7.2 Results

Figure 3.7.2.1 Outcast example for a sample with the length 10. The histogram was
computed for the tree sample 721 / 1958-1967 under the usage of a
Buckets Chronology (Def. 2.1.2.6). The start-year 1958 (marked with
a red arrow) was not in the histogram.

Quality One of the histograms used for rating in the simple, first approach can be
seen in Fig. 3.7.2.1. Such a histogram contained exactly 100 votes or counts, since
100 (10× 10) values were taken to create it. Per profile of a length-10-sample, the ten
years with the lowest produced distance-scores were selected to create that histogram.
And as it can be seen in that plot, the test-sample was an outcast since the correct
start-year (here 1958) of the sample was not contained in the histogram.

In figure 3.7.2.2 the results for the simple Voting Approach are shown. Here, SAPD
(b) outperformed the other methods, since for all three top ranks it showed higher
values and also for rank 5. APDN (c) was the second best, and the method APD (a)
performed worst. Afterwards, the results from the extended variant were evaluated.
First, the length-10-samples (Fig. 3.7.2.3) were tested. This time SAPDN (d) became
the best. In the top two ranks were more test-samples than in the other three methods.
Concretely, 147 had rank 1 and there were 24 test-samples for rank 2.
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Figure 3.7.2.2 Histograms of sample-ranks with the simple Voting Approach using
series of length 10. The formula for the Average Point-Distance (a)
can be found in Def. 2.2.1.2. For the Slope-Based Average
Point-Distance (b), the formula is described in Def. 2.2.1.3. The
transformation into normalized profiles can be done using Def.
2.2.1.1.

Figure 3.7.2.3 The ranks in the top 5 for length-10 test-samples with the Extended
Voting Approach using l = 1 selected years per column and minimum
subsample-length 8. In total, the ranks for 250 test-samples were
determined, exactly 56.4% up to 75.2%, dependent on the used
method, were in the top 5.
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Figure 3.7.2.4 The ranks in the top 5 for length-15-samples under the Extended
Voting Approach with l = 1 selected years per column and a
minimum subsample-length of 13. In total, the ranks for 231
test-samples were determined, about 70.1% up to ~84.4%, dependent
on the used method were in the top 5.

The tests were repeated for length-15 test-samples. The results with the best parameter
l were plotted (Fig. 3.7.2.4). Here, SAPDN (d) showed overall the highest number of
correctly rated samples, 171 had rank 1 (≈ 74%).

The next results were generated for length-5 test-samples. It was first used l = 1 top-
years i.e. one year per column was selected. SAPD (b) has delivered the best results,
about 32.9% of the solutions were correct and about 54.9% within the top 5 ranks. And
so for method SAPD (b), different numbers of top- years were tested. Higher numbers
have led for length-10 and length-15 to a worsening in the results, such that a plot
was only created for length-5-samples (Fig. 3.7.2.5). That plot was made to recognize
which parameters deliver the best results. By this an optimum for l = 2 selected top-
years could be recognized. However, the results were below the ones of the pure Bucket
Approach as can be recognized by the green line.

As stated before, also a double weighted variant was implemented. So again, different
values for the top-years were tried (Fig. 3.7.2.6). The method SAPD (b) was again the
best one for two selected top-years as in the first improved approach without double
weighting. But overall the results have shown no improvement with double weighting.
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Figure 3.7.2.5 The method Slope-Based Average Point-Distance (b) in the first five
ranks for different numbers l of top-years and series-length 5. The
green line shows the corresponding ranks with the Bucket Approach
(see Ch. 3.5) which was tested before.

Figure 3.7.2.6 The Slope-Based Average Point-Distance (b) drawn for the first five
ranks using different numbers l of top-years, series-length 5 and
double weighting.
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Reliability Next, reliabilities were measured as in Ch. 3.5.2. As usual in machine
learning [28], TRUE was encoded with value 1 and FALSE with value -1. The question if a
sample has rank 1 was mapped on the y-axis, and the weighted average (Def. 2.2.3.4) of
the differences between first and second rank bars was mapped on the x-axis. The whole
mapping is analogous to the mappings in the ∆ Score-plots (Fig. 3.5.2.9). Important to
mention is that outcasts get in this plot a Rank 1 Tendency of -1. The Extended Ap-
proach with length-10 test-samples and method SAPDN (d) (one top-year) was used.
As said, there were also cases in which all sample-lengths have voted for the same year.
These samples were not mapped into the plot due to a high ∆ Peak-value. The Rank
1 Tendency for these test-samples was around 0.47, 28 from 38 samples had rank 1
(compare with Fig. 3.7.2.7).

Figure 3.7.2.7 Measuring the trend for rank 1. The value -1 equals FALSE and the
value 1 equals TRUE. The weighted difference i.e. ∆ Peak was
measured. This difference was plotted on the x-axis. On the upper
plot it can be seen how length-10-samples (represented as rectangles
or dots) were rated and on the second plot below the trends within
ranges of 25 ∆ Peak-units can be recognized.

60



3 Approaches and Evaluation 3.7 Voting Approach

3.7.3 Discussion

First the results between the simple and extended variant (see Fig. 3.7.2.2 and Fig.
3.7.2.3) are discussed. In the extended variant, method SAPDN (d) became the best,
same as in the Bucket Approach (see Ch. 3.5.3), whereas in the simple approach,
method SAPD (b) has shown best results. Overall the extension has led to a signifi-
cant improvement. The question was why the first approach performed badly and the
extension made it so much better? There are two main-reasons, one is that with consid-
eration of several top-years many wrong years were added into the histogram as noise.
And the other reason is that it can suddenly happen that there appear multiple bars
in the histogram of same height which are not distinct (compare with Fig. 3.7.2.1). So
how can the right one be chosen? This is not generally possible. It was chosen always
the last one. That means, the correct start-year was identified and its corresponding
count i.e. the bar height, was stored. Then all bars were sorted in descending order
and the last position of this named correct height within all sorted bars was used as the
rank. The reason, therefore is that it cannot be distinguished between the different bars
of same height. This problem with scores did not exist in the pure Bucket Approach
since the probability for two equal scores was fairly low i.e. in the previous approaches
the year with the lowest scores could be selected because all scores were unique.

The basic idea of the improved version was now to avoid any information loss. And the
only real difference to the first simple approach was just that a transformed score-table
was used. So for every subset of scores in the original score-table, the column with
the sum was built which led e.g. for length-5-samples to 31 score-columns as has been
shown before. Now there might arise the question why don’t build for example the
summed scores of all 31 columns and select there the best year? It is simple, for a set
of score-columns {c1, c2, ..., cK} of the original score-table, the corresponding summed
scores column would have the following form 2K−1(c1 +c2 + ...+cK) since every column
element ci appears 2K−1 in the transformed score-table with 31 columns. That means,
the only thing which would happen is that the individual columns of the original table
would be added up and multiplied by some factor. This would again lead to a Bucket
Approach similar algorithm, since the best years from one column of scores would be
selected, as before.

For length-10-samples the Extended Approach was too slow, such that the approach
had to be restricted, only the most promising three lengths for samples or subsets were
considered. But the results were behind those of the Bucket Approach. With the new
approach, the number of rank 1 rated samples was more or less equal, but the number
of top rated samples within the best five was about 5% lower (compare Fig. 3.7.2.3 with
Tab. 3.5.2.1). The Bucket Approach was even slightly better for length-15 test-samples
i.e. there were more top ranks, for method SAPDN (d), 203 (≈ 87.9%) from 231 ranked
samples were in the top 5 and with the new approach only 193 (≈ 83.5%) samples. So
there was a decrease by about 4%. The Bucket and thus also the Two-Step Approach
have outperformed this new approach.
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It was also tried to find a reliability measure, but the trend was not particularly evident
in the curve (look Fig. 3.7.2.7) unlike with the ∆ Scores approach (Fig. 3.5.2.9). There
was only a slight increase with higher ∆ Peaks which made it hard to make reliable
statements. The curve was first below zero and then it rose up and continued around
0.125, until it was finally around 0.25. This was expectable since the majority of the
samples in the plot had rank 1, exactly 119 from 212 shown samples. But there were
also 38 not represented samples from which 28 had rank 1. So the difference within
the second and the first prediction helped in the case in which it was voted for a single
year. In all other cases the difference was not helpful. The computation of p-values as
in Ch. 3.5.1 did not make sense, since the number of different values was often too low
i.e. the number different counts was not high enough to estimate reliable distributions.
Also, the critical value in the applied Kolmogorov-Smirnov Test (Def. 2.2.3.7) was
approximated, but the approximation did only work with thirty or more values [19].
That means a correct fitting of a distribution to the given values was not possible.
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3.8 Overview of Approaches
In previous chapters new algorithms were developed and extended. Now, the results
from these approaches should finally be compared side by side against each other to get
a better overview on the strengths and weaknesses of these algorithms.

3.8.1 Length Dependency

The number of correctly rated samples was evaluated, so test-samples which were
rated with rank 1 during the sample shifting along the chronologies were counted (Fig.
3.8.1.1). In all methods, it was apparent that with a higher test-sample size, the number
of correctly rated samples has increased. And it was recognized that using maximum
densities, the Points-Based Approach could even outperform the Two-Step Approach
for higher sample-lengths, since its curve is growing faster. Curves from only five and
not all seven approaches were plotted, since the not plotted curves intersected with the
curves from the Bucket Approach. That means, it was difficult to distinguish the curves
from each other. But it was also created a second plot in which the top-five ranks for
all approaches were shown (Fig. 3.8.1.2). So it was counted how many test-samples got
a rank of five or below. Here now again using maximum densities, the Points-Based
Approach attracted the attention, about 95.2% of the samples were rated within the
best five ranks for length-15-samples. That was about 5.2% above the results of the
Two-Step Approach. So overall it can be said that the Two-Step Approach is the best
approach for short sample lengths, among others. However, using maximum densities
the Points-Based Approaches provide good alternatives for length 15 and above.

Figure 3.8.1.1 Number of correctly rated samples summarized for different
test-sample-lengths. The Slope-Based Average Point-Distance on
normalized profiles (d) is defined with the help of Def. 2.2.1.1 and
Def. 2.2.1.3. ADPN (c) is defined with Def. 2.2.1.1 and Def. 2.2.1.2.
The Pearson Correlation Coefficient (ρ) is defined in Def. 2.2.2.1.
The t-value (t) is described in Def. 2.2.2.5.
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Figure 3.8.1.2 Number of top 5 rated samples summarized for different lengths of
test-samples. The Slope-Based Average Point-Distance on normalized
profiles (d) was used, as well as the Average Point-Distance on
normalized profiles (c). But also, the Pearson Correlation Coefficient
(ρ) and t-values (t). The Two-Step Approach was executed using
maximum densities in the first step and SAPDN (d) in the second
step.

3.8.2 Runtime Comparison

Further, computation times for the different approaches were compared to identify the
approach with the best performance i.e. the one which has the most satisfactory runtime
with respect to an increase of top rated samples (see Ch. 3.8.1). Therefore, the same
50 length-10 test-samples were used for each of the approaches, namely the samples
extracted in Ch. 3.1. For the Points-Based Approaches, the corresponding ring-widths
and maximum densities of length 10 were used instead of profiles. Each approach was
executed five times and the average runtime of all five test-runs was then displayed in
Fig. 3.8.2.1. The runtime for the shifting of samples along the chronology and the
runtime for the extraction of predicted dates from score-tables were mapped into the
same plot. This splitting was important to make the bottlenecks better recognizable
within the different approaches.

It could be shown that the extraction of dates has only played a role in the Extended
Voting Approach. For other algorithms this extraction needed far below one second and
was not even recognizable in the overall runtime. The Extended Voting Approach had
the problem of generating a big score-table which contained a column with the sum for
every subset of scores from the original score-table. From each of these columns, then
the best year had to be extracted for a histogram. But this is unfortunately a very slow
procedure as can be recognized (Fig. 3.8.2.1). Thus, the whole procedure is about 2900
times slower than Points-Based Approaches. However, the first part of the algorithm
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Figure 3.8.2.1 The runtimes of the different approaches for dating 50
length-10-samples. Darker colored is the extraction of the right dates
(only visible in the Voting Approach). The Slope-Based Average
Point-Distance on normalized profiles (d) was used, as well as the
Average Point-Distance on normalized profiles (c). The Two-Step
Approach was executed using maximum densities in the first step and
SAPDN (d) in the second step.

is pretty similar to the Bucket Approach. Only the function “func” had to be replaced
with an order preserving identity-function (Def. 2.2.1.6). That explains, the similar
runtimes of both approaches in the first part i.e. the sample-shifting. Overall also
comparing with Fig. 3.8.1.2, it can be said that the Two-Step Approach is considering
the advantages over using density-series, the best approach, since it is about four times
faster than the Bucket Approach and its results up to 10% better (see Fig. 3.8.1.1).
Also, it is apparent that presumably the Two-Step Approach won’t be necessary for
lengths greater than 15. The reason for this are the Points-Based Approaches which
should reach similar results for that lengths using maximum densities.
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4 Conclusion

4.1 Achievements
With this thesis five new algorithms for cross-dating of density-profiles were introduced
and finally summarized in an overview. The overview has shown the runtimes and
the efficiency, i.e. the number of top and correctly ranked test-samples of the ap-
proaches. Also available with this thesis is a R interface that allows to test each of
these approaches (see Appendix Ch. 5.3). The new Bucket Approach showed some ad-
vantages and disadvantages compared to the earlier Points-Based Approaches. A first
advantage compared to Points-Based Approaches is that with new available per-tree
data, the master-chronology has not to be recomputed. But this was no problem at
all with the amount of data in the given chronology, so it can only be considered as a
small advantage. A more important advantage was the higher hitrate of the already
good Bucket Approach, roughly 59% were correct for length-10-samples instead of only
44.8%, due to the usage of intra-annual profile-data. Both approaches combined to the
Two-Step Approach even outperformed the Bucket Approach. This approach executes
a fast Points-Based Approach in the first step to reduce the runtime. It returns the
most promising years for a sample and then the Bucket Approach is executed on these
years. Therefore, the corresponding windows of buckets are extracted. So the number
of tested years is limited. A positive side effect is a higher precision, namely 69.6%
correctly rated test-samples.

After all, the key-question whether density-profiles can be used for cross-dating under
short test-sample lengths can be clearly answered with a “yes”! It is possible to use
density-profiles for cross-dating of short test-samples and it helps to improve the results.
Especially the number of correct solutions could be improved by about 25% for length-
10-samples! However, the extraction of profiles is in contrast more complex compared to
the simple approach of extracting ring-widths, but as mentioned at the beginning, today
automated approaches like the High-Frequency Densitometry [39; 50] exist. So there
shouldn’t be any problems using this new procedure, the Two-Step Approach, in current
research. Additionally, two different reliability measuring methods are available, an
established one, using p-values and a new approach with so-called ∆ Scores. These two
reliability methods were thoroughly tested and showed similar good results. Overall for
each new algorithm data was gathered, results were documented and discussed. When
possible, comparisons were made against available, established approaches. The task to
develop a new, more accurate method which also works precise enough on short samples
could be accomplished and the introduced approaches can already be practically applied
by using the R interface introduced in the Appendix!

4.2 Future Work
At this point it should be clarified how this thesis could be continued? Therefore, in
the next step it is going to be summarized what has been tried so far and what has not
been working. Especially assumptions are going to be made, why something has not
worked as hoped and how it could now potentially be led to a success.
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Boundary Detection in Tree Rings A general problem is the boundary detection of a
tree ring. In this thesis, it was assumed that the data was filtered correctly i.e. that
the boundaries of tree rings were detected correctly. This is a general problem in such
tree ring based approaches. False rings, so mistakenly formed annual rings created
due to certain environmental factors have to be manually recognized and filtered out.
That means such positions with duplicated years have to be deleted somehow before
a density-profile based approach is applied. Also, it can happen that for a position no
density is calculated due to wood damage, for example by parasites. So there is still
research necessary to fully automatize the extraction of density-profiles which are used
for the introduced cross-dating approaches.

Characteristic Years Alternatively to cross-dating with density-profiles or ring-widths,
so-called pointer-years can be checked. That are years in which for most trees in a
certain climatic region, the ring-widths are significantly increased or decreased e.g. a
certain peak within the tree ring widths of multiple trees. As a good example, for a
pointer-year in Germany, the year 2003 could be stated. The hot summer in 2003 has
led in many trees to a significant change within their ring-widths i.e. the corresponding
rings were relatively small. And thus, it was checked, if such years also show distinct
density-profiles. But this was not the case, such that there was unfortunately no benefit
from such years for the new approach possible. Also, it can be said that the Bucket
Approach has not profited at all from any type of characteristic years. Therefore, it was
looked for best and worst ranked test-samples on the maximum-intersection subsets of
the used distance-methods. The test-samples with the ten lowest and the ten highest
distances per method were intersected and it was looked on the correct years of such
samples. So, a back-to-back plot was created, on the one side good rated years and on
the other side bad rated years were plotted. What could be recognized is that the years
with many available profiles were better ranked than the ones with only a few profiles.
Thus, it was concluded that the performance or quality of the Bucket Approach is
depending only by the number of profiles in each year. Such that most likely, one can
only profit from characteristic years if it is gone over ring-widths. Maybe, it is possible
to find a distance function which is considering the profiles and ring-widths at the same
time. Different approaches were considered but nothing was found so far. The problem
is that e.g. the Two-Step Approach can profit from ring-widths and from profiles only
separately i.e. both are not considered at the same time in a single value. But if
the consideration in a single value would be possible than probably also the Bucket
Approach could profit from characteristic years.

Clustering Furthermore, it was checked how buckets are affected by clustering. The
Buckets Chronology has two disadvantages compared to an ordinary chronology. First
the buckets can become huge and thus the runtime can become very high, since every
profile of a bucket is compared with a sample profile. A second problem can be the
variance. For example, if there would be hundreds of profiles in each bucket, then the
probability for a single sample-profile to find a pretty similar profile in each bucket
becomes high due to the high variance between the curves in the bucket. That can
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actually destabilize the approach i.e. make the approach useless. To avoid such prob-
lems, there was the idea to compute clusterings with the profiles in a bucket. Different
clustering algorithms, which were all available in the NbClust package [9] were tested.
Also, the Gap Statistic [45] was implemented to select the right number of clusters.
But the approach in connection with a clustering algorithm was not stable. Presum-
ably, the problem was primarily the clustering algorithm which was finally used, here
k-means. This algorithm is partially randomized and so executing the entire approach
twice leads to different results. About 20% up to 40% of the buckets get the same or a
similar number of clusters and for the remaining buckets the numbers were completely
different, once the profiles were divided into five and the next time into ten clusters.
So what was the problem? One problem was to set the parameters for the clustering
algorithm correctly. The data was relatively high dimensional with a hundred density-
points per profile and accordingly the parameters for the k-means algorithm were set
very high. Multiple restarts and many iteration-steps were used to make the algorithm
converge to a global minimum. But there was a limit, the parameters could not be
set too high, because else the clustering-process took too much time. And overall the
whole procedure was not stable. So it can happen that the Bucket Approach becomes
unstable with more profiles per year or with longer chronologies as already discussed
in 3.5.3. In this case clustering would be necessary. How could this work? A bucket is
clustered and from each cluster one profile can be selected as content for a new bucket
with a limited number of profiles. This was also done with the described unstable ap-
proach and has led to about eight profiles per bucket. The results were pretty similar
to the results in the Consensus Approach, but the runtime was very high. Since the
results with Two-Step were much better anyway, it was not further time investigated.
Presumably a stabilizing effect is already obtained with the Two-Step Approach due
to the usage of an established Points-Based Approach in the first step. Unfortunately,
this can only be proven on longer chronologies and more different data that was not
available for this thesis.

Data The different approaches were tested only with short, gap-free samples. Not
all approaches can guarantee to work correctly if too many samples are extracted.
As an example, the Per-Tree Approach always needs enough data i.e. profiles in the
chronologies or the score for a year cannot be computed. Only about 20% up to 30% of
the profiles can be extracted for testing and the rest has to be used for the chronology.
Already with about 50 to 60 length-10-samples this percentage-number is reached. This
is also the reason why multiple chronologies were computed. The chronologies were very
short and it has to be still looked how these new approaches will behave with longer test-
sample-sizes, longer chronologies, and test-samples that contain gaps. On the given set
it was reasonably no real option to test with longer test-samples, also due to gaps in the
data i.e. the years where not always consecutive within the per-tree data. Nevertheless,
the goal was reached, a new, more precise procedure for samples of short length has been
created. How a procedure could be established which is also working with not gap-free
test-samples? In this case, the first and second piece of a sample could be sent multiple
times as a single, fragmented test-sample through the chronology using different gap-
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sizes. So gap sizes between two up to ten could be tested and the gap-size under which
the test-sample is reaching its minimum could be returned together with the predicted
date. That means, the approaches are executed as usual, but for the positions of the
gap, the score has to become zero. To avoid a significant runtime increase, the first and
the second piece could be sent individually through the chronology. The corresponding
profile-wise scores could be stored separately to avoid a recomputation for different
gap-sizes. If the pieces were sent once through the chronology, and the scores were
stored profile-wise, one can just add up the profile-scores to get scores for different
gap sizes. From the resulting final scores under different gap-sizes one has then just
to select the minima to find the optimal gap-size. This should be the most promising
algorithm. Alternatively, if the sample-pieces are very long, the first piece could be sent
through the chronology and the minimum position could be stored. The same has then
to be repeated with the second piece for all positions right of the first found minimum
position to find an optimal position for the second piece. By this an overall position
for the incomplete sample is found.

Closing Remarks As shown for very short lengths like length 10 and below there
is currently no approach that leads to better results than the Two-Step Approach i.e.
it reaches the highest number of correctly ranked test-samples. Further, it is assumed,
that the Two-Step Approach may not be the best approach for longer chronologies and
longer test-samples. By comparison with the results from the Points-Based Approaches
using length-15-samples (Fig. 3.8.1.2), it can be recognized that with maximum den-
sities similar or even better results were reached. So the Points-Based Approaches
should outperform the Two-Step on longer test-samples. Also, it could be thought
about extending the Per-Tree Approach to a Two-Step Approach. This would make
sense because for length-15-samples, the mean was about 40.3% lower and the variance
about 56.3% lower, compared to the Bucket Approach (see Ch. 3.5.3). That means
there is a chance to improve the results even more. Another question that comes up,
is whether it is necessary to create a consensus for each tree. What would happen by
using the individual profiles of a tree? All profiles from the same year could be put into
the same bucket. Thereby, precomputations wouldn’t be necessary anymore. But could
this actually lead to an improvement? Presumably yes, because more data for compar-
isons should also lead to lower scores. Lastly, more types of normalizations and more
distance-functions should be considered e.g. the Euclidean Distance could be checked
for the distance-computation. Also, the samples used for the creation of a chronology
could be filtered. Presumably bad measured data did disrupt the cross-dating. Where
does this assumption come from? When checking for characteristic years, one per-tree
consensus has attracted the attention. In particular, this was the consensus from the
oldest tree. Extracted test-samples from that tree were significantly more often ranked
badly than test-samples coming from other trees.

So it had to be developed a new method for cross-dating with density-profiles. There
it has been succeeded! The key questions were answered, but also new questions have
arisen and there will still be more research necessary to develop a more stable, faster
or more precise procedure. That thesis will hopefully only be the beginning for a new
kind of cross-dating using intra-annual data! 69
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Tools

Tools
Tools used for writing the thesis, research, experiments and development are listed
below. For the experiments and programming different libraries like ggplot2 from http:
//ggplot2.org/ listed here under Libraries has been used. The grammar and spelling
were checked manually, by the usage of Scribens https://www.scribens.com/ and the
one grammar checker listed below.

Bitbucket https://bitbucket.org/
version control system

Inkscape
0.48.5

https://inkscape.org/
creation and editing of vector graphics

JabRef
4.1

http://www.jabref.org/
references management software

Java 8
Update 152

https://www.java.com/
object-oriented programming language

LanguageTool
4.1

https://www.languagetool.org/
offline grammar checker written in Java

MICA
2.02

https://github.com/BackofenLab/MICA
multiple interval-based curve alignment

Netbeans
8.2

https://netbeans.org/
integrated development environment

pdf2jpg
6.00 (free)

http://www.lotapps.com/
converter for pdf-files (especially plots)

R
3.4.3

https://www.r-project.org/
statistical programming language

R-Studio
1.1.383

https://www.rstudio.com/
integrated development environment for R

TexMaker
4.4.1

https://www.rstudio.com/
cross-platform LaTeX editor

Windows 10
16299.192 - 17134.165

https://www.microsoft.com/
commercial computer operating system
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Tools Libraries

Libraries
R programming language libraries for development are listed below.

ggplot2
2.2.1

http://ggplot2.org/
grammar of graphics based plotting system

gridExtra
2.3

http://www.rdocumentation.org/packages/gridExtra
to arrange ggplots in grids

fitdistrplus
1.0.9

https://github.com/cran/fitdistrplus
to find correct distribution parameters for data

mica-functions
2.02

https://github.com/BackofenLab/MICA
R-script containing an interface to MICA 2.02

plyr
1.8.4

https://github.com/hadley/plyr
to split and combine data

reshape2
1.4.3

https://github.com/hadley/reshape
to reshape R datatypes

rlist
0.4.6.1

https://github.com/renkun-ken/rlist
additional operations for lists

scales
0.4.1

https://github.com/hadley/scales
extension for ggplot2 allowing custom axes

stringr
1.2.0

https://github.com/tidyverse/stringr
additional operations for strings

testthat
2.0.0

http://testthat.r-lib.org/
to write unit-tests in R

Hardware
The computations were done on the following computer-hardware:

Processor Intel Core i5-4460 (Haswell) @ 3.2 GHz

Memory (RAM) 8 GB DDR3 @ 1600 MHz

75

http://ggplot2.org/
http://www.rdocumentation.org/packages/gridExtra
https://github.com/cran/fitdistrplus
https://github.com/BackofenLab/MICA
https://github.com/hadley/plyr
https://github.com/hadley/reshape
https://github.com/renkun-ken/rlist
https://github.com/hadley/scales
https://github.com/tidyverse/stringr
http://testthat.r-lib.org/


Zusammenfassung

Zusammenfassung
Die Bestimmung des exakten kalendarischen Jahres für eine Baumprobe geschieht mit
Hilfe der Jahrringe, indem die Breiten oder Maximaldichten der einzelnen Jahrringe
gemessen werden und die entstehenden Kurven gegen eine Masterchronologie mit be-
kannten Datierungen ausgerichtet werden. Problematisch ist das Ganze, wenn das
Holzstück, dessen Alter bestimmt werden soll, sehr kurz ist und somit nur wenige
Jahrringe enthält. In dem Fall reicht die Menge an Informationen gewonnen aus ei-
ner Ringbreiten- oder Maximaldichten-Serie zur korrekten Datierung in der Regel nicht
mehr aus.

Das führte schließlich zur Leitfrage, ob im Falle eines kurzen Holzstücks das exakte Ka-
lenderjahr unter zu Hilfenahme von intra-annualen Daten, der Jahrring-Dichte-Profile
bestimmt werden kann. Wenn ja, wie gut funktioniert das Verfahren im Vergleich zu
einem klassischen Ansatz? Die These ist, dass Dichte-Profile-basierte Verfahren min-
destens genauso gute oder bessere Ergebnisse liefern sollten, da Profile sehr viel mehr
Daten enthalten als andere gemessene Charakteristiken.

Innerhalb dieser Studie konnte diese These wurde bestätigt. Mehrere neue Ansätze
wurden gefunden, die etablierte, frühere Methoden übertroffen haben. Der Ansatz mit
der höchsten Anzahl korrekter Lösungen ist hierbei eine Kombination eines etablierten
Ansatzes mit einem neuentwickelten, sogenannten Bucket-Ansatz.
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5.1 MICA Parameters
5.1.1 Per Tree Consensi

Property Value

distFunc 3
distSample 500
distWarpScaling 0
maxWarpingFactor 2.5
maxRelXShift 0.1
minRelIntervalLength 0.05
minRelMinMaxDist 0.02
minRelSlopeHeight 0.02
reference 0
outslope FALSE

Table 5.1.1.1 MICA parameters for per-tree consensus computation.

The parameters from Tab. 5.1.1.1 were applied by Dr. Martin Raden for the dataset
PCAB_Ostalb_GD to compute the per tree consensi. Per tree and year, it was minimally
used three density-profiles for a Consensus-Profile and regularly about eight density-
profiles. These profiles had about 60 up to 400 points and regularly between 100 to 200
points. The MICA-parameters1 were chosen appropriately to fit the dataset.

5.1.2 Final Consensus

The given per-tree consensi dataset of PCAB_Ostalb_GD consisted out of 56 consensi
given as *.csv-files (Tab. 3.1.1.1). Maximum number of profiles used for the computa-
tion of a Consensus-Profile was set to 24, to avoid problems with the MICA-Alignment
procedure. These profiles were selected such that the variance was partially maintained.
Due to the used alignment algorithm, it could happen that two points get the same
x-coordinate, in which case the MICA-Alignment procedure stopped without a result
(MICA 2.02). For the computation of the final consensus, the parameters from Tab.
5.1.2.1 were used.

1official GitHub repository https://github.com/BackofenLab/MICA

77

https://github.com/BackofenLab/MICA


5 Appendix 5.2 Additional Results

Property Value

distFunc 3
distSample 1000
distWarpScaling 0
maxWarpingFactor 3
maxRelXShift 0.1
minRelIntervalLength 0.06
minRelMinMaxDist 0.04
minRelSlopeHeight 0.04
reference 0
outslope FALSE

Table 5.1.2.1 MICA parameters for final consensus computation.

5.2 Additional Results
5.2.1 Points-Based Approaches

Methods Given two sequences of points i.e. curves as discrete ring-widths. For these
two sequences it is computed how often they grow in the same way. Whenever the
difference between points at a specific position in the first and in the second sequence
show the same trend, so an increasement, decreasement or even no change, this is
rewarded with a 1. And if one curve is growing, whereas the other does not show any
change, this is rewarded with ½. If both curves show contrary trends, the one curve
an increasement, the other a decreasement, the reward is even 0. At the end the sum
of rewards is divided by the number of points minus one, to get an average value in
percent which tells how similar the growth-behaviour of the curves was. This procedure
as stated here, is called the (corrected) Gleichläufigkeit1 [8].

Results The results of the Points-Based Approach using ring-widths and the Gleich-
läufigkeit as a “correlation coefficient” can be seen in Fig. 5.2.1.1. Only 18 out of
250 test-samples were correctly ranked, that’s why the median was that bad. 60 test-
samples (= 24%) were ranked in the top 5.

Discussion The results have not been shown before due the fact that for the Gleichläu-
figkeit, it was not expected to get good results. The reason was how the Gleichläufigkeit
is defined. For short lengths like length 10, and length 5, only 9 or 4 difference-trends
are considered. That is not enough to make reliable statements, since for many posi-
tions the same score is computed due to limited amount of considered trends i.e. the
same trends can be a result of chance.

1there is small mathematical mistake in Tree-Rings [41], Schweingruber did not reward the case in which
both curves show no growth-change
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5 Appendix 5.3 Implementation

Figure 5.2.1.1 Violin plots of 250 sample-ranks with ring-width series of length 10.
The γ stands for the results under the corrected
Gleichläufigkeit-value stated before. For Pearson Correlation
Coefficient (ρ), the formula can be found in Def. 2.2.2.1. For Kendall
(τ) it is described in Def. 2.2.2.3, for Spearman (%) in Def. 2.2.2.2.

5.3 Implementation
5.3.1 Modules

Module Description

experiments contains scripts executing tasks that were made within different
approaches i.e. computation of scores

maths contains mathematical classes

system loading, storing and access on approaches via an Interface-
class

tests contains unit-tests and describing PDF-files

visuals contains functions to encode and finally visualize the data

Table 5.3.1.1 Modules of the cross-dating project.
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5 Appendix 5.3 Implementation

The newly found algorithms were first tested and implemented in the programming lan-
guage R. Since R is a functional programming language with only a simple integrated
development environment, complex changes on the architecture e.g. renaming of func-
tions over multiple files is not easy to achieve without breaking the code. Therefore,
the architecture was kept simple. It was divided into multiple modules i.e. folders with
R-scripts that build together a unit. For example, the maths-module stores different
R-scripts, so-called classes, containing mathematical operations, whereas the visuals-
module contains classes which are responsible for the visualization. A summary of the
different modules with their classes can be found in Tab. 5.3.1.1. Beside these modules
there are also two folders input and output. All data is loaded from the input, so
the datasets or pre-computed scores can be found there. Rendered or computed data,
everything that is generated, is stored in the output.

5.3.2 Classes

Within the experiments-module are eight classes. The class DataAnalysis allows
checking the data, creating histograms and other visualizations of the dataset. It
was necessary for the chapter about Data Acquisition. Also, contained is a class
Presentation which was used to generate the visualizations from the master-colloquium.
All remaining classes within this module are so-called experiments whereas the class
Experiment0 contained small programming tests made with an artificial dataset. The
other experiments correspond to the contents within the different approaches in the
Results chapter. The module maths has four classes, the Math-class for simple mathe-
matical operations like computation of normalized profiles (Def. 2.2.1.1) or computation
of derivatives. It also contains a class called CurvesMiner. This class allows to work
with the profile i.e. to add curves together, to filter curve data or to equalize profiles
to the same length. Profiles can also be combined to clusters, and this is done in the
Clustering class. The class Analyzer, however, allows evaluating data i.e. to com-
pute statistical information like scores, ranks and many more. But such statistical data
cannot be directly used for visualization. Therefore, the module visuals is important,
it contains two classes, the Encoder and the Plotter. The Encoder can use the infor-
mation from the Analyzer and encode data in a way it can easily be plotted by the
Plotter class i.e. by the ggplot2 library (see Tools). That Plotter class creates a plot
by using the grammar of graphics [51; 52] which is implemented within that named
library. That grammar allows creating plots layer-wise and intuitively what results in
beautiful plots.

Another module that has not been described yet is the module system. It contains five
classes, the Defaults class storing all constants like paths or strings except functional
strings e.g. grammar of graphics related strings like dotted or histogram are not
stored. The reason for not storing functional strings in this class was a slowdown in the
development. So it makes sense to store paths in one place since paths can change during
the development but functional strings won’t definitely be changed during development.
Loading and storing is done with the Loader and Storer. These classes have a wealth
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Figure 5.3.2.1 Schematic representation of interactions between modules, classes
and user. Modules are green boxes with a label in lowercase letters
and classes start with an uppercase letter and usually represented
along an arrow. In the left lower corner is the legend for arrows and
on the upper top corner for symbols.

of functions to load and save numerous formats and special encoded data like score-
files. Due to very-time consuming computations, all data like scores were stored on the
hard-drive and reloaded whenever some kind of visualization was necessary. Also, the
system-module contains an Interface-class for communication with the user, together
with an Interpreter-class that processes user entered strings from the Interface. The
Interface-class allows trying out all approaches on therefore prepared files. It was
encoded some files in a new format which is described detailed in the following. As last
not described module, there is the tests-module which simply stores some unit-tests
that can be executed by running the run_tests script. In this module-folder, there are
also some PDF-files contained describing in a formal, mathematical way the extensive
precalculations done for these unit-tests. It was tested the loading and storing of scores,
implementations of different formulas in R and the correctness of visualizations. Also,
some examples for the applications of formulas from this thesis are found there. The
full interaction between the modules, the Interface and the user were summarized
in Fig. 5.3.2.1. That should help programmers who want extend or work with that
project in the future.
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Interface Class The Interface-class allows executing all approaches. It receives the
data in a special format which can be recognized in Tab. 5.3.2.1. That is the format
for the per-tree consensi. Samples which should be dated, so for which a start-year has
to be predicted, have a similar format. Only the column named year is replaced with
a column called part, since the years for the sample-parts are unknown. The part
numbers e.g. 1,2,3, ... tell which density-value belongs to which profile like in Tab.
5.3.2.1 with the years. Each year has multiple density-values which together build a
profile. Files with that encoding were precomputed, and they can be found within the
project input-folder. The output from the Interface is a matrix which can also be
automatically stored as a *.csv-file. There is an option for each Interface-function
allowing to store the computed data in the output folder. That matrix has a similar
format to the one described in Tab. 5.3.2.2.

year density characteristic

1992 2.016 166
1992 2.433 166
1992 2.881 166
1993 2.043 128
1993 2.383 128
... ... ...

Table 5.3.2.1 Schematic structure of a file. A column for the year, a column for the
density value and a column for the corresponding characteristic i.e. a
ring-width or a maximum-density value. A sequence of density-values
for the same year corresponds to a profile. For an individual year the
characteristic value is constant.

sample pValue rank1 score1 rank2 · · ·

1041_MICA-cons 0.06209708 1960 41.6288 1947 · · ·
1051_MICA-cons 0.01127934 1987 14.9864 1940 · · ·
1201_MICA-cons_1 0.06737666 1957 24.6861 1955 · · ·
1201_MICA-cons_2 0.066093 1941 24.6395 1962 · · ·
... ... ... ... ... · · ·

Table 5.3.2.2 Structure from the output matrix of the Bucket Approach. In the first
column the name of the loaded sample and beside the reliability for
the solution in form of a p-value. Then the rank 1 prediction with its
corresponding score to the right. Ranks are presented along with the
achieved scores side by side. The number of predicted ranks as well as
the used reliability measure can be adjusted by the user.
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The advantage of the *.csv-format is that it can be read in within any spreadsheet
program as a table. Such that the data can be easily further analyzed. In the table
description of Tab. 5.3.2.2, it was stated that it is the table structure one gets by
the Bucket Approach. So due to mathematical reasons p-values are not available in all
approaches. ∆ Scores were not output, but therefore the corresponding predicted scores
of the ranks. That means, ∆ Scores have to be calculated manually. By this decision,
it can be compared with several scores and probably this can also help to increase
the confidence for a solution. A complete documentation of the Interface and its
possibilities is described in detail on the official Bioinformatics GitHub repository of
Prof. Dr. Rolf Backofen1 and on the attached CD in the back cover.

Conventions It was tested different in R language available object-oriented systems
like R6 [34] and Reference classes formerly known as R5 [36] in the beginning. But it
made either debugging more difficult or the code did not work anymore by changing
to a newer version of R. Because of this something simpler was done which is known
from C++. In C++, the class name is simply written in front of a function e.g. void
Plotter::createHistogram [25]. This idea was reused in this project, what made
every function name unique and avoided unforeseen problems.

To make recognize a later developer about used R libraries, all libraries were imported
with the library-function in the Main-class which is used for executing the project.
That was not necessary since within the project all non-internal functions except the
ggplot2 functions were accessed with :: operator. But it has the advantage that devel-
opers can immediately recognize what has to be installed before executing the project.

Also, the debugging was simplified by using import-booleans. In every class e.g.
Exercise1 a constant named like the class was initialized with TRUE i.e. EXERCISE_1_
IMPORTED <- TRUE;. This boolean is now set, when the class is sourced for example af-
ter setting a breakpoint in R-Studio (see Tools). If now the Main-class is executed, then
the class Exercise1 won’t be resourced due to a check-up if(!exists("EXERCISE_1_
IMPORTED")) source("Exercise1.R"); in Main. So the breakpoint is maintained i.e.
not removed since the class Exercise1.R is not resourced by Main.

Access modifiers were simulated i.e. a technique, and a convention were used which
are known from the Python programming language [43]. Two underscores in front of a
function were used for a private function i.e. Exercise1.__getSubpatterns and one
underscore for protected functions e.g. Exercise1._createAlignment, whereas public
functions do not have underscores.

For assignments generally the <- operator was used instead of an equal-sign =. With
these named conventions a simple extension of the project should be guaranteed.

1see https://github.com/BackofenLab/Cross-Dating
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5 Appendix 5.3 Implementation

5.3.3 Processes

Sample Processing How test-samples were processed? At the beginning they were
generated as it was stated in Ch. 3.1. Then these test-samples were put in the respective
folders under input of the approaches i.e. folders like the passes-folder were created.
That was the folder which was used for the Consensus Approach (see Ch. 3.3) under
length-10-samples. In this folder five subfolders were contained pass_1, ..., pass_5
for the different passes that had to be done as simulation for the mentioned 5-fold
cross-validation (see Ch. 3.1.3). In such pass-subfolders now folders were contained
that stored the scores of the given type with which they have ended i.e. a, b, c, d. Also,
there was contained the folder with the test-samples as well as a Consensus Chronology
file. That was the general storing scheme for scores and test-samples. Also, passes-
folder for other lengths and other approaches have existed. It was used always the same
storing-scheme, only the scoretype, pass and the passes-folder had to be passed to a
samples-processing function. Such functions which were stored in Experiment-classes
has then started the given approach under the given method, here e.g. methods a to d.
So for example, normalization of profiles or computation of slopes was activated.

Shifting of Samples Given the results from the previous chapters, a general pro-
cedure for the computation of scores is now described (Alg. 5.3.3.1). The input (line
1) is a sample S and a chronology C of arbitrary type. For the length of the series
or sample, the character K is used, whereas the length of a chronology is described
with a N . The algorithm iterates over possible positions (of the sample S) within the
chronology C (line 6 - line 11) and for each iteration it cuts out a series Si+K−1

i of
profiles (line 7) or buckets between position i and i + K − 1. For each subsequence
Si+K−1
i a distance-score ς to the sample S is computed. It is still assumed since chapter

2.2.1 that the subsequence Si+K−1
i from C and the sample S have the same number of

points in their profiles when a distance is calculated (line 8). In reality, an interpolation
to the same length would possibly be necessary. The distance ς is stored (line 9), but
the position at which the score was produced has not to be stored since the positions
or years can be read out in the chronology again. It depends on the arguments which
function for the computation of ς := distγavg(S, Si+K−1

i ) is used. If Si+K−1
i is a sequence

of buckets, the generalized sample to bucket distance is used (Def. 2.2.1.6) and if it is a
sequence of profiles, the definition for the Sample Distance is used for the computation
(Def. 2.2.1.5). Then the current position is incremented by one (line 10). As soon as
N−K−1 iteration have been done i.e. the full chronology has been gone through with
the sample, all scores are finally returned (line 12). Problematically in this algorithm is
the runtime, there are N−K+1 comparisons between chronology-windows and S. And
thus (N −K+ 1) ·K ≈ N ·K many profile- or bucket-comparisons. In each comparison
2k profile-points are gone through to compute a distance. Under the assumption that
every bucket B has the same amount of profiles, this leads to an overall runtime of
O(N ·K · |B| · k) for the Bucket Approach.
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5 Appendix 5.3 Implementation

Algorithm 5.3.3.1 Shifting of sample within the chronology.
1: procedure computeSampleScores(S,C)
2: K := |S|
3: N := |C|
4: SC

S := ∅
5: i := 1
6: while i ≤ N −K + 1 do
7: Si+K−1

i v C
8: ς := distγavg(S, Si+K−1

i )
9: SC

S := SC
S ∪ {ς}

10: i := i+ 1
11: end while
12: return SC

S
13: end procedure
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