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1 Motivation

Figure 1: Screenshot of the Budapest Reference Connectome server

Biological research often results in big datasets which are then intended to be processed by the

power of computers. These “big data” can be of various nature. We are speaking of data tables

containing results of drug trials for thousands of people, collections of as much as several Gbp (giga-

base-pairs) of DNA sequences, MRI images, protein–protein interaction graphs, 3D structural data

of proteins, and neurological networks describing the micro- or macroscale structural connectivity

of a part or whole of the nervous system of an organism.

A relatively well-known example is the “brain graph” of the nematode Caenorhabditis elegans

[13]. Though this graph consists of only a few hundred neurons and synapses of this simple worm,

it is still beyond human comprehension at the moment and requires computational methods for us

to infer its properties. We may also compile graphs of the human brain, though here the vertices do

not correspond to neurons but to larger areas called ROIs (regions of interest). Without efficient

computer algorithms, analysis of these data would certainly be impossible.

These days one can easily find a lot of bioinformatical data on the internet. These data are either

open access or accessible on request. An unfathomable amount of resources have been invested

in collecting these data, but I believe that not all the information has been retrieved from these

datasets by those who have compiled them. In other words, one can also make exciting discoveries

by using datasets made available by other researchers. The databases have usually been compiled

for a specific purpose, to test a given hypothesis (e.g. the efficacy of a new medication), but I think

that meaningful research can be done by looking at these datasets from a different perspective,

and that is what being a “bioinformatician” means to me.
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2 Methods and results

2.1 Non-Euclidean k-means

The first section of this thesis describes my generalization of the k-means clustering algorithm [6].

The original k-means algorithm works only if the data points are in a Euclidean space. This is a very

important limitation, as more often the data points are not vectors, but more abstract entities with

a non-Euclidean distance metric. I showed that the classical k-means can be generalized to non-

Euclidean scenarios as well, when we have an arbitrary distance matrix, which does not even have

to correspond to a metric. My algorithm has since been applied by several other researchers [1–3].

2.2 Association rules and Alzheimer’s disease

One of my first results was using a drug trial database to infer association rules for Alzheimer’s

disease (AD). This disease is a great burden to advanced societies, where people tend to live

relatively long thanks to today’s advance medicine. While now we easily live into our 80’s or even

90’s, we cannot really escape the various kinds of dementia that go along with increased longevity,

including Alzheimer’s. We do have some drugs against AD that slow down the disease progress,

but in most cases the diagnosis is too late, with a great proportion of neurons already dead. Thus

we wanted to find biomarkers for Alzheimer’s which could predict the disease well in advance.

We used a database by CAMD (Coalition Against Major Diseases), which contained subject

data for 11 drug trials, with demographical data, blood panel results, mental health questionnaires

and cognitive test scores. Our goal was to find combinatorial association rules about Alzheimer’s

and dementia in general. That is, we searched for logical implications where the left side is an

AND/OR combination of attribute-value equalities, and the right side is somehow connected to

dementia. For example, the following expression counts as a combinatorial association rule:

sodium = high ∧ (protein = high ∨ age ≥ 60) =⇒ mmse total ≤ 15 (1)

The program I have developed used exhaustive search to generate expressions like this and

investigate the “truthfulness” of these rules. The results are interesting by themselves, but I have

also deployed this new data mining program on the internet, both as an open access webserver and

as an offline installer version. The webserver is named SCARF, which is an acronym for Simple

Combinatorial Association Rule Finder. This allows everyone to do combinatorial association rule

mining without having to install and learn an offline utility. Our article [7] describes these results.

Personally I think that the more easy to use a bioinformatics software is, the more popular

it tends to become among researchers. This is not surprising, since a lot of users are biologists

with limited programming experience. An excellent example is the case of webservers. Online

applications are often preferable to installable programs, because sometimes the most difficult part
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is to download a software, compile it, set it up and get it working. As easy as it sounds, it can

be tedious work. I believe that, along with their truly superior performance, user-friendliness

contributed greatly to the popularity of the well-known bioinformatics tools BLAST (Basic Local

Alignment Search Tool) and MG-RAST, among others. That is why I felt it crucial to deploy

SCARF as an online webserver.

2.3 The metagenomic telescope

Sequencing the whole human genome was undoubtedly a milestone in the history in bioinformatics.

The Human Genome Project, launched specifically for this purpose, ran from 1990 to 2003 and

cost 3 billion USD. Nowadays whole genome sequencing (WGS) costs less than $10,000 per sample,

and is already close to the $1000 mark.

Next generation sequencing methods provide us with a vast amount of data. The question is,

what can we do with all these data? The major challenge seems no longer reducing the cost of

sequencing, nor improving the speed of sequence assembly and post-processing, but finding new

applications to this already highly efficient process. Whole genome sequencing is used to discover

links between mutations in human genomes and diseases, diagnose heritable conditions, and find

previously unknown but useful genes in bacteria and archaea.

A similar technology brought the scientific field of metagenomics to life. Before the advent

of next generation sequencing, determining the bacterial composition of an environmental sample

was done by culturing the organisms, then counting the colonies or the individual bacteria under a

microscope. Though this process is simple and has a low material cost, it is slow because it requires

human intervention and cannot be automated easily. But the main problem is that only a fraction

of the organisms will be readily cultured in a laboratory, namely those bacteria and archaea that

thrive on the selected substrate. For example, extremophiles will not be able to survive in classical

laboratory conditions, exactly because they are adapted to extreme environments. In addition,

this method is not suitable for the discovery of unknown organisms because we do not know how

to culture them.

To escape from this vicious cycle, one can use next generation sequencing to obtain unbiased

information from environmental samples. According to one procedure, the DNA content of the

sample (also called the metagenome) is extracted, then the DNA is fragmented to yield pieces of

a few hundred base pairs. These short sequences are then processed further using biochemical

methods such as PCR, and then placed under a sensor array which detects the order of nucleotides

in a given short sequence. The resulting data consists of millions of these short reads. The great

advantage of this approach is that the short reads are taken randomly from the genome of the

organisms originally living in the sample, and, while the results comprise just a small fraction of

the original DNA material, enough of them are sampled, and each DNA fragment is equally likely

to be included. In other words, this is a statistically representative metagenome sampling method.
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The resulting dataset can then be used to infer the properties of the original environmental

sample. The reads can be assigned to known species or taxonomic groups of microorganisms, and

so the taxonomic composition of the environmental sample can be estimated from the metagenome.

Care should be taken to account for the genome sizes of different bacteria, because an organism

with a larger genome will have more reads sampled than an organism with a smaller genome.

Besides taxonomic analysis, reads can be aligned to a known database of protein coding genes,

and the functional composition of the metagenome can be determined. For example, we may

discover that the organisms in a sample have an unusually large number of methane-related genes,

and this may imply that they were adapted to the high hydrocarbon content the environment,

which may mean that we can discover organisms in this environment suitable for decomposing oil

in polluted areas.

We developed a new method called the metagenomic telescope [4] for determine the previously

unknown function of genes in higher organisms. We first constructed a HMM (Hidden Markov

Model) on known DNA-repair genes. Then we searched for DNA repair genes of microorgan-

isms living in extreme environments, using this model. We chose metagenomes of an acidic mine

drainage, hotwater springs and a wastewater plant because we hypothesized that extremophiles

living under these conditions will have better DNA repair mechanisms. After that, we collected

both the results and the original sequences, and constructed an enriched HMM from all these data.

Then we used this enriched HMM alongside the original HMM on the genomes of higher organisms

(human, dog, chicken, beef, etc.) to find genes which likely code proteins involved in DNA repair.

The enriched HMMs found more sequences than the original ones. By examining the 3D structure

of the proteins encoded by the newly found genes, we could indeed prove in some cases that the

proteins encoded by the newly characterized genes are not only sequentially similar to other DNA

repair proteins, but they have a similar secondary structure and form similar multimers. This

could mean that they are indeed involved in DNA repair, or at least that they have evolved from

related proteins. This demonstrated the power of the metagenomic telescope.

2.4 The frequency of 9-mers

One does not need to apply more complicated methods like HMMs for metagenome analysis.

Simply counting the number of occurrences of a short nucleotide sequence can lead to interesting

new discoveries. For example, it is already widely known that the GC-content (the number of G

or C nucleotides) of the genome is specific for bacteria species. But what if we counted sequences

longer than a single nucleotide? Perhaps we could classify genomes or metagenomes based on

the frequency of sequences that are a few nucleotides long. Of course, sequences with about 1000

nucleotides are definitely specific for genomes or metagenomes, since a sequence of this length

may correspond to a gene encoding a protein consisting of about 333 amino acids. These are the

two extreme cases: we know that one-nucleotide sequences like G and C are meaningful, and we
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also know that sequences of several hundred nucleotides are meaningful. But even sequences of

length 50 can be genome-specific: several markers of this length have already been identified [12].

Nevertheless, the frequency of sequences of length about 10 has not yet been employed previously

in genome or metagenome classification. I recently demonstrated that the frequency of certain

sequences of length 9 in gut metagenomes may be associated with diabetes. For further information

see our article [1].

2.5 Brain graphs

My recent results show that the connectomes (i.e. brain graph) of females and males tend to show

different graph theoretical properties [2]. Given a diffusion MRI image for a subject’s brain, one

can construct a graph that represents the connectedness of the various brain regions. First the

brain is segmented into gray matter and white matter, based mainly on fractional anisotropy but

also with anatomical considerations. Fractional anisotropy (FA) is a value between 0 and 1 which

describes the main diffusion directions at a voxel: if there is strong diffusion along an axis but

almost no diffusion in other directions, then it is close to 1; and if there is equal diffusion in all

directions, it is 0. Gray matter on average has a smaller FA than white matter, as white matter is

made out of axons where water diffuses mainly in the direction of the axons. After the brain has

been segmented into gray and white matter, the parcellation algorithm is run to identify the ROIs

(regions of interest), by trying to morph the image onto a reference brain which has previously been

parcellated by hand. The tractography algorithm runs in parallel: this module is responsible for

the tracing of axons. By combining the results of parcellation and tractography we can construct a

graph whose vertices are the ROIs and whose edges are the nerve tracts connecting these regions.

We can use multiple resolutions (brain atlases) at the parcellation stage, which means that the

resulting brain graph can have less or more vertices. Choosing the right atlas for a connectome is

always a compromise: atlases with fewer ROIs are anatomically more sensible, while atlases with

more ROIs result in a larger graph which may have more interesting graph-theoretical properties.

We used the Connectome Mapping Toolkit, which implements the pipeline described above, to

get connectomes from MRI images. Then we examined the connectomes of women and men, and

compared them to each other.

Although the connectomes of women and men turned out to be quite similar, we saw that the

female connectome had a significantly larger connectivity: it had more edges in general, and also

the proportion of inter-hemisphere edges was greater than that in males. By mathematical analysis

we also concluded that the female connectome is a better expander and has more spanning trees.

We have to emphasize that these differences are only about the connection structure of the brain

and does not allow one to jump to conclusions about the working of the brain. Our article [2]

describes these findings in detail.

I have also made available a 3D brain graph model online called the Budapest Reference Con-
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nectome [3], where one can view a consensus connectome, which means that I averaged the con-

nectomes of several people into one graph, and that graph can be visualized in an interactive web

application.

The subject database of the Human Connectome Project also let me make interesting discoveries

about the correlation of brain ROI sizes, psychological test scores and cognitive scores. This data

table contained 527 rows (one for each subject in the study), and 451 columns (attributes). For

each subject, a wide variety of data was available, including demographic data, results of cognitive

and mental health tests like MMSE (Mini Mental State Exam), NIH toolbox (psychological and

cognitive tests), and NEO-FFI (a five-factor inventory for personality testing). A more interesting

part of this database was the inclusion of the volume of brain regions obtained by parcellation:

those at Human Connectome Project who compiled this database run the parcellation utility of the

FreeSurfer software package to identify the ROIs of each brain, then calculated the volume of the

subcortical regions, and the average thickness and area of cortical regions (whose product equals

to the volume anyway). I augmented this database by including the graph-theoretical parameters

of the connectomes.

My goal was to discover interesting correlations between the attributes. In other words, I

aimed to select a set of attribute pairs with the most important correlation, which is exactly an

undirected graph on the attribute set, whose edges correspond to correlated attribute pairs. To

achieve this, I calculated a maximum-weight spanning tree on the attributes, where the weight of

each edge was the absolute correlation between the two attributes. The reason for this was that

I wanted to uncover the hierarchical structure of the attributes, filter the information contained

in the correlation matrix, and avoid cycles in the resulting graph because if X correlates with Y

and Y correlates with Z, then it is “likely” that X will correlate with Z, too, and then the XZ

correlation does not represent much new information. This approach is similar to the one used by

Mantegna et al. [4], who explored connections between daily stock returns.

The spanning tree showed some results we already expected, and some that were new and

interesting discoveries to us [11]. On one hand, the emotion scores of the NIH toolbox formed a

subtree just as expected, but the way they became connected in the tree now allows us to cluster

these attributes, and obtain a big picture on how these emotions are correlated with each other.

For example, stress was a major hub of this subtree, connected with life satisfaction, self-efficacy,

sadness and anger-hostility; and the tree also shows that friendship is more connected to emotional

support that instrumental support. The subtree corresponding to ROI sizes has two major hubs.

It is probably not surprising that these hubs are the left and right hemisphere volume, which are

dependent on the total brain volume and, in turn, determine the sizes of the individual ROIs.
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O NIH Toolbox Cognition Domain ♦ NIH Toolbox Emotion Domain
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Figure 2: The correlation tree

3 Conclusion

I hope that my research has contributed to exploiting the vast amount of big data for the needs of

humanity. We need a better understanding of diseases and the human body to make people’s lives

better. I believe that using the enourmous amount of freely available data and looking at them

from a different perspective can help us a lot in achieving this goal.
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