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1 Abstract (English)

The microtuble-associated protein tau is known to regulate neuronal micro-
tubule dynamics and is involved in several neurodegenerative diseases collec-
tively called tauopathies. Besides the formation of tau-containing aggregates
this group of diseases is characterized by changes on different anatomical lev-
els in the nervous system. Morphological changes in the dendritic arbor of neu-
rons or subcellular compartments can be investigated with microscopy-based
and image informatical methods. Furthermore, the functional processes that
constitute these changes can be predicted with bioinformatical methods and
based on these predictions investigated with biological experiments.
Two different bioinformatical disciplines contribute to the study of neurobio-
logical processes. Due to advances in microscopy and imaging coupled to the
tremendous advances in computer technology, image informatics techniques
and workflows are necessary to analyze the acquired data with greater pre-
cision. The classical bioinformatics on the other hand covers the analysis of
molecular evolution, phylogeny and the prediction of protein function.
This work aims to assist neurobiologists with computational methods in ongo-
ing reasearch questions. The development of computer-assisted or fully auto-
mated workflows for image analysis has been achieved on different levels. A
machine learning algorithm has been trained to determine the density of neu-
rons in tissues. Workflows for analysis of morphological changes of dendritic
arbors, like process thickness or branching pattern, have been implemented.
Existing workflows for dendritic spine analysis have been optimized and the
volume and movement behavior of subcellular compartments like ribonucle-
oparticles have been analyzed. Image analysis workflows have been adapted
for the analysis of molecular distributions after photoactivation. Additionally,
techniques from data mining workflows have been adapted to extract and filter
trajectories from single molecule tracking approaches to assist the inferrence of
biophysical parameters.
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CHAPTER 1. ABSTRACT (ENGLISH)

Sequence data from public available databases have been collected to recon-
struct tau and other related sequences in a broad range of species to infer phy-
logenetic trees and to perform hidden-Markov-model analysis. Using this ap-
proach it has been possible to illuminate the relations in the MAPT/2/4 family
and predict putative functional sequence motifs for further bioinformatical or
biological investigations.
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2 Abstract (German)

Das mikrotubuliassoziierte Protein Tau is bekannt dafür, die neuronale Mikro-
tubulidynamik zu regulieren und ist involviert bei verschiedenen neurodegen-
erativen Krankheiten. Diese Krankheiten werden unter dem Begriff Tauopath-
ien zusammengefasst. Neben der Bildung von Tau enthaltenden Aggregaten
ist diese Gruppe von Krankheiten gekennzeichnet durch Änderungen auf ver-
schiedenen anatomischen Ebenen im Nervensystem. Morphologische Änderun-
gen in den dendritischen Bäumen von Neuronen oder subzellulären Kompar-
timenten können mit mikroskopischen bildgebenden Verfahren und informa-
tischen Methoden untersucht werden. Weiterhin können funktionale Prozesse,
die diesen Änderungen zugrunde liegen, mit bioinformatischen Methoden vor-
hergesagt werden. Diese Vorhersagen können später die Basis für biologische
Untersuchungen bilden.
Neurobiologische Studien können durch zwei verschiedene bioinformatische
Disziplinen unterstützt werden. Die Fortschritte auf dem Gebiet der Mikros-
kopie und der bildgebenden Verfahren zusammen mit den enormen Fortschrit-
ten in der Computertechnologie führen dazu neue image informatics Techniken
und Arbeitsabläufe zu entwickeln, um die so gewonnenen Daten zu analysieren.
Im Gegensatz dazu widmet sich die klassische Bioinformatik Gebieten wie der
Analyse der molekularen Evolution und Phylogenie, sowie der Vorhersage von
Proteinfunktionen.
Diese Arbeit dient dazu, neurobiologische Forschungsprojekte mit informatis-
chen Verfahren zu unterstützen. Die Entwicklung von computerunterstützten
oder vollautomatischen Arbeitsabläufen wurde auf verschiedenen Ebenen er-
reicht. Ein Maschinenlernalgorithmus wurde trainiert, um die Neuronendichte
in Hirngeweben zu bestimmen. Arbeitsabläufe und Programme zur Unter-
suchung von morphologischen Änderungen in der Verzweigung von dendri-
tischen Bäumen sowie der Bestimmung der Ausläuferdicke wurden implemen-
tiert. Schon bestehende Arbeitsabläufe, deren Ziel die Bestimmung der Form
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CHAPTER 2. ABSTRACT (GERMAN)

und der Anzahl dendritischer Dornen war, wurden optimiert. Weiterhin wurde
das Volumen und die Bewegungstrajektorien von subzellulären Kompartimen-
ten wie Ribonukleopartikeln untersucht. Bildanalyseprozesse wurden ange-
passt an die Anforderungen zur Analyse von molekularen Verteilungen in Pho-
toaktivierungsexperimenten. Zusätzlich wurden Techniken aus dem data min-
ing genutzt, um aus den Bewegungsmustern von Einzelmolekülaufnahmen
biophysikalische Parameter abzuleiten.
Sequenzdaten aus öffentlichen Datenbanken wurden genutzt, um die Amino-
säuresequenzen des Proteins Tau und anderer verwandter Proteine in verschie-
denen Spezies zu sammeln. Diese Sammlungen wurden mit phylogenetischen
und sequenzanalytischen Methoden der Bioinformatik untersucht. Mit den so
erstellten phylogenetischen Bäumen war es möglich die Verwandtschaft in der
MAPT/2/4 Familie genauer zu beleuchten. Weiterhin konnten mit den HMM
Analysen funktionale Sequenz Motive für weitere bioinformatische oder biolo-
gische Untersuchungen abgeleitet werden.
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3 Abstract (Spanish)

La proteína asociada a microtúbulos, tau, es conocida por regular la dinámica
de los microtúbulos neuronales y estar implicada en varias enfermedades neu-
rodegenerativas, colectivamente conocidas como taupatías. Este grupo de en-
fermedades se caracterizan, además de por la formación de agregados conte-
niendo la proteína tau, por cambios en el sistema nervioso a diferentes niveles
anatómicos. Los cambios morfológicos en el árbol dendrítico de las neuronas
o los compartimentos subcelulares pueden ser investigados por métodos de
microscopia y de tratamiento informático de imágenes. Más aún, los proce-
sos funcionales de los que forman parte estos cambios pueden predecirse uti-
lizando métodos bioinformáticos y, a través de estas predicciones, pueden ser
investigados experimentalmente.
Dos disciplinas bioinformáticas distintas contribuyen al estudio de los procesos
neurobiológicos. Los avances en las propias técnicas de microscopía e imagen
junto con los grandes avances tecnológicos en computación, técnicas informáti-
cas de tratamiento de imágenes y flujos de trabajo, necesarios para analizar
los datos adquiridos. También se aplican diversos métodos bioinformáticos al
análisis de la evolución molecular y filogenia y la predicción de la función de
las proteínas.
Este trabajo trata de contribuir a la neurobiología con nuevos métodos com-
putacionales, que permitan resolver cuestiones importantes en la investigación
actual en este campo. Se han conseguido desarrollar flujos de trabajo, a difer-
entes niveles, para el análisis de imágenes, tanto los asistidos por ordenador
como los completamente automatizados. Un algoritmo de aprendizaje auto-
mático ha sido entrenado y aplicado a la determinación de la densidad de
neuronas en tejidos. Se han implementado flujos de trabajo para el análisis
de cambios morfológicos tales como el grosor y los patrones de ramificación de
árboles dendríticos. Se han optimizado otros flujos de trabajo ya existentes para
el análisis de espinas dendríticas y también han sido analizados el volumen y el
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CHAPTER 3. ABSTRACT (SPANISH)

comportamiento, en cuanto a la movilidad, de ciertos compartimentos subcelu-
lares tales como partículas de naturaleza ribonucleoproteica. También se han
adaptado flujos de trabajo de análisis de imágenes de las distribuciones molec-
ulares después de fotoactivación. Adicionalmente, se han adaptado técnicas
para extraer y filtrar trayectorias, a partir de los datos de distintos abordajes
de trazado molecular, de moléculas individuales, obtenidos de la minería de
datos de flujos de trabajo, y de esta forma poder inferir los correspondientes
parámetros biofísicos.
La recolección de datos públicos de secuencias de tau y otras secuencias rela-
cionadas, en un amplio rango de especies, ha permitido la elaboración de ár-
boles filogenéticos y la realización de análisis de Modelos Ocultos de Markov.
Mediante este abordaje ha sido posible establecer las relaciones en la familia
MAPT-MAP2-MAP4 y predecir motivos de secuencia posiblemente funcionales
para futuras pruebas de experimentación biológica y bioinformática.
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4 Introduction

Bioinformatics is an interdisciplinary field that aims to solve biological ques-
tions with informatical, mathematical, statistical and computational methods.
These in silico methods are mostly of theoretical nature and are performed with
computational approaches.
Bioinformatics was first used in the field of theoretical biology to simulate and
model biological processes (Hogeweg, 1978). Later, the field of genetics discov-
ered the power of computational analysis of DNA, RNA and protein sequences
and motifs. After implementation of sequences constructed from letters (amino
acid; aa and nucleotide; nt one letter code) the utilization of algorithms from
theoretical informatics was possible. The application of mathematical and sta-
tistical ideas on these sequences have been also become of interest for evolu-
tionary biology. With these techniques it was possible to infer phylogenetic
trees based on collections of proteins and genes from different species and dis-
cover evolutionary relations.
In the recent past, the broad usage of high throughput sequencing techniques
led to ambitious projects like the "1000 Human Genomes Project" (Sudmant
et al., 2015; Auton et al., 2015) and the "Genome 10K Project" (Genome 10K
Community of Scientists, 2009; Koepfli et al., 2015). These projects aim at
genome sequencing and gene expression studies of many individuals and dif-
ferent species. This leads to the generation of an enormous amount of data,
which addresses another expertise of the field of informatics: solutions for stor-
age, accessibility, and interconnection of huge databases needed to be applied.
Due to this development, data mining based on biological data raised more and
more in the focus of biology and bioinformatics. In the last years, studies that
combine biological high throughput techniques with data mining techniques
became more frequent (Gunawardana et al., 2015).
In parallel to the development in the field of genetics and molecular biology,
the cell biology was strongly influenced by an ongoing evolution of better mi-

7



CHAPTER 4. INTRODUCTION

croscopical techniques (Chen et al., 2012). A few decades ago microscopy was
still very time consuming and the possibility of documenting the acquired im-
ages was very limited. With the usage of digital cameras the computational
analysis of digital images became more feasible. Within the field of imaging,
radiology became the pioneer in the application of computational image anal-
ysis methods. These developments allowed the image informatics to emerge.
This discipline aims to develop methods to support image acquisition, noise
reduction, and further on methods for image analysis.

4.1 Bioinformatics

Classically bioinformatics is often referred to as computational biology. It is
the application of computer science and information technology to the field of
biology and medicine. Bioinformatics deals with algorithms, databases, infor-
mation systems, and web technologies. It is also influenced by adjacent science
fields like mathematics, engineering, statistics etc.
The field of bioinformatics consists of three main areas: development of com-
putational tools and workflows, organization and management of biological
data in databases, and finally the application of these tools to solve biological
problems. The following section is split into three parts that introduce aspects
of the before mentioned areas. In this thesis the development of bioinformat-
ical tools is restricted to the adaption of tools, therefore this area will not be
covered in detail. Furthermore, the application of tools will be separated in se-
quence analysis (section 4.1.2) and computational phylogenetics (section 4.1.3).

4.1.1 Biological databases and data mining

Biological databases are the backbone of modern bioinformatics. Biological
data, like sequences of genomes, genes, proteins, protein structures, patholog-
ical and metabolic pathways etc. are stored in electronic databases that are
publicly available.
Since the amount of sequences stored in databases increased, like for example
in the European Molecular Biology Laboratory (EMBL) nucleotide sequence
data library (Kneale and Kennard, 1984) or the genbank database of the Na-
tional Center for Biotechnology Information (NCBI) (Bilofsky et al., 1986), there
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CHAPTER 4. INTRODUCTION

was an increasing need for fast and reliable programs to extract similar or par-
tial sequences from those databases.
Pairwise alignment algorithms i.e., Smith-Waterman (Smith and Waterman,
1981) perform slow in comparing query sequences or fragments of query pro-
teins with complete databases. In general alignment algorithms were built to
align identical or similar sequence parts of sequence collections of more or less
similar sequences. Those aligned sequences can be used to analyze or identify
conserved regions in the sequence collection.
In contrast to this, algorithms like the fasta similarity search (Lipman and Pear-
son, 1985) and the basic local alignment search tools (BLAST) (Altschul et al.,
1990) use partial alignments of small sequence regions to identify similar se-
quences, which makes them perform faster, but at the cost of precision.
The increased performance of the software allows in combination with biolog-
ical experiments to relate identified patterns in sequences with cellular path-
ways, pathological mechanisms, function or localization of proteins in the cell.
The amount of available sequences, as well as the amount of specialized data-
bases increased tremendously during the last 10 years. To connect and to co-
ordinate the different specialized databases was a further major goal. A cross-
linking between those databases was achieved with the Gene Ontology (GO)
project. This project aimed to develop a unified vocabulary to describe the
localization, the cellular and or molecular process of a protein, and cross-link
these within the respective databases (Ashburner et al., 2000). The cross-linking
is very well shown in the UniProt Knowledgebase (UniProtKB), which is cross-
linked to many other databases and is a good starting point for data mining
tasks.

Data mining, also referred as knowledge discovery in databases (KDD), is a
technique that aims to extract valuable information from a large amount of in-
comprehensible data. It is, like most other bioinformatical fields, truly inter-
disciplinary and intersects with computer science (data management, database
systems), artificial intelligence (machine learning) and statistics (Chakrabarti et
al., 2006).
Data mining in bioinformatics deals with the same techniques and algorithms
to gain knowledge from data, but concentrates on biological sequences, struc-
tures, pathway data, interactomes etc. (Liew et al., 2005). The general work-
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CHAPTER 4. INTRODUCTION

flow for data mining tasks consists of the following steps (Maimon and Rokach,
2005b)(Fig: 4.1):

1. developing and understanding the application domain

2. selection and creation of a dataset

3. preprocessing and cleansing, data transformation

4. choosing the appropriate data mining task

5. choosing the data mining algorithm

6. employing the data mining algorithm

7. evaluation and using the discovered knowledge

Developing and 
understanding the 
application domain

Selection and 
creation of a 
dataset

Preprocessing 
and cleansing

Data 
transformation

Choosing the 
appropriate data 
mining task

Choosing the 
data mining 
algorithm

Employing the 
data mining 
algorithm

Evaluation

Using the 
discovered 
knowledge

Figure 4.1: Data mining workflow. Graphical representation of the data mining work-
flow. The rectangles represent tasks that can be combined or are sometimes overlap-
ping (modified after Maimon and Rokach, 2005b).

The biological background determines the goals of the data mining and how
the representation of the discovered knowledge has to be defined. The defini-
tion of the goals is the most critical point, because dependent on the definition
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CHAPTER 4. INTRODUCTION

of the aims, the databases and the algorithms need to be chosen. The selection
and creation of the dataset is limited by the available data. It also should be con-
sidered which data can be extracted from the available data sources and how.
In the following step missing and false data need to be cleaned. The dataset
should be reduced in its dimensions and transformed so that the data mining
algorithms can easily access and process the data. The choice of an appropriate
data mining task with its algorithms as well as their application on the dataset
is the step that overlaps most with the fields of statistics and informatics. Fi-
nally the extracted knowledge will be visualized as previously decided. Often
this step leads to a reanalysis of the dataset with a new scientific question based
on the previously extracted knowledge.
Knowledge discovery techniques ground the basis for other bioinformatical
studies. E.g., in phylogenetic studies the quality of the inferred phylogenetic
trees strongly depends on the correctness, the variety and the quality of the
underlying sequence data. Moreover data mining is often used to predict func-
tions of unknown proteins by extracting GO terms of protein domains. This
helps to assign metabolic or other pathways as well as potential interaction
partners to the unknown protein and provides a starting point for further bio-
logical experiments.

4.1.2 Computational sequence analysis

Deoxyribonucleic acid (DNA) is the carrier of the genetic information of most
living organisms. The DNA stores biological information that becomes trans-
lated to ribonucleic acids (RNA). The RNA can be divided in two classes, the
coding RNA, which serves as a blueprint for the assembly of proteins, i.e., mes-
senger RNA (mRNA), or the non coding RNAs that have a variety of functions,
as for example the small interfering RNA (siRNA) or the micro RNA (miRNA)
that can regulate the gene expression on the posttranscriptional level (Witzany,
2009).
DNA, RNA and proteins are built in a sequential manner and consist only of
a limited number of elements. There are four different elements in the DNA
or RNA and 20 in the protein sequence. The sequence can be considered as a
word that is built in the easiest case by an alphabet of either four nt or 20 aa as
different letters.
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CHAPTER 4. INTRODUCTION
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Figure 4.2: Visualization of sequences and pattern. (A) Dot plot of Human tau
(441 aa) vs. the respective Mouse tau. Black lines represent identical aa in both se-
quences. (B) Color coded t-coffee alignment of tau’s N-terminal part generated by t-
coffee (Notredame et al., 2000) and color coded in Clustal style (Thompson et al., 1994).
(C) Graphical representation (Wheeler et al., 2014) of N-terminal part of mammalian
tau hidden Markov model.

The functional and structural properties of proteins are determined by the prop-
erties and the position of aa within the amino-acid sequence (Anfinsen and
Haber, 1961). Therefore, it is possible to derive functional and structural prop-
erties by analyzing the aa patterns and sequences of proteins.
In computational sequence analysis a variety of algorithms exist to compare se-
quences and to identify patterns. The simplest case would be the comparison of
two sequences, the so called pairwise alignment. Nowadays, this technique is
mostly used to identify mutations in a sequence or to determine the percentage
of identity. The informatical algorithms range from simple graphical represen-
tations like the dot matrix (Gibbs and McIntyre, 1970) (Fig. 4.2 A) to more ad-
vanced algorithms that are able to find the best fitting alignment (Needleman
and Wunsch, 1970; Smith and Waterman, 1981) (Fig. 4.2 B). The alignment is
the task of locating equivalent regions of two or more sequences to maximize
their similarity (Zvelebil and Baum, 2008). With advances in sequencing tech-
niques (Sanger et al., 1977; Maxam and Gilbert, 1977), the amount of available
sequences increased and the possibility to identify families of common patterns
in multiple sequences appeared. First algorithms were computationally inten-
sive, as for example CLUSTALW (Thompson et al., 1994). With the usage of
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CHAPTER 4. INTRODUCTION

multicore workstations this problem could be addressed by parallelization ap-
proaches, as for example used in MSAProbs (Liu et al., 2010).
In contrast to simple pattern recognition with regular expressions as used in the
PROSITE database (Sigrist et al., 2002), approaches using probabilistic models
e.g., profile hidden Markov models (Eddy, 1996) (Fig. 4.2 C) seem to be more
flexible in detecting similar sequence motifs. Those pHMM based methods
need a training set (an alignment) to build a model, which can then be applied
to new or unknown sequences. When genome sequencing became cheaper and
easier with the invention of the massively parallel signature sequencing (MPSS)
(Brenner et al., 2000) and its further development (Rothberg and Leamon, 2008),
the HMM based techniques came more and more in focus (Finn et al., 2011).
Databases that store HMMs of protein families (Pfam) were implemented and
allow an easy way to match aa sequences to protein domains or to identify
protein families (Sonnhammer et al., 1997; Finn et al., 2014).

4.1.3 Computational phylogenetics

Computational phylogenetics or sometimes also referred as computational evo-
lutionary biology aims to discover how family members might have been de-
rived during evolution. This evolutionary relationship is mostly depicted in
a graph called tree (Fig. 4.3). These kind of analysis can be performed on se-
quences with a limited set of letters, like aa or nt sequences as on phenotypical
properties like wings, color of the skin, fur. These phenotypical properties have
to be encoded in a sequence for further computational phylogenetical analysis.
The basis of the phylogenetical analysis is the collection of different sequences
that have been aligned previously. These sequences can origin from different
species, but also from different proteins or genes to analyze a potential function
or structure or domain organization.
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Figure 4.3: Different phylogenetic tree representations. The same phylogenetic tree
is drawn in different styles. The same tree can be drawn in different styles to highlight
different aspects, such as branch length and evolutionary relationship. (A) Unrooted
tree lacks any indication of evolutionary direction. (B) Cladogram, where the length of
the branches in the cladogram has no meaning, while the length in the phylogram (C)
are proportional to the evolutionary change. (Modified after Page, 2002)

The mathematical operations that are applied on these alignments aim to dis-
cover the branch arrangements and branch length in trees that best represent
the relationship among all the sequences in the alignment. There are four basic
phylogenetic tree inference methods:

• maximum parsimony

• distance methods

• maximum likelihood

• Bayesian inference

Maximum parsimony methods aim to generate a tree with the least evolution-
ary changes while constructing the phylogenies (Farris, 1970; Fitch, 1971). Dis-
tance methods are based on a pairwise distance matrix. Those are generated by
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counting the mismatches (sometimes also the gaps) and calculating the phy-
logenetical distance of the sequences by distance formulas (e.g., euclidean or
Manhattan distance) (Saitou and Nei, 1987). These distances build the basis of
the resulting tree. The maximum parsimony and the distance methods belong
both to the group of non-parametric phylogenetic methods.
In contrast, the maximum likelihood and the Bayesian inference are both para-
metric statistical methods, in which an explicit model of character evolution has
to be employed. A character can describe nucleotides, amino-acids as well as
codons. Several models describing the character evolution exist, which differ
in the assumptions made for the character distributions and evolution. Some
models assume equal character frequencies and equal mutation (transition and
traversion) rates like the "Jukes-Cantor" (JC69) model for DNA (Jukes and Can-
tor, 1969), while other, more sophisticated models are based on empirical mod-
els like the "Dayhoff" (Dayhoff et al., 1978) or the "Jones-Taylor-Thornton" (JTT)
(Jones et al., 1992) for amino acids. Modern versions of similar models can
base their empirical models on a broader number of amino acid sequences and
derive more general models of amino acid substitution like the "Whelan And
Goldman" matrix (WAG) (Whelan and Goldman, 2001). Other models also ex-
ist, which incorporate unequal character frequencies (e.g., described in Felsen-
stein, 1981), transition and traversion bias (Kimura, 1980) and many more that
also allow non-stationary character composition (Galtier and Gouy, 1998) as
well as among-site rate heterogeneity (Yang et al., 1994).
The maximum likelihood method uses an evolutionary model and tries to find
the best fitting tree in all possible or statistically representative groups of trees
(Felsenstein, 1981; Aberer et al., 2014). However, this can result in a number
of trees, which are too huge to analyze even in the highly computerized ages
of today, in a reasonable time. Therefore, an estimation for the best tree is cre-
ated. The reliability of the estimated best tree can be confirmed by a bootstrap-
ping resampling analysis (Efron, 1979; Felsenstein, 1985) or Bayesian inference.
However, the Bayesian inference, also using an evolutionary model is based
on prior probabilities calculated by Markov chain Monte Carlo (MCMC) algo-
rithm (Yang et al., 1997; Huelsenbeck and Ronquist, 2001).
All previously described methods in computational phylogenetics can be used
to enlighten the evolution of a family of sequences either of different species
or of different proteins. The latter kind of analysis can expose the gain, loss or
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common function that can help to define a family of proteins. Computational
phylogenetics can also be used to follow the changes during rapidly changing
species, such as viruses, to reveal whether a gene is under selection (Aguileta
et al., 2010). This information could be used to target drug or vaccine develop-
ment. A reliable phylogenetic tree can also be used to reconstruct a potential
protein or gene of an extinct species (Chang et al., 2002).

4.2 Image informatics

The first microscopes were already developed at 1620s. In the nineteenth cen-
tury the microscope was the main research tool for the father of modern neu-
roscience, Ramón y Cajal (Fig. 4.4). His drawings of the microscopic structure
of the brain led the way to modern neurobiology. The further development
of new imaging techniques in the field of medical imaging (e.g., magnetic res-
onance imaging, X-ray radiography, ultrasound, computed tomography etc.
(Yoo, 2004)) raised the need to improve not only the acquisition of images, but
also their analysis. Since most of these imaging techniques do not provide a
direct visual access to the gained data (e.g., magnetic resonance imaging, com-
puted tomography), computational methods had been developed to convert
these data into human readable images.

A B

Figure 4.4: Drawing and digital acquisition of neurons.(A) Drawing of Purkinje and
granule cells from pigeon cerebellum by Ramón y Cajal (1899) (public domain) and
(B) fluorescence micrograph of single CA3 pyramidal neuron (modified after Shahani
et al., 2006).
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Image acquisition also developed in the field of biological sciences. Since fluo-
rescence microscopy was developed, many of its new modifications e.g., confo-
cal laser scanning microscopy (cLSM), total internal reflection fluorescence mi-
croscopy (TIRFM) and others enriched the spectrum of methods significantly
(Chen et al., 2012). Other non optical technical advances allowed the consecu-
tive acquisition of images in a time dependent manner (t-stack) or in the three
dimensional spatial resolution (z-stack).
While digital images can be considered as matrices of intensity values the possi-
bility came up to process the information that these images contain with math-
ematical and informatical methods. Most commercial microscope vendors de-
liver software that controls their microscopes, convert the images into digital
micrographs and perform basic image processing and analysis. But in the sci-
entific field many processing or analysis steps need to be adapted to the special
conditions of the experiments. Thus, the need is raised for customizable soft-
ware that allows to adjust the image processing and analysis. A first attempt
was NIH-Image that was later converted in the Java programming language by
Wayne Rasband (Abràmoff et al., 2004; Schneider et al., 2012).
The tremendous advances in computer technology coupled to the advances in
microscopy techniques led to new requirements for the processing software
and further on to the development of Fiji (Schindelin et al., 2012).
Digital images of samples allow an easier acquisition and storage compared to
classical photography in which after the acquisition the film negative had to
be developed. This led on the one hand to an increase in the amount of digi-
tal images and on the other hand to the possibility to computationally process
and analyze these images. Computational processing has a lot of advances like
an increase in processing speed as well as a very high reproducability. The
nature of algorithmic computer programs is to produce with the same set of
input data and parameters always the same set of results. This results in a per-
fect reproducability. Depending on the amount of calculations that has to be
performed, many computer assisted methods work remarkably faster than any
human manual quantification or analysis could. Furthermore, very complex
and calculation intense methods for noise reduction and increase of the image
quality, like deconvolution become possible (Nasse and Woehl, 2010).
Unfortunately, most algorithms for image processing and analysis are very
complex and the parameters to adapt are sometimes manifold and consequently
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only utilizable by experienced users or even computer scientists. Inspired from
algorithms frequently used in data mining approaches, machine learning based
image analysis could address this problem. Here, an expert trains the algorithm
that later on performs the analysis based on the previous training.
However, the number of images as well as imaging modalities is exploding,
thwarting the ability of researchers to optimally use them for discovery and
patient care. Imaging informatics is tackling these challenges through com-
putational methods to provide insights into anatomic, functional, cellular and
molecular aspects of disease by the development of assisting and automatized
programs as well as the development of workflows for image processing and
analysis.

4.3 Neurobiology

Eric Kandel defined neuroscience as the following: "The goal of neural science
is to understand the mind - how we perceive, move, think, and remember"
(Kandel et al., 2000). Many scientific fields investigate the neural science on
different levels with their specialized tools. Among others there are chemistry,
physics, cognitive science, psychology, philosophy, medicine, bioinformatics
and biology. The field of neurobiology is a branch of biology that studies the
cells of the nervous system as well as the organization of these cells into func-
tional circuits that process information and mediate behavior 1.

4.3.1 The organization of the nervous system

The human nervous system can be divided into a peripheral and a central part.
The peripheral nervous system (PNS) is located outside of the brain and the
spinal cord and plays an essential role as a communication relay from the cen-
tral nervous system (CNS) to the limbs and the organs.
The CNS consists of the brain and the spinal cord. It is protected by bones of the
vertebrae and the skull. Additionally the protection against toxic substances is
provided by a blood brain barrier.
While the spinal cord is a long tubular bundle of neural tissue, the vertebrate
brain can be divided in at least six regions with different shape, organization

1from: http://www.sciencedaily.com/terms/neurobiology.htm, accessed Nov. 13, 2015
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Figure 4.5: Vertebrate brain and neuron. (A) Comparison of shark (top) and human
(bottom) brain; (Tel) telencephalon, (Di) diencephalon, (Mes) mesencephalon, (Ce)
cerebellum, (Mo) medulla oblongata, (Pons) pons (not shown in shark: ventral of cere-
bellum) (shark brain modified after (Dudel et al., 2001), human brain modified after
(Kandel et al., 2000)). (B) Confocal image of cortical neuron expressing green fluores-
cent protein. (C) Confocal image of dendritic shaft with dendritic spines of a cortical
neuron. (B,C modified after Srivastava and Penzes, 2011).

and function (Fig. 4.5 A): the telencephalon that consists of the cerebral hemi-
spheres, the diencephalon (thalamus and hypothalamus), the mesencephalon
(the mid-brain), cerebellum, pons and the medulla oblongata. The cerebellar
and the cerebral cortices are arranged in a layered structure, in contrast to other
brain regions that consist of clusters of small nuclei. In each of the previously
mentioned brain regions many more subregions exist that are distinguishable
from each other based on anatomical, functional or chemical basis. All these
regions have unique, and dynamic connections that lead to a complexity that is
still not understood. The basis of all those connections is the neuron.

4.3.2 The neuron

The neuron is a highly differentiated cell. Its main function is the reception of
electrical or mainly chemical signals and their integration and transmission to
other neurons. In its most common form the neuron consists of a cell body, a
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dendritic and an axonal part (Fig. 4.5 B). While the dendritic part is responsible
for the reception and partial integration of an arriving signal, the main inte-
gration takes place in the cell body. The dendrites of a neuron can have many
protrusions (dendritic spines) (Fig. 4.5 C) that build the counterpart to the axon
terminals within the synapse. In the case of chemical synapses, the electrical
signal in the presynaptic neuron is converted in a chemical signal by the re-
lease of neurotransmitters in the synaptic cleft. The neurotransmitters diffuse
through the synaptic cleft and bind to the receptors of the postsynaptic cell. As
a reaction of the binding to the receptor the postsynaptic potential is either in-
creased or decreased.
Neurons connect to each other through a myriad of dendritic and axonal ar-
borisations. So it is possible that the neuron can integrate the incoming signals
from many different brain regions, and react with time-structured action po-
tentials. The morphological complexity of dendritic arborisation is assumed to
play a critical role in the transformation of spatio-temporal patterns of postsy-
naptic potentials into time-structured series of action potentials.
Neurons attain their shapes as the result of a developmental process in which
intracellular mechanisms and interactions with local environments are operat-
ing in concert. Neuronal activity influences morphological changes that deter-
mine the connectivity of the neuron within the neuronal network (Van Ooyen
and Van Pelt, 1994; Van Pelt et al., 2001). These processes contribute to the large
variations in neuron shapes between and within different cell types. Morpho-
logical alterations also occur during aging and in neurodegenerative diseases
such as Alzheimer dementia (Brabander et al., 1998).

The cytoskeleton

The shape of a neuron is established by the cytoskeleton. The cytoskeleton is a
matrix of protein fibers consisting of three major components in neurons: the
actinfilatemts, neurofilaments and microtubules. The actin filaments (microfil-
aments) are the thinnest filaments that are enriched at the plasma membrane
as well as axonal butons, dendritic spines and growth cones. These microfil-
aments are the main components of the membrane cytoskeleton (Kuczmarski
and Rosenbaum, 1979; Hitt and Luna, 1994).
Neurofilaments belong to the class of intermediate filaments, but are not so
densely bundled as the intermediate filaments for example of the glial cells.
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Neurofilaments appear as long rope-like fibers with distinctive cellular distri-
bution and developmental expression (Lee and Cleveland, 1996; Liem, 1993).
They consist of three subunit proteins:

• NF-H (high-molecular-weight 180 - 200 kDa),

• NF-M (middle-molecular-weight 130 - 170 kDa),

• NF-L (low-molecular-weight 60 - 70 kDa).

The neurofilaments are believed to grant structural support for the axon and to
regulate the axon diameter (Yuan et al., 2012).
Microtubules (MTs) are the biggest filaments of the neuronal cytoskeleton. They
are build from α- and β-tubulin heterodimers. MTs have a plus end where
the β-tubulin is exposed, while on the minus end the α-tubulin is exposed.
The plus end is the preferred end for tubulin dimer addition. Neuronal MTs
have a uniform polarity in the axonal part where all plus ends of the MTs point
distal from the cell body. In the dendritic part the MTs are often shorter and
show a mixed polarity. Microtubules play diverse roles in neurons. They act as
transport highways for vesicles and other actively transported organelles and
they build the structural basis for maintaining neurite structure after extension
(Cooper and Hausman, 2000).

4.3.3 Alzheimer’s disease as one of the tauopathies

Alzheimer’s disease (AD) is one of the most common diseases of the brain.
In the early stages symptoms like forgetfulness, loosing the track of time and
spatial disorientation in familiar places are common. During the middle stage
the former mentioned symptoms increase in severity and difficulties in com-
munication as well as changes in the behavior occur. The late stage shows an
increased need for assistance, difficulties with walking and sometimes aggres-
sion (World Health Organisation, 2015).
During the progress of the disease progressive loss of synapses and neurons in
several regions like the temporal and parietal lobe, frontal cortex and cingulate
gyrus occur (Wenk, 2003). The underlying mechanisms were explained by the
amyloid cascade hypothesis (Hardy and Higgins, 1992).
There are two hallmarks on the tissue level in the AD brain: amyloid plaques
and neurofibrillary tangles. While the amyloid plaques are extracellular de-
posits of Aβ, which is a cleavage product of the amyloid precursor protein

21



CHAPTER 4. INTRODUCTION

(APP) , the neurofibrillary tangles are intracellular and their major constituent
is the protein tau. The amyloid cascade hypothesis proposes that changes in
tau and consequent neurofibrillary tangle formation are triggered by toxic con-
centrations of Aβ (Ballard et al., 2011).
Interestingly, the protein tau is also linked to other neurodegenerative diseases
like the frontotemporal dementia and parkinsonism linked to chromosome 17
(FTDP-17) (Poorkaj et al., 1998), Pick’s disease of the brain (PIDB) (Murrell et
al., 1999), Progressive supranuclear palsy 1 (PSNP1) (Higgins et al., 1999), and
others. This involvement in many neurodegenerative diseases makes the pro-
tein tau on the one hand to a potential target for medical treatments and on
the other hand to an interesting protein for neurobiology to deepen the under-
standing of molecular and cellular mechanisms in the brain.

4.3.4 The protein tau

The protein tau was identified around 1975 as a factor essential for microtubule
assembly (Weingarten et al., 1975; Witman et al., 1976). Later Goedert et al.
(1988) discovered that the protein tau is a core protein of the neurofibrillary
tangles (NFTs) (Goedert et al., 1988). This discovery brought the protein tau
into the focus as a potential target for cures and treatments of NFT related dis-
eases like AD.
The major interaction partner of tau are the microtubules. In humans the pro-
tein tau (UniProt P10636) is encoded by a single gene MAPT (microtubule-
associated protein tau) (Gene ID: 4137) on chromosome 17 at q21.1. The MAPT
gene consists of 15 exons and has a length of about 134,000 nucleotides (nt) that
are alternatively spliced in 8 mRNAs. Six of the MAPT mRNA variants are ex-
pressed in the CNS depending on the stage of neuronal maturation, while the
additional two are expressed only in the PNS (Fig. 4.6). The mRNA coding
for the longest (776 aa) PNS variant is not verified in humans, but expressed in
other vertebrates like bovines (Sergeant et al., 2008).

The tau protein belongs to the family of intrinsically unstructured proteins that
lack higher order protein structure. The C-terminal part of the protein is highly
conserved and contains the microtubule binding domain (MTBD). The MTBD
consists of three to four microtubule binding repeats (MTBR) dependent of the
presence of exon 12. The MTBD is flanked on the C-terminal site by a conserved
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Figure 4.6: MAPT transcript variants in humans. The organization of the tau protein
in regions is shown on top. Different MAPT mRNA splice variants with common used
splice code (e.g., 2N4R). Exons are represented as boxes and are numbered consecu-
tively from 1 to 15 in contrast to the nomenclature, which is commonly used in the
field of tau and proposed by Andreadis (2005) (Andreadis, 2005). Exon 1 is coding for
the 5’ untranslated region (UTR) (yellow box), the coding sequence (CDS) is shown in
boxes with greyish gradient and the 3’ UTR is encoded after the stop codon in exon 15
(yellow box). The splice variant names in red mark the PNS expressed variants, while
all others are expressed in the CNS. Exon 10 (marked with an asterisk) refers to the
exon which expression is not validated in humans (Sergeant et al., 2008).

region and on the N-terminal side by a proline rich region that may contribute
partially to the microtubule binding (Preuss et al., 1997). The very N-terminal
region of the protein is only partially conserved in primates and other mam-
malia. While the C-terminal part is well conserved even in other phylogenetic
classes of vertebrates, the N-terminal part underwent strong changes (see chap-
ter 5.10).
The tau protein can undergo many posttranslational modifications like phos-
phorylation (Lee et al., 2004), glycation (Ledesma et al., 1994), polyamination
(Wilhelmus et al., 2009), ubiquitination (Cripps et al., 2006) and others (see
Mietelska-Porowska et al., 2014). The phosphorylation is the most prominent
posttranslational modification of tau since there are approx. 100 possible phos-
phorylation sites 2 in the longest splice variant (Fig. 4.6 (6)). Much evidence
exists that abnormal phosphorylation is a key event which triggers the patho-
logical aggregation of tau in tauopathies (Mietelska-Porowska et al., 2014).
Besides the interaction with microtubules, there is evidence for interactions
with other cytoskeletal components. For example the binding to actin filaments

2http://www.phosphosite.org
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and the ability of tau to cross-link and bundle filamentous actin (Selden and
Pollard, 1983; Yamauchi and Purich, 1993). Furthermore, tau might interact in
vitro with neurofilaments like NF-L (Miyata et al., 1986).
The interactions of the protein tau are not limited to cytoskeletal components.
Interaction with organelles, kinases, phosphatases and signaling lipids have
been described (Brandt and Leschik, 2004; Morris et al., 2011). Additionally,
there are attempts to investigate and describe the full interactome of tau (Gu-
nawardana et al., 2015).

4.4 Bioinformatics in the field of neurobiology

The complexity of the nervous system does not allow to concentrate on a re-
stricted set of methods, but forces the scientific community to step over the
borders of classical fields like the border between philosophical and natural
science. Furthermore, this raises the acceptance for the younger sciences, e.g.,
bioinformatics.
Besides this, neurobiology benefits from modern microscopy techniques from
the field of super resolution microscopy e.g., PALM, STORM and from TIRFM
live cell single molecule tracking approaches. Additionally, it benefits from
cLSM approaches that aim to acquire for example the morphological complex-
ity of a single neuron. All these microscopical techniques profit from the usage
of image informatical workflows like processing pipe lines for image noise re-
duction or analysis software. The latter helps to describe the complex morphol-
ogy of neuronal branching or is able to strictly classify dendritic spine types.
Moreover, computational methods for analysis tasks, in contrast to manual (ob-
server) based ones, do not have any fluctuations in the results if the same anal-
ysis is repeatedly performed (intra-observer observer error). Additionally the
decrease in processing time compared to manual analysis can be enormous.
Neurobiology can benefit not only from the field of image informatics, but
also from bioinformatical tasks. The huge diversity of neuronal systems that
is present in a broad range of species of different phylogenetic classes builds a
basis for phylogenetical studies. Following the dogma "what is conserved dur-
ing evolution has a meaning" (otherwise it would not succeed under selection
pressure), phylogenetical studies can reveal protein and gene functions or even
help to find model organisms.
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The variety of neurobiological questions from molecular interaction levels to
metabolical or signal pathways, from gene expression in different cell types
to high throughput sequencing of complete tissues, from molecular structure
through cell morphology up to brain connectivity, increase the possible inter-
sections with bioinformatical solutions.

4.4.1 Aims of the thesis

The main interest of (neuro-)biological research is in disease (e.g., Alzheimer’s
disease) or fundamental biologically relevant (e.g., connectivity of neurons) re-
search questions. Often both will be combined: the investigation of the neu-
rological deficits that occur during a pathology and the underlying biological
mechanisms. Neurobiology aims with in vivo and in vitro methods to address
these.
In contrast to this, the informatical part of bioinformatics aims to develop or re-
fine methods to process, analyze or model digital data. While the development
and refinement of methods and workflows is in the focus of bioinformatics, this
thesis aims to directly assist neurobiological research in ongoing projects with
bioinformatical methods.
While the neurobiological field is interested in the biological or disease relevant
questions, the bioinformatical field aims to provide faster, more efficient, and
robust methods for a specific problem. This thesis will try to address both fields
(see fig. 4.7).

4.4.2 Specialized Aims of the Thesis

The first part of the thesis will be about the adaption and development of image
processing pipelines as well as the development of new methods to address im-
age based neurobiological research. The second part will elaborate on classical
bioinformatical methods like phylogenetical and sequence analysis to describe
the development of the MAPT/2/4 family.
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Figure 4.7: Assignment of publications to bioinformatical fields. This thesis is di-
vided in two major parts: image informatics and bioinformatics. Additionally, bioin-
formatics is divided in classical bioinformatics (phylogenetical and sequence analysis)
and data mining. Publications that overlap in the topics e.g., Moschner et al., 2014 are
placed in both fields.
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5.1 The Rab GTPase Ypt7 is linked to

retromer-mediated receptor recycling and

fusion at the yeast late endosome.

Henning J. kleine Balderhaar, Henning Arlt, Clemens Ostrowicz, Cornelia Bröcker,
Frederik Sündermann, Roland Brandt, Markus Babst and Christian Ungermann

Journal of Cell Science (2010) vol. 123:4085-4094

Abstract

Organelles of the endomembrane system need to counterbalance fission and
fusion events to maintain their surface-to-volume ratio. At the late mammalian
endosome, the Rab GTPase Rab7 is a major regulator of fusion, whereas the
homologous yeast protein Ypt7 seems to be restricted to the vacuole surface.
Here, we present evidence that Ypt7 is recruited to and acts on late endosomes,
where it affects multiple trafficking reactions. We show that overexpression
of Ypt7 results in expansion and massive invagination of the vacuolar mem-
brane, which requires cycling of Ypt7 between GDP- and GTP-bound states.
Invaginations are blocked by ESCRT, CORVET and retromer mutants, but not
by autophagy or AP-3 mutants. We also show that Ypt7–GTP specifically binds
to the retromer cargo-recognition subcomplex, which – like its cargo Vps10 – is
found on the vacuole upon Ypt7 overproduction. Our data suggest that Ypt7
functions at the late endosome to coordinate retromer-mediated recycling with
the fusion of late endosomes with vacuoles.

DOI: https://doi.org/10.1242/jcs.071977
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5.2 High-Resolution Imaging and Evaluation of

Spines in Organotypic Hippocampal Slice

Cultures

Frederik Sündermann, Nataliya Golovyashkina, Roland Brandt and Lidia Bakota

Methods in Molecular Biology (2012), vol. 846 chapter 24: 277-293

Abstract

Dendritic spines act as sites of excitatory neuronal input in many types of neu-
rons. Spine shape correlates with the strength and maturity of synaptic con-
tacts. Thus, evaluation of spine morphology is relevant for studies on neuronal
development, for determination of morphological correlates of learning and
memory, and for analysis of mechanisms of neurodegeneration. Here we de-
scribe a method to determine spine morphology in an ex vivo model of organ-
otypic hippocampal slice cultures prepared from transgenic or non transgenic
mice. Spines are imaged using confocal high-resolution imaging and evaluated
by algorithm- based analysis. The approach permits semiautomated determi-
nation of spine density and classification of different spine types in dendritic
segments from hippocampal subregions to evaluate intrahippocampal connec-
tivity.

DOI: https://doi.org/10.1007/978-1-61779-536-7_24
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5.3 Reconstruction and morphometric analysis of

hippocampal neurons from mice expressing

fluorescent proteins

Nataliya Golovyashkina, Frederik Sündermann, Roland Brandt and Lidia Bakota

Neuromethods (2014) vol. 87, chapter 12: 251-262

Abstract

Dendritic morphology and its alterations determine the strength of the inte-
grated signal of individual neurons. Changes in the dendritic arborization ac-
company neuronal development, memory formation and neurodegenerative
processes. Region-specific dendritic simplification is a key feature in Alzheimer’s
disease and other neurodegenerative disorders. Here we describe a method
to analyse whole-neuron morphology in brain slices prepared from transgenic
mice expressing enhanced green fluorescent protein (EGFP) in different sub-
populations of neurons. Complete pyramidal neurons are imaged using high-
resolution confocal microscopy and analyzed after semi-automated 3D recon-
struction. The approach allows evaluation of different morphological features,
such as total extent of dendrites and number of branching points, as well as
3D Sholl analysis, e.g., of apical and basal dendritic subtrees of neurons from
different hippocampal or cortical subregions.

DOI: https://doi.org/10.1007/978-1-4939-0381-8_12
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5.4 Machine learning to evaluate neuron density in

brain sections

Lorène Penazzi, Frederik Sündermann, Lidia Bakota and Roland Brandt

Neuromethods (2014), vol. 87 chapter 13: 263-291

Abstract

Imaging applications often produce large numbers of data sets, which need to
be processed in a uniform and unbiased manner to obtain precise information
about number and size of cells or cell densities in different regions of the brain.
Machine learning is a novel method here introduced to adjust algorithms to the
biological requirements and to evaluate cellular features of tissue samples in
an automated manner. In this chapter we describe methods to prepare mouse
brain tissue for subsequent image processing and data evaluation. We give in-
formation in a step-by-step manner how to choose and perform appropriate
fixation protocols, decide for suitable sectioning and give hints what to con-
sider when performing immunofluorescence stainings. Furthermore we intro-
duce the Machine Learning Based Image Segmentation (MLBIS) to determine
neuronal cell density in brain slices.

DOI: https://doi.org/10.1007/978-1-4939-0381-8_13
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5.5 Shearlet-analysis of confocal laser-scanning

microscopy images to extract morphological

features of neurons

Frederik Sündermann, Sebastian Lotter, Wang-Q Lim, Nataliya Golovyashkina,
Roland Brandt, and Gitta Kutyniok

Neuromethods (2014), vol. 87 chapter 14: 293-303

Abstract

Due to the progress in laser scanning microscopy techniques computational im-
age analysis methods increasingly have come in the focus of biology. Methods
of image analysis can broadly be divided into two groups: The first group deals
with segmentation and noise reduction problems, while the second group fo-
cuses on the statistical and morphological analysis of structures. Structure anal-
ysis strongly depends on the quality of the output of segmentation approaches,
which aim to separate the digital image in undesirable (background) and desir-
able (foreground) information. The progress in microscopy techniques has led
to a large amount of highly detailed images containing fine structures. Unfor-
tunately, such images cannot be separated in an automated way without loss
of considerable detail and information. In this chapter, we present an approach
that is based on compressed sensing methods to separate biologically relevant
information, in this case the structure of dendrites, from an image background.
The approach has the advantage that it allows separating even fine structural
details in large images without the common disadvantages of intensity based
algorithms. We have written a freely downloadable software suite and present
a detailed protocol of its use to determine morphological features of dendritic
trees from fluorescence stained 3D image stacks.

DOI: https://doi.org/10.1007/978-1-4939-0381-8_14
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5.6 RNA Protein Granules Modulate tau Isoform

Expression and Induce Neuronal Sprouting

Katharina Moschner, Frederik Sündermann, Heiko Meyer, Abel Pereira da Graca,
Neele Appel, Achim Paululat, Lidia Bakota, Roland Brandt

The Journal of Biological Chemistry (2014), vol. 289: 16814-16825

Abstract

The neuronal microtubule-associated protein tau is expressed in different vari-
ants and changes in tau isoform composition occur during development and
disease. Here, we investigate a potential role of the multivalent tau mRNA-
binding proteins G3BP1 and IMP1 in regulating neuronal tau expression. We
demonstrate that G3BP1 and IMP1 expression induces the formation of struc-
tures, which qualify as neuronal RNA-protein (RNP) granules and concentrate
multivalent proteins and mRNA. We show that RNP granule formation leads to
a >30-fold increase in the ratio of high molecular weight (HMW) to low molecu-
lar weight (LMW) tau mRNA and a 12- fold increase in HMW to LMW tau pro-
tein. We report that RNP granule formation is associated with increased neurite
formation and enhanced process growth. G3BP1 deletion constructs that do not
induce granule formation are also deficient to induce neuronal sprouting or to
change the expression pattern of tau. The data indicate that granule formation
driven by multivalent proteins modulates tau isoform expression and suggest
a morphoregulatory function of RNP granules during health and disease.

DOI: https://doi.org/10.1074/jbc.M113.541425
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5.7 Interplay between phosphorylation and

palmitoylation mediates plasma membrane

targeting and sorting of GAP43

Anne Gauthier-Kemper, Maxim Igaev, Frederik Sündermann, Dennis Janning,
Jörg Brühmann, Katharina Moschner, Hans-Jürgen Reyher, Wolfgang Junge,
Konstantin Glebov, Jochen Walter, Lidia Bakota, and Roland Brandt

Molecular Biology of the Cell (2014), vol. 25 issue (21): 3284-3299

Abstract

Phosphorylation and lipidation provide posttranslational mechanisms that con-
tribute to the distribution of cytosolic proteins in growing nerve cells. The
growth-associated protein GAP43 is susceptible to both phosphorylation and
S-palmitoylation and is enriched in the tips of extending neurites. However,
how phosphorylation and lipidation interplay to mediate sorting of GAP43 is
unclear. Using a combination of biochemical, genetic, and imaging approaches,
we show that palmitoylation is required for membrane association and that
phosphorylation at Ser-41 directs palmitoylated GAP43 to the plasma mem-
brane. Plasma membrane association decreased the diffusion constant fourfold
in neuritic shafts. Sorting to the neuritic tip required palmitoylation and ac-
tive transport and was increased by phosphorylation-mediated plasma mem-
brane interaction. Vesicle tracking revealed transient association of a fraction of
GAP43 with exocytic vesicles and motion at a fast axonal transport rate. Simu-
lations confirmed that a combination of diffusion, dynamic plasma membrane
interaction and active transport of a small fraction of GAP43 suffices for effi-
cient sorting to growth cones. Our data demonstrate a complex interplay be-
tween phosphorylation and lipidation in mediating the localization of GAP43
in neuronal cells. Palmitoylation tags GAP43 for global sorting by piggyback-
ing on exocytic vesicles, whereas phosphorylation locally regulates protein mo-
bility and plasma membrane targeting of palmitoylated GAP43.

DOI: https://doi.org/10.1091/mbc.E13-12-0737
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5.8 Single-molecule tracking of tau reveals fast

kiss-and-hop interaction with microtubules in

living neurons

Dennis Janning, Maxim Igaev, Frederik Sündermann, Jörg Brühmann, Oliver
Beutel, Jürgen J. Heinisch, Lidia Bakota, Jacob Piehler, Wolfgang Junge, Roland
Brandt

Molecular Biology of the Cell (2014), vol. 25 no. 22: 3541-3551

Abstract

The microtubule-associated phosphoprotein tau regulates microtubule dynam-
ics and is involved in neurodegenerative diseases collectively called tauopathies.
It is generally believed that the vast majority of tau molecules decorate axonal
microtubules thereby stabilizing them. However, it is an open question how tau
can regulate microtubule dynamics without impeding microtubule- dependent
transport and how tau is also available for interactions other than those with
microtubules. Here we address this apparent paradox by fast single molecule
tracking of tau in living neurons and Monte Carlo simulations of tau dynam-
ics. We found that tau dwells on a single microtubule for an unexpectedly short
time of 40 ms before it hops to the next. This dwell time is 100-fold shorter than
previously reported by ensemble measurements. Furthermore, we observed
by quantitative imaging using fluorescence decay after photoactivation record-
ings of PAGFP-tagged tubulin that, despite this rapid dynamics, tau is capable
of regulating the tubulin- microtubule balance. This indicates that tau’s dwell
time on microtubules is sufficiently long to influence the life time of a tubu-
lin subunit in a GTP cap. Our data imply a novel kiss-and-hop mechanism by
which tau promotes neuronal microtubule assembly. The rapid kiss-and-hop
interaction explains why tau, although binding to microtubules, does not inter-
fere with axonal transport.

DOI: https://doi.org/10.1091/mbc.E14-06-1099
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5.9 A Refined Reaction-Diffusion Model of

Tau-Microtubule Dynamics and Its Application

in FDAP Analysis

Maxim Igaev, Dennis Janning, Frederik Sündermann, Benedikt Niewidok, Roland Brandt,

Wolfgang Junge

Biophysical Journal (2014), vol. 107, issue 11: 2567-2578

Abstract

Fluorescence decay after photoactivation (FDAP) and fluorescence recovery after pho-

tobleaching (FRAP) are well established approaches to study the interaction of the

microtubule-associated protein tau with microtubules (MTs) in living cells. However,

the experiments have revealed dwell times of tau on microtubules in the range of sev-

eral seconds, which are difficult to reconcile with two order of magnitude shorter dwell

times by single molecule analysis of neuronal processes. We questioned whether var-

ious idealized solutions for the reaction-diffusion process that governs FDAP/FRAP

signals might lead to erroneous conclusions. Here, we generalized the standard two-

state reaction-diffusion equations by a) accounting for the parallel and discrete ar-

rangement of MTs in cell processes (i.e. homogeneous vs. heterogeneous distribution

of tau-binding sites) and b) explicitly considering both active (diffusion upon MTs) and

passive motion (piggybacking upon MTs at rates of slow axonal transport) of bound

tau. For some idealized cases analytical solutions were derived. By comparing them

with the full numerical solution and Monte Carlo simulations the respective validity

domains were mapped. If our FDAP data were interpreted by the refined formalism,

the analysis yielded independent estimates for the association ( 2 ms) and dwell ( 100

ms) times of tau in a MT array. The dwell time was by orders of magnitude shorter

than that previously reported, where a homogeneous topology of MTs had been as-

sumed. We found that the diffusion of bound tau was negligible in living cells, in

contrast to an earlier report that tau diffuses along the MT lattice in vitro. Methodolog-

ically, our results demonstrate that the heterogeneity of binding sites cannot be ignored

when dealing with reaction-diffusion of cytoskeleton-associated proteins. Physiologi-

cally, the results reveal behaviour of tau in neuronal processes, which noticeably differs

from that in vitro.

DOI: https://doi.org/10.1016/j.bpj.2014.09.016
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5.10 An evolutionary roadmap to the

microtubule-asociated protein MAP Tau

Frederik Sündermann, Maria-Pilar Fernandez and Reginald O. Morgan

BioMed Central Genomics (2016) 17:264 (epub)

Abstract

The microtubule associated protein Tau (MAPT) exerts a physiological role of in the

assembly and stabilization of microtubules and its etiopathic role neurodegenerative

diseases such as Alzheimer’s and other dementias is being investigated in studies of

protein structure and expression, comparative genomics and epigenetics. These have

yet to be complemented by detailed studies of its molecular evolution and computa-

tional models of its functional domains that could help explain its site-specific inter-

actions, folding properties, functional divergence and propensity to form tangled ag-

gregates in central neurons of certain species. We systematically annotated numerous

database deficiencies and errors to reconstruct full-length MAPT, MAP2 and MAP4

proteins from genome, transcript and peptide sequences covering a broad range of

sequenced but unannotated vertebrate genomes. Maximum likelihood phylogenetic

analyses, domain architectures and genetic linkage substantiated a nonvertebrate out-

group, followed by the initial emergence of MAP4 and subsequent ancestral duplica-

tion to MAP2 and MAPT in extant vertebrate genomes of hagfish, lamprey and carti-

lagenous fishes. Profile hidden Markov models (pHMMs) and clustered subalignments

for MAPT, MAP2 and MAP4 highlighted putative interaction motifs and specificity

determining sites to account for functional divergence among individual microtubule

binding domains. MAPT 3D models were predicted to visualize this intrinsically dis-

ordered protein and provide a template for incorporating information on evolutionary

conservation and physicochemical properties. These analyses clarified various aspects

of MAPT nomenclature, defined the order, timing and pattern of its molecular evo-

lution and identified residues and motifs relevant to its protein interaction properties

and pathogenic role. Additional unexpected findings emerged from the expansion

of cysteine-containing MAPT microtubule binding domains in Antarctic icefish and

the apparent multiexonic nature of saitohin (STH) in different primate models of this

MAPT internal open reading frame.

DOI: https://doi.org/10.1186/s12864-016-2590-9

36



6 Discussion

This thesis covers a broad range of bio- and image-informatical topics and their
application to the field of neurobiology.
The first section discusses one of the main questions in biological image anal-
ysis: the choice between manual or automated analysis applications. In the
second part the focus is extended to data mining and classical bioinformatical
approaches like sequence and phylogenetic analysis to gain knowledge about
the development and putative functions of protein tau.

6.1 Image informatics

Image informatics origins as previously described from medical imaging and
processing (see 4.2). It covers the complete field from software development
and usage of image acquisition, processing, and analysis. Since image process-
ing aims to increase the signal to noise ratio or help to bring out specific features
in the images, image analysis aims to develop software tools or workflows to
describe or quantify the features emphasized by the processing. Based on the
data mining workflow (Maimon and Rokach, 2005a) (see 4.1.1) a general work-
flow for image informatics would look as follows:

1. developing and understanding of the application domain

2. selection and creation of dataset (images)

3. processing and transformation of images

4. choosing the the appropriate image analysis algorithm

5. employing the image analysis algorithm

6. evaluation and using the discovered knowledge.

Although the workflow distinguishes between image processing (3) and image
analysis (4-5), both are closely connected to solve the scientific question.
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Figure 6.1: Example of observer errors Bland-Altman representation of (A) intra-
observer errors of different reading of each observer and (B) inter-observer error be-
tween different observers. Bland-Altman representation are used to compare two mea-
surements by plotting the mean versus the difference of the mean of two measurement
methods (Altman and Bland, 1983). (Figure modified after Lejeune et al., 2008).

The following section will discuss the advantages and drawbacks of manual
and automated image analysis.

6.1.1 Manual vs. automatized analysis

One of the major questions in biological image analysis is whether to imple-
ment a manual or automatized image analysis. Manual analysis workflows
do not need to describe the extraction of features (e.g. cells, neuronal pro-
cesses, subcellular compartments) in an algorithmic or mathematical way to
implement this in programs. In general, the experimenter knows, which com-
ponents of an image are of interest for the research question and can perform
the analysis with simple assisting tools provided by programs e.g. ImageJ/Fiji.
Examples for manual image analysis comprise the volume analysis of granular
structures like RNP-particles (Moschner et al., 2014 in section 5.6, fig. 1 B) or the
stereological examination of neuron densities on immunohistologically stained
brain sections, as performed in a number of biological and biomedical studies
(for an overview see Erskine and Khundakar, 2016). Interestingly for the latter,
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Erskine and Khundakar (2016) as many before them, emphasize that stereology
enables the unbiased and fully quantitative assessment of cell densities in brain
tissue. This statement however is not completely correct as it depends on sev-
eral factors regarding the observers as discussed later. Nevertheless, manual
analysis is highly adaptable and often preferred in fields without informatical
support or where image features of high complexity (e.g. not mathematically
phraseable shapes) need to be analyzed. For the latter, prime examples are TEM
analysis in various biological fields (Cardona et al., 2010; Drechsler et al., 2013).
A further example encompasses the fluorescence image analysis in Balderhaar
et al., 2010 (section 5.1) where also a simple manual measurement was applied.
Here, the perimeter of fragmented vacuoles had to be analyzed. Algorithms
that analyze nuclei or cell shapes exist (Elliott et al., 2003; Bamford and Lovell,
1998; Driscoll et al., 2012) and could be adapted to analyze the shape of vac-
uoles, since both organelles do exhibit similar geometric shapes. E.g., Elliott et
al. (2003) used an automated feature extraction and thresholding workflow to
compare the influence of different reagents on the cell and nucleus shape of the
treated cells. As a measure of influence for the reagents, the cell and nucleus
area was determined. The automated measurement from Elliott et al. (2003)
could in principle be adapted to measure the area of the vacuoles for Balderhaar
et al. (2010). However, the area of vacuoles does not reflect the fragmentation,
therefore in this case it was not appropriate to apply their algorithms.
More advanced algorithms to extract the shape of the nucleus by active con-
tours were proposed by Bamford and Lovell (1998) and later enhanced and im-
plemented in a Matlab based script by Driscoll et al., 2012 (Bamford and Lovell,
1998; Driscoll et al., 2012). The algorithm proposed by Driscoll et al. (2012) al-
lowed besides other features to analyze the number of invaginations of the cell
nuclei. Active contour based algorithms could be an interesting automated
solution to investigate the curvature of vacuoles (fig. 6.2 D,E). The vacuoles in-
vestigated in Balderhaar et al. (2010) show additionally to the changes in the
curvature deep invaginations up to partial fragmentation (fig 6.2 B). Active
contours as implemented in Driscoll et al. (2012) are limited to the curvature
of the convex hull. In other words the active contour would only describe the
outer, but not the inner invaginations. In this case, due to the complexity of the
problem, a manual measurement of the perimeter of the vacuole (including the
invaginations) as shown in figure 6.2 C is preferred to an automated algorithm,
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A B C

D E

Figure 6.2: Manual vs. automated shape analysis. (A) Micrograph of yeast cells ac-
quired with DIC microscope to display the yeast cell shape. (B) Yeast vacuole express-
ing a fluorescence tagged membrane protein acquired by a fluorescence microscopy
approach. (C) The invaginations of the yeast vacuole after the expression of the flu-
orescence tagged vacuole-associated protein are marked manually (yellow selection)
with the help of ImageJ/Fiji program. (D,E) Nuclei shape analysis by active contour
algorithm proposed by Driscoll et al., 2012. The colored lines around the shape rep-
resents the level of curvature, ranging from blue (light curvature) to red (strong cur-
vature). (A-C) modified after Balderhaar et al., 2010 and (D,E) modified after Driscoll
et al., 2012.

which would not be able to analyze the vacuole invaginations.
However, if the set of images to analyze becomes bigger the manual analysis
becomes more and more time consuming. In addition, manual analysis raises
the problems of comparability and reproducability. Here, the intra-observer
and the inter-observer errors can be used to address the quality of a manual
analysis (Lejeune et al., 2008).
Given one dataset that is analyzed by two independent observers, the dif-
ferences that occur in the results between both analyses are called the inter-
observer error (Fig. 6.1 B). In contrast, the intra-observer error describes the
precision one observer achieves when the given dataset is repeatedly analyzed
(Fig. 6.1 A).
Different observer biases and errors (Rosenthal, 1966) can be summarized by
the term intra-observer error. Problems like precision can be controlled by
training the observer on a test set until the necessary level is reached, while
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other biases like awareness can only be statistically addressed by repeated and
blinded analyses. In contrast the inter-observer error can be reduced by inde-
pendent experimenters (observers) that analyze the same dataset. The repeated
analysis (and the previous training) combined with the involvement of other
experimenters leads however to an enormous expenditure of time.
In contrast to the manual analysis the automatized image analysis is often more
difficult to implement and in cases of strict algorithmic or mathematical formu-
lation of the problem not easy to adapt to specific biological problems. Nev-
ertheless, machine learning (Penazzi et al., 2014) (see 5.4) or semi-automated
tools like, e.g., neuromantic software (Myatt et al., 2012) (section 5.3) can be
employed to address the problem of adaption.
Brain tissue is thought to resembles in some aspects the adaption and alteration
of the neuronal network to aging and pathology (Ohnishi et al., 2001). This can
among others manifest in change in the number or pattern of neuronal activa-
tion. The most often used method for the readout of neuronal activity after a
performance of a certain task is the calculation of immunopositive cells for an
immediate early gene expression, e.g., c-Fos in various brain regions.
While strict algorithmic approaches, as the automated cell-counting algorithm
proposed by Al-Khazraji et al. (2011), are often only adaptable by non intuitive
parameters, machine learning based approaches can be trained by the experi-
menter.
In 1960, Samuel programmed the first computer to play the game of checkers
(Samuel, 1960). The most impressive aspect was not that a computer was able to
play checkers, but that the computer was able to learn and to adapt without be-
ing explicitly programmed. In the following years the field of machine learning
(sometimes referred as artificial intelligence) developed and those techniques
were implemented in a wide range of applications from text mining (Gamon
et al., 2005) up to medical diagnosis (Kononenko, 2001).
The basic principle of machine learning is to train the algorithm on a prepro-
cessed or preanalyzed training set by offering the training set and the analysis.
Depending on the used algorithm the program ’learns’ by statistical methods
how the training set has been analyzed and will be able to apply those learned
selection strategies to other yet unknown datasets.
Similar approaches to the MLBIS (machine learning based image segmentation)
(Penazzi et al., 2014; see section 5.4) that combine image processing pipelines
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with machine learning algorithms for cell detection exist, e.g. (TMARKER;
(Wild et al., 2013)). In contrast to TMARKER (tissue microarray marker), ML-
BIS is a Fiji/ImageJ plugin and not a standalone solution. The combination of
the build in processing tools and the "Trainable WeKa Segmentation" allows the
plugin to stay flexible and portable to every operation system that is able to run
a java environment.
In comparison to semi-automated or user guided computer assisted methods,
automatized image analysis utilizing the same parameters and the same input
will not lead to different results. This is due to the algorithmic/mathematical
nature of the automatized image analysis. Therefore, the intra-observer error
does not exist in such a setup.
Unfortunately, automatized analysis programs are also not immune to errors.
The comparison with other programs, used for the same analysis, can reveal
algorithm or program specific properties that may lead to different results, sim-
ilar to the inter-observer error. However, in some cases these specific properties
can be considered as a systematic error that occurs in every analysis performed
with the same program and the same parameters.
In addition to all the other advantages the most important reason to use au-
tomated analysis is the speed of the processing. Depending on the size of the
dataset, automated analysis can tremendously reduce analysis time. Nowa-
days, especially in biological and biomedical fields the two main factors that
are emphasized are the reproducability and the sufficient amount of indepen-
dently analyzed samples, to achieve sufficient statistical power (Harrington,
2015) . Therefore, with the growing sample number and the need for high re-
producability the direction should lead towards the adaption of automatized
image analysis, if it is possible to address the question in an automatized algo-
rithmic way.
In this thesis a combination of complete manual (e.g. Balderhaar et al., 2010;
section 5.1), user-assisted (e.g. Golovyashkina et al., 2014; Penazzi et al., 2014;
see sections 5.3 and 5.4) and automatized (e.g. Sündermann et al., 2014; see sec-
tion 5.5) analysis techniques have been used to address the respective research
questions.
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6.2 Bioinformatics

Bioinformatical analysis mostly starts with a data mining task to collect se-
quences to compare or to find similar sequences for phylogenetical analysis.
This section will be split in two parts. While the first part is about sequence
analysis, the second part exclusively deals with phylogenetical analysis of the
protein tau and its mRNA.

6.2.1 Sequence analysis

Nucleotide data from miRNA databases have been used to predict a possible
interaction in the isoform specific splicing of the tau mRNA. A shift in the iso-
form expression of the protein tau in PC12 cells, while over-expressing the tau
mRNA binding proteins G3BP1 or IMP1, could be observed in Moschner et al.
(2014) ((Moschner et al., 2014); see section 5.6). It has been shown that at least
IMP1 interacts with the 3’ UTR of the tau mRNA (Atlas et al., 2004). Since the
tau 3’ UTR did not differ between the different isoforms, a direct effect of IMP1
on the regulation of the isoform expression became unlikely. Hébert et al. (2012)
discussed in their review the regulation of tau phosphorylation (influenced by
the miR-15 family) and alternative splicing regulation of the tau mRNA by mi-
croRNAs (miR-15 and miR-132 family, respectively) (Hébert et al., 2012). In the
same year Smith et al. (2011) showed a direct influence of several miRNAs on
the expression of the 3 repeat or 4 repeat tau isoform by westernblot analysis
after transfection of the respective miRNAs in Neuro2a cells (Smith et al., 2011).
While Smith et al. (2011) showed an indirect influence on the alternative splic-
ing of the tau mRNA by the interaction of miR-132 with the PTBP2 and other
miRNAs with the PTBP1 protein, the approach in Moschner et al. (2014) tried
to predict a direct miRNA-mRNA interaction through the RNA-induced silenc-
ing complex (RISC) (further reading Chendrimada et al. (2007) and Filipowicz
et al. (2008)).
The suggested mechanism of miRNAs interaction with their target mRNAs is
the Watson-Crick binding at short consecutive nt sequences (Rhoades et al.,
2002; Bartel, 2009). Following the idea of that mechanism, the possible binding
partners of a miRNA, with known sequence, can be predicted by complemen-
tary sequence matching.
Besides this simple method, a lot more advanced bioinformatical tools exist that
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aim to predict possible target mRNAs (for an overview compare Hamzeiy et al.,
2014). Those methods can be divided in three categories. Structure based tools
like Mfold (Zuker, 2003) incorporate the prediction of the secondary structure
of the target mRNA in the prediction, while others i.e. TargetScan (Lewis et al.,
2003) check for thermodynamic stability of the predicted complex. Homology
based methods are searching for conserved target sites within different species
(Enright et al., 2003; Stark et al., 2005). The alignments of conserved target sites
can be used to train machine learning programs and further predict other yet
unknown binding sites. Other, also machine learning based approaches that
are based on biological experiments e.g. cross-linking and immunoprecipita-
tion (CLIP) exist (Betel et al., 2010). However, all these refined bioinformatical
methods only aim to reduce the number of false positive predictions and there-
fore to increase the precision of the prediction.
In the study by Moschner et al. (2014) (see section 5.6) the aim was to proof the
existence of a possibility of differentiated miRNA binding to the nt sequences
that arise by alternative splicing of the tau mRNA. Those splicing specific nt
sequences are so short that the secondary structure of the target mRNA would
not have an influence on the miRNA binding. This fact excluded the computa-
tional intensive structural and thermodynamical approaches. Also a machine
learning approach would not have been feasible, because of a lack of a train-
ing set that is sufficiently big to train a reliable predictor. Therefore, the simple
complementary matching with gaps was the preferred method in Moschner et
al. (2014).
Aminoacid sequences are more complicated compared to nucleotide sequences,
because their alphabet includes (depending on the used alphabet) 20 instead of
4 different letters. Besides the higher complexity, the information that can be
obtained from aminoacid sequences (e.g. hydrophobicity, electrical charge etc.)
is much bigger. This information can be used to predict possible functions,
structure, or interaction partners. Furthermore, information derived from aa
sequences combined with carefully cured alignments can be combined to a hid-
den Markov Model (HMM). In addition, those HMMs can be either used to find
homologous proteins in the same or other species or to further analyze by split-
ting into smaller so called subHMM regions (Horan et al., 2010) to predict the
function of this region. E.g., Nguyen Ba et al. (2012) combined conserved do-
mains via subHMM analysis with gene ontology terms to predict the potential

44



CHAPTER 6. DISCUSSION

function of the predicted domains.
In "An Evolutionary Roadmap to MAP Tau" (see section 5.10) the sequences of
the MAPT/2/4 family members have been individually aligned and summa-
rized in a profile HMM for each family member. The pHMM of the mammalian
tau sequences has been split in subHMMs (Horan et al., 2010) and compared
to tau pHMMs of other phylogenetic classes. This revealed a mammalian spe-
cific development of the N-terminal part of tau. In contrast, the MTBD carrying
C-terminal part of the MAPT/2/4 family sequences showed only small differ-
ences.

6.2.2 Phylogenetical analysis

A phylogenetical analysis of the MAPT/2/4 family is not only interesting for
basic research, but also for the disease relevance of tau. The protein tau has a
common sequence part with all its family members (Lewis et al., 1988; Chapin
and Bulinski, 1991), but is the only representative that is involved in tauopathies.
Thus, sequence comparison of the non-homologous parts of the MAPT/2/4
family could reveal the domains that are likely to be involved in tauopathies.
Dehmelt and Halpain (2005) showed a cladogram of the MAPT/2/4 family that
compared the proteins in human, mouse and frog. Additionally, they also in-
cluded the fruit-fly and C. elegans, but showed them separately. This may indi-
cate that a fourth group is present that represents the ’early’ or the invertebrate
family member of the family (Dehmelt and Halpain, 2005). The cladogram
showed in the study of Dehmelt and Halpain (2005) does only represent a very
small selection of species, while treefam (Li et al., 2006) includes a wide range of
MAPT/2/4 family members from different species (treefam family TF316358).
Also the treefam phylogenetic tree shows a group of invertebrate MAPs that is
additionally confirmed by the ’Roadmap to MAP Tau’ study (see section 5.10).
However, phylogenetic analyses are very sensitive to the quality of the align-
ment, the evolutionary model that has been applied, and the algorithm to con-
struct the phylogeny. While the choice of the evolutionary model can either be
based on biological assumptions or on statistical testing as in ProtTest (Darriba
et al., 2011; Abascal et al., 2005), the most critical step is the quality of the as-
semblies and the later alignment.
The alignment can suffer from biases due to the algorithms used and the fol-
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lowing phylogenetic inference can be misguided by inserted gaps. Castresana
(2000) developed the program Gblocks that was further improved by Talav-
era and Castresana (2007) (Castresana, 2000; Talavera and Castresana, 2007).
Gblocks automatically cures alignments of gaps and poorly conserved regions.
Other programs like RASCAL Thompson et al. (2003) use a combination of
different alignment refinements, validations and error corrections stages that
lead to an increased quality of the alignments in the BALiBASE benchmark
database (Thompson et al., 1999). The approach used in the Roadmap study
(see section 5.10) combined, in contrast to the previous presented programs for
alignment curation, different alignment programs that later were merged by
M-Coffee program (Wallace et al., 2006). Furthermore, the resulting alignment
was cured by an entropy based curation algorithm similar to GBlocks or RAS-
CAL and further checked manually.
Our phylogenetic study of MAPT/2/4 family revealed a more detailed picture
of the evolution of the MAPT/2/4 family than previously shown (e.g. Dehmelt
and Halpain, 2005). With more available sequences and careful inference the
origin of MAPT/2 from MAP4 could be confirmed as well as the existence of
an invertebrate branch of the MAPT/2/4 family.
RayChaudhuri, 1999 proposed ZipA as a tau homolog in bacteria (RayChaud-
huri, 1999). ZipA is binding to the tubulin-like GTPase protein FtsZ, which
forms polymers that are considered as structural homologs of microtubular
protofilaments (Boer et al., 1992; Erickson, 1995). The homology suggested by
RayChaudhuri, 1999 is based on an aa alignment of the MTBD of ZipA , PLT1a
(a MAP family member in C. elegans), rat MAP2, bovine Map4 and human tau.
The homology between ZipA and tau (RayChaudhuri, 1999) could not be veri-
fied by HMM comparison and therefore the ZipA protein family is not included
in the phylogenetic analysis of the MAPT/2/4 family. Also the ancestor of tau
MAP4 did not show homology, which leads to the assumption that the ZipA
protein families independently evolved.

46



7 Summary and conclusion

The previously presented results lead to the following conclusions:

1. Bioinformatical workflows can be adapted to different biological prob-
lems e.g. manual perimeter measurements of endosomes (Balderhaar et
al., 2010).

2. A previous existing workflow to determine the number and the shape
of dendritic spines has been improved and adapted (Sündermann et al.,
2012).

3. A workflow to determine the branching pattern of a dendritic arbor from
previous manual image stitching and reconstruction has been developed
(Golovyashkina et al., 2014).

4. A workflow to evaluate neuron density in brain section has been devel-
oped with the help of supervised machine learning. It has been shown
that the supervised machine learning approach is able to include the knowl-
edge of the experimenter and combine this with the speed and the preci-
sion of automated processing (Penazzi et al., 2014).

5. A fully automated workflow based on shearlet and wavelet transforma-
tions of digital micrographs to determine morphological features of neu-
rons has been developed (Sündermann et al., 2014).

6. Image informatical methods to extract volume data and to obtain move-
ment data from RNA protein granules in PC12 cells have been developed.
It could be shown that G3BP1 containing granules nearly move in the
same speed as IMP1 continaing granules, but slower than mitochondria.
Futhermore, both have the same volume distribution (Moschner et al.,
2014).
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7. Bioinformatical methods have been used to predict putative tau isoform
specific interaction with miRNA (Moschner et al., 2014).

8. An additional image processing workflow for fluorescence decay after
photoactivation (FDAP) has been developed (Gauthier-Kemper et al., 2014).

9. Data mining approaches have been applied to assists in the analysis of
single molecule trajectories (Janning et al., 2014; Igaev et al., 2014).

10. The phylogeny of the MAPT/2/4 family has been revealed and poten-
tial functional motifs in the N-terminal region of tau have been discov-
ered (Sündermann F, Fernandez MP and Morgan R. "An Evolutionary
Roadmap to MAP Tau" (submitted)).
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