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This conceptional note deals with the problem of performing personalized medi-
cine by employing network-based techniques. We demonstrate this by way of ex-
ample when detecting complex diseases.
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1. Introduction

The research on personalized medicine has been still intricate to explore medical
decision models and products for individual patients'. To do so, several decision
models by using statistical techniques have been used and optimized?. A major
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application of personalized medicine has been cancer management and its strat-
ification, i.e., to estimate the cancer risk for the clinical management. In this pa-
per, we sketch a conceptional approach to perform personalized medicine by us-
ing complex network analysis® where the pathways (networks) are inferred from
DNA microarray cancer data*.

In order to start, we briefly outline the most recent developments in network biol-
ogy>. Afterwards, we state the crucial idea how to represent biomarker as complex
networks. Also, we briefly mention mathematical techniques to analyze pseudo
pathways quantitatively. The paper ends with a discussion and outlook.

Due to the increasing trend towards personalized, molecular and precision medi-
cine (P4 medicine: Predictive, Preventive, Participatory, Personalized®), biomed-
ical data today results from various sources in different structural dimensions,
ranging from the microscopic world, and in particular from the omics world (e.g.,
from genomics, proteomics, metabolomics, lipidomics, transcriptomics, epige-
netics, microbiomics, fluxomics, phenomics, etc.) to the macroscopic world (e.g.,
disease spreading data of populations in public health informatics’).

This «Big Datay is not a buzz word, actually we are at a paradigmatic shift of sci-
entific work and medicine is turning into a data intensive science. Whilst, the tra-
ditional method of turning data into knowledge relied on manual analysis and
interpretation by a medical doctor in order to find useful patterns in data for de-
cision support, now The systematic exploration of this big data can be seen as a
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completely new paradigm in the investigation of nature®: Machine learning ap-
proaches provide a mechanism for data driven hypotheses generation, optimized
experiment planning, precision medicine and evidence-based medicine. The chal-
lenge is not only to extract meaningful information from this data, but to gain
knowledge, to discover previously unknown insights, to look for patterns, and to
make sense of the data’. Diverse approaches, including statistical and graph the-
oretical methods, data mining, and computational pattern recognition, have been
applied to this task in the past'® and although machine learning approaches are
indispensable current trends are increasingly putting the human-into-the-loop'!,
leaving the grand goals of the 1970ies artificial intelligence to make everything
automatic. However, an increasingly important issue is the limited time which
medical doctors have in their daily clinical routine: in average a medical doc-
tor in a public hospital has only five minutes to make a decision'?, hence interac-
tive tools for decision support are a necessity, which calls for powerful grid-based
computing approaches. Inferring that the future of personalized medicine will be
based on mobile technologies and cloud-based technologies, one of the most im-
portant future aspects are in privacy, data protection, data security and data safety
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and the fair use of data'>. This calls for data accessibility, legal restrictions, con-
fidentiality and data provenance. Consequently, the field of knowledge discovery
and data mining is challenged by a number of non-trivial future aspects to prop-
erly address these complex restrictions in dealing with big data.

II. Network Biology

Network-based techniques have been investigated in various disciplines such as
chemistry', biology!'s, ecology'® and finance!”. In particular, network biology!'®
deals with analyzing biological data sets in the context of systems biology'’. In
systems biology, the underlying biological systems are usually understood as dy-
namical systems which are investigated holistically?.

Towards network analysis, two main categories of network analysis may be dis-
tinguished: One may use methods from so-called descriptive graph theory?! or
approaches from quantitative graph theory??. Methods which belong to the first
category describe structural features of a network deterministically. The second
category is concerned with developing techniques to quantify structural informa-
tion by using a measurement approach?:. In addition, so-called machine learning
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methods have been used to analyze network data efficiently?*. On the one hand,
network-based techniques have been successfully applied to tackle various ques-
tions in systems biology?. On the other hand, network-based methods have been
proven amazingly efficient and flexible to examine problems related to the func-
tion and structure of biological systems in the postgenomics era.

In the following, we list some still outstanding and intricate problems in network
biology and related areas in brief:.
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Network Biology for Medicine

— Inferring complex networks from High-Throughput data sets, e.g. cancer?’

—  Structural Analysis of biological networks?®

— Developing information-theoretic and statistical techniques for complex
network analysis?

Structure-oriented Drug Design

— Representing molecule structures as graphs3

— Quantifying the structure of molecules using so-called topological descrip-
tors?!

—  Predicting chemical or biological activities of the molecules using graph-
theoretical and statistical techniques®
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III. Personalized Medicine by Using Network-Based
Approaches

In this section, we describe the problem of performing personalized medicine by
using cancer data and complex networks by way of example. More precisely, we
consider so-called complex diseases which have been defined due to Strohman*3
for inferring cancer networks.

Definition 3.1 A complex disease can not be defined by a single biomarker (gene)
but a group of interacting genes (pathways).

For instance, the Coronary heart disease, Hypertension, Diabetes, Obesity, Vari-
ous cancers, Alzheimer’s disease, and Parkinson’s disease are known to be com-
plex diseases. Non-complex diseases, that is Mendelian diseases, are for exam-
ple Huntington (D), BRCA (breastcancer, D), Cysticfibrosis, and Thrombophilia.

Now we briefly recall the classical view to describe Mendelian diseases on a gene
level. If the expression of a gene changes, then the function of the gene changes.
Also if the function of a gene changes, the phenotype of the organism changes ac-
cordingly. Consequently, we obtain a genotype-phenotype mapping in the Men-
delian sense and the phenotype corresponds to the disease. Finally, we obtain that
differentially expressed genes are markers of diseases which corresponds to the
classical view of biological data analysis.

The new view is based on the hypothesis that biological processes in a cell form
dynamical systems that maintain biological functions. That means the biological
function is in general a collective effort. This implies that groups of genes partici-
pating in a biological process are important and groups of genes interact with each
other. Otherwise we were unable to infer any dynamical system.

Ideally, this aims to infer pathways from an individual patient by using high-
throughput data sets. Therefore this leads to a procedure to perform personalized
medicine. In the following, we give a concrete example to do so when detecting
complex diseases* and consider Figure 1. We see that two groups of patients ex-
ist, here sick versus non-sick. Then pseudo path- ways are inferred from the under-
lying DNA microarray data, e.g., cancer. Finally Figure 1 says that one can detect
complex diseases by comparing the inferred pseudo pathways quantitatively. For
instance, we could pairwisely compute the structural similarity between the path-
ways and then calculate the distance between the obtained similarity distributions.

33 STROHMAN R., Maneuvering in the complex path from genotype to phenotype. Science,
296(5568): 701-703, 2002.
3 EMMERT-STREIB F./DEHMER M., Analysis of Microarray Data (Fn. 3).
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Figure 1: Detecting complex diseases by means of complex networks and com-
parative network analysis®.

Key Challenges along with big data include Data in the Cloud, mobile solutions,
the trend towards software-as-a-service, and the massive increase in the amount
of data, consequently lot of future effort must be spent in Privacy, Data Protection,
Security and Safety. The challenges of data integration, data fusion and the in-
creased use of data for secondary use put these issues from a «nice-to-havey into
the key interest; just an example: In January 2013, the US Department of Health
released the so-called Omnibus Final Rule, which significantly modified the pri-
vacy and security standards under the Health Insurance Portability and Account-
ability Act (HIPAA). These new regulations were driven by a need to ensure the
confidentiality, integrity, and security of patients’ protected health information
(PHI) in electronic health records (EHRs) and addresses these concerns by ex-
panding the scope of regulations and increasing penalties for health information
violations*.

A further big issue — particularly in the context of P4 medicine — is the secondary
use of data, providing patient data for clinical and/or medical research. For most
secondary data use, it is possible to use de-identified data, but for the remaining
data protection issues are very important’’. The secondary use of data involves
the linkage of data sets to bring different modalities of data together, which raises
more concerns over the privacy of the data. A classic example is the publication
of the Human Genome, which raised new ways of finding relationships between
clinical disease and human genetics. The increasing use and storage of P4 rele-
vant data also impacts the use of familial records, since the information about the
patient also provides information on the patient’s relatives, which can indeed be
very useful. Another big issue is the production of anonymized open data sets to
support international joint research efforts.

IV. Discussion and Outlook

Inferring and analyzing networks by using DNA microarray data has been proven
useful for at least a decade. Consequently, genome-wide high-through-put tech-
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American Medical Informatics Association white paper. Journal of the American Medical
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nologies have been proven useful for performing personalized medicine. In fact,
applying the underlying mathematical methods bears enormous potential to per-
form personalized medicine in the future. As huge data sets for inferring and ana-
lyzing pathways exist, the issue of data protection is crucial too. This encompasses
the whole range of issues from privacy, data protection, safety and security which
always must be taken into account, see e.g. hcidall.at.

Also, it has been shown that not only the analysis of next-generation sequencing
technologies to generate, e.g., DNA sequence data has been useful®. In this con-
text, Emmert-Streib and Dehmer*’ recently explored the hypothesis that dynOm-
ics data can be important for enabling personalized medicine by complementing
genotype data*!.

A further grand challenge and big issue in research is the interaction with large
graphs for graph-based data mining and knowlege discovery, where Holzinger
and Dehmer do some pioneering future work®. During the last decades, many
biological data sets have been growing exponentially in their size. Also, the com-
plexity of those data sets (e.g., high- throughput data) bears potential problems
when analyzing the data. For example, the networks might not be deterministi-
cally inferrable and, hence, one needs statistical techniques to cope structural er-
rors. This example gives an idea about the complexity of the problem of select-
ing the right method.
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