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CHAPTER 1

1	 PROTEINS

All living organisms produce proteins to perform the various tasks that allow them to 
survive and reproduce. Proteins are key to many different processes in and around living 
cells. They provide structure to the cell, are used by cells to communicate with their 
surroundings, store nutrients, catalyze reactions and can even protect the organism 
from harm. In short, without proteins a cell, and thus life, cannot exist.

1.1	 Genetic information & protein synthesis
The collection of proteins that an organism produces is encoded in its genome in the 
form of deoxyribonucleic acid (DNA). The DNA of an organism contains all informa-
tion needed for it to grow, develop and reproduce. A typical genome contains both 
coding as well as non-coding DNA. Large sections of a genome can be non-coding, 
for example, only less than 2% of the human genome consists of protein coding DNA. 
Genes, regions in the genome that encode functional molecules, need to be expressed 
to produce molecules such as functional ribonucleic acid (RNA) or proteins. Protein 
expression (illustrated in figure 1) is the process in which a ribonucleic acid (RNA) poly-
merase protein reads the DNA and transcribes it into messenger RNA (mRNA). mRNA 
can be translated by a ribosome protein into a chain of amino acids, or a ‘polypeptide’. 
In this process each codon in a gene, consisting of three nucleotides, encodes for a 
single amino acid. The finished polypeptide folds into a 3-dimensional protein struc-
ture through various intrinsic and extrinsic forces such as hydrophobic interactions, 
hydrogen bonds and van der Waals forces. Many proteins are biologically active in this 
folded form. However, some proteins first need to be transported, modified or form a 
protein complex before they become active.
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Figure 1. Schematic overview of protein expression. A gene in the DNA is transcribed to RNA 
molecules, that in turn is translated to a chain of amino acids. This chain then folds to form a 
3-dimensional protein that can perform its function.

1.2	 Protein structure
A protein can be described in four distinct aspects:
1.	 The primary structure, the sequence of amino acids that make up the polypeptide. 

This is the simplest description of a protein and commonly represented by a string 
of characters that each represents one of 20 amino acids used by the ribosomal 
translation machinery, ‘ACDEFGHIKLMNPQRSTVWY’.

2.	 The secondary structure, the locally folded structures are subsegments of the com-
plete conformation and form mainly by bonds with other amino acids of the protein 
molecule. Such structural regions consist of alpha helices or beta strands and are 
connected by unstructured loops of amino acids.

1
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3.	 The tertiary structure, the completely folded 3-dimensional protein. The function 
of a protein results from the placement of key-residues in a specific 3-dimensional 
configuration. In this configuration each residue performs a specific task such as 
binding a compound or catalyzing a reaction.

4.	 The quaternary structure, this encompasses the mature protein in combination 
with other compounds and protein molecules needed to form a protein-complex 
and create a functional and biologically active molecule. Not all proteins require a 
quaternary structure.

While the average protein consists of around 350 amino acids, protein sizes can range 
from less than a hundred to thousands of amino acids. Titin for example, is a human 
muscle protein of almost 27 thousand amino acids in length. Such large proteins con-
sist of multiple structural domains that vary in size and function to form a complex 
molecule adapted to specific needs of an organism.

Even though some proteins consist of long amino acid polypeptides, when compared to 
living cells they remain very small. The diameter of most protein molecules is smaller 
than 10 nm and whereas most cells can be seen with a microscope, protein molecules 
are too small to be observed using techniques that utilize visible light. To place protein 
molecules in perspective to the size of cells, a single E. coli cell can contain between 
four and a hundred million protein molecules while a larger human cell is estimated to 
contain one to ten billion proteins (Milo 2013).

1.3	 Protein evolution
Evolution is a process that, over time, enables species to adapt to their environment. 
During reproduction, an organism’s genome is replicated. Errors in this replication 
process lead to random changes in the DNA of each new generation. When such a 
random change invokes a missense mutation, it results in an amino acid change in 
the encoded protein. Such a residue substitution can result in a negative, positive or 
neutral effect on protein function. Mutations with a negative effect will often lead to a 
reduced fitness and result in an organism with a smaller chance to survive and repro-
duce. However, mutations with a beneficial effect can increase the chances of survival, 
and thus of reproduction.

Over time, this evolutionary pressure leads to the selection and propagation of bene-
ficial mutations throughout a population while detrimental mutations are suppressed. 
Of course, when conditions in the environment change, other variations might suddenly 
benefit the organism’s chance to survive, reproduce and enable a species to adapt.

Structure conservation
Evolutionary pressure counteracts the random changes in replication and leads to 
proteins that remain functional throughout generations.
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This pressure applies solely on to protein function. A protein’s sequence and 3-dimen-
sional structure are free to change as long as the function is conserved. However, due to 
the close relation between protein sequence, structure and function the effects of evo-
lutionary pressures can be observed in protein sequences and their structures. Dupli-
cation events, where an additional copy of a gene is created, can bypass this effect and 
allow one copy to mutate freely and potentially result in a protein with a novel function.

Since protein function is determined, to a great extent, by the 3-dimensional structure, 
proteins often remain functional when the structure of a mutated protein remains the 
same. In fact, many residues can mutate without greatly affecting the overall protein 
structure and its function. Aerts et al. demonstrated the robustness of proteins with the 
construction of several protein variants with 70 mutations that remained active (Aerts 
et al. 2013). The structural constraints related to function cause protein structures to 
remain conserved far longer throughout evolution than protein sequences (Illergård et 
al. 2009). The specific function of a protein is determined by a small subset of, usually 
conserved, key-residues positioned in a highly specific 3-dimensional configuration. 
When such residues mutate, the protein either becomes defective and is filtered out 
by evolutionary pressure or the protein function changes and serves the organism in 
a different task.

Snapshot of evolution
In evolution many protein variants have been and are continuously produced. Therefore, 
the sequencing projects undertaken in recent years can be considered as a snapshot of 
evolution. Due to evolutionary pressures the propagation of detrimental mutations has 
been suppressed so that most protein sequences observed today result from neutral 
or useful variations in evolution. Since this bias towards sequences from functional 
proteins is present in the sequence data that results from sequencing projects, many 
non-functional variations will be missing from this snapshot, as demonstrated by Jo-
chens et al. (Jochens et al. 2010). The analysis of protein sequences across a family 
can therefore be employed to discover patterns and gain insight into protein residues. 
Protein positions can be identified that play certain key-roles in a protein and insight 
can be gained in residues that are conserved or absent in protein family members and 
when mutated will likely have a detrimental effect. To conclude, a lot can be learned by 
studying the evolution of protein families.

1.4	 Human genetic variation & disease
Evolution has led to a wide variety of variants in human genomes. This process of 
mutation results in genetic variation among a population and enables the species to 
adapt and evolve. In 2017, over 324 million human variations were reported in dbSNP 
(Sherry et al. 2001; dbSNP 2017). Whereas most variants can be considered natural 
human variation, some variations are detrimental and lead to a disease phenotype. 
Almost 4,000 genes are reported in the Online Mendelian Inheritance in Man (OMIM) and 

1
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Human Gene Mutation Database (HGMD) databases that, when mutated, can lead to 
one of 6,000 monogenetic disorders (Hamosh et al. 2000; Cooper et al. 2010). However, 
compared to the 324 million human variations reported in dbSNP, only 142 thousand 
(<0.05%) nonsynonymous variations related to disease are reported in the HGMD.

The distinction between pathogenic or benign human genetic variation still remains 
difficult to predict (Mahmood et al. 2017). To predict the effect on a phenotype, multiple 
levels of complexity need to be considered. For example, when a variant protein has 
retained some of its function or a fallback mechanism exists, such as an alternative 
pathway that can take over a critical process in a cell, a disease phenotype might not 
establish (MacArthur et al. 2012). When human variants critical to the functioning of 
proteins are better understood, diseases could be recognized and treated earlier to 
perhaps even prevent a disease phenotype from establishing.

1.5	 The need to better understand proteins
Proteins are complex molecules that vary greatly in form, size and function. They can 
be roughly divided into three groups; membrane proteins that are anchored in a cell’s 
membrane, globular proteins that are often enzymes and can dissolve in water, and 
fibrous proteins that can provide structure to cells. Each protein has a specific role in 
the complex functioning of an organism and, when it malfunctions, can lead to dis-
ease. Proteins also provide opportunities for biotechnological processes and solutions. 
Therefore, both the fields of diagnosis/treating human diseases and the application of 
proteins in biotechnological engineering projects stand to benefit from a better under-
standing of proteins. Here, a subset of protein types is explored, along with examples of 
both human diseases they cause and their potential for biotechnological applications.

Receptor proteins
Receptor proteins enable a cell to react to signals. A signal can be passed along a signal 
transduction pathway that usually regulates gene expression. For example, an activated 
receptor can initiate cell reproduction, cell death or the production of a specific enzyme 
in response to a change in the cell’s environment. Trans-membrane receptors, such 
as G protein-coupled receptors (GPCRs) are responsible for the transmission of regu-
latory signals between the in- and out-side of a cell while nuclear receptors can move 
around in the cytoplasm and initiate DNA transcription when activated. Mutations in 
receptor proteins can for example cause them to activate without the original signal. 
This can lead to various diseases such as carcinomas or diabetes (Kimple et al. 2014; 
Yu et al. 2018). As a biotechnological application, receptors can for instance be used 
to engineer bacteria to detect and report the presence of specific compounds, such as 
explosives (Shemer et al. 2015).
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Enzymes
Enzymes, proteins that catalyze chemical reactions, are often globular in shape. These 
proteins can perform a wide range of reactions efficiently and are employed to help a 
cell regulate proteins, defend against threats, or process nutrition. Over 5,000 reactions 
are currently known to be catalyzed by enzymes (Schomburg et al. 2013). Some en-
zymes are only activated after they have been secreted to the extracellular environment, 
for instance to break down nutrients into digestible parts.

Many human disorders result from dysfunctional enzymes, for example an impaired 
alpha-galactosidase enzyme can lead to Fabry’s disease, or an affected Janus kinase 
that is part of a signal transduction pathway can result in a cell proliferation signal that, 
in turn, can lead to cancer (Koulousios et al. 2017; Jolly and Van Loo 2018).

Enzymes discovered in nature can also be optimized or modified to produce compounds 
that are of industrial or economic benefit. To achieve this, a protein is optimized, cloned 
into a production strain and fermented. Protein molecules harvested from the fermented 
cells can be dried and used. This has been applied to a wide range of applications such 
as laundry detergents, biofuel production and the degradation of plastics (Wilson 2012; 
Harris et al. 2014; Vojcic et al. 2015; Austin et al. 2018).

Membrane transporters
Transporter proteins can facilitate the movement of ions and molecules through a 
cell’s membrane. This can either be achieved by channels through a passive diffusion 
process or facilitated by carriers through active transport. Potassium channels allow 
the flow of potassium ions across the membrane to restore the membrane potential 
and allow cells to generate electrical signals. Mutations in potassium channels can 
lead to a variety of muscle and heart disorders such as long QT syndrome (LQTS). 
On the other hand, porin proteins are utilized in nanopore sequencing technologies 
(Deamer et al. 2016).

Structural proteins
Structural proteins are often fibrous proteins that aggregate and form long protein fil-
aments. Such molecules have a structural function and are more resistant to denature 
than globular proteins. They are for example used to create an extracellular matrix to 
which cells can attach or to produce other structural material such as nails, hair, or 
spider silk. Defects in structural proteins can lead to muscle and growth disorders 
such as Marfan syndrome where the extracellular matrix is impaired (Bolar et al. 2012). 
In biotechnology research, fibrous proteins are of interest to engineer new materials 
with specific properties (Yigit et al. 2016). Besides the protein types discussed here, 
many other protein types exist that can lead to disease or can be engineered such as 
antibodies, hormonal messengers, regulatory proteins or even toxins.

1
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Challenges & Opportunities
It remains a challenge to accurately predict the effect of novel variations in (human) 
proteins, to distinguish between human natural variation and pathogenic mutations 
or to determine which mutations should introduced to optimize a protein. A better 
understanding of protein function would accelerate the adoption and application of 
proteins in production processes as commercial products and help to diagnose and 
treat human diseases.

2	 WET LAB VERSUS BIOINFORMATICS TO LEARN  
	 ABOUT PROTEINS

2.1	 Wet Lab
A traditional approach to gain insight in proteins is to study the effect of introduced 
alterations to a gene or organism. Observations of modified or absent proteins can 
be compared with wild-type proteins or strains to deduce the natural role of a protein 
or residue. Measurements from such wet-lab experiments are direct observations of 
a protein in action and do not rely on potentially incomplete models or incorrect as-
sumptions. Therefore, protein data derived from experiments can be considered a high 
value resource. Many different experimental methods are available to research pro-
teins, such as gene knockouts or knock-ins, amino acid substitutions, alanine scans 
or mutation libraries (Wertman et al. 1992; Wang et al. 2015; Celie et al. 2016). One of 
the traditional methods to investigate a protein’s role is to create a knockout-variant 
and observe an organism without this protein. To gain insight into the roles of specific 
protein residues, single mutations can be made to observe how a protein’s function is 
affected. Screening of such mutations can be performed on many different parameters 
such as activity, substrate specificity, enantio-selectivity or thermostability to learn 
how a variation affects different traits.

To identify important positions in a protein an alanine scan can be performed (Morrison 
and Weiss 2001). This method consists of consecutively substituting all residues of a 
protein with an alanine, a residue with a non-reactive sidechain, to observe how this 
substitution affects the protein. The assumption is that substitutions of important 
residues have a detrimental effect while mutations of less important residues have a 
neutral effect on protein function. This method can identify hotspots in a protein that 
can be subsequently investigated with further mutagenesis experiments.

A more advanced approach is to construct mutation libraries where thousands of vari-
ants are screened to observe new combinations of residues that remain functional, this 
knowledge can for example be employed to select enzymes more suitable for a specific 
reaction. However, as this approach can be very labor intensive, the size of a library is 
usually determined by the ability to screen variants.
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2.2	 Alignments & information transfer
Although wet-lab experiments can offer valuable insight, they can be expensive and 
require much time and effort. Therefore, it makes sense to use data that is publicly 
available before wet-lab experiments are considered or to optimize wet-lab exper-
iments. Evolution can be viewed as a wet-lab experiment on a very large scale that 
can be studied by sequencing samples of DNA taken from nature. Since evolutionary 
pressure creates a bias towards beneficial mutations in proteins that survive and are 
sampled today, the sequences available in nature can be used to learn about proteins 
without any experiments in a laboratory. For example, insight into a specific protein 
can be gained by an in-silico comparison with homologous proteins. To compare and 
analyze homologous proteins a protein alignment is needed that reveals which resi-
dues inhabit equivalent positions and perform similar functions. In essence, a protein 
alignment is the comparison of their 3-dimensional structures. Therefore, the highest 
quality protein alignments result from a superposition of protein structures. However, 
since for most proteins structural data is not available, proteins can often only be 
aligned by a sequence alignment method. Many sequence alignment tools are avail-
able to align two or more sequences (Katoh et al. 2002; Larkin et al. 2007; Potter et al. 
2018). An alignment contains information on changes that occurred in evolution such 
as mutation, insertion and/or deletion events. A multiple sequence alignment (MSA), 
such as shown in figure 2, provides insight in how proteins changed over time under 
evolutionary pressure.

Figure 2. Part of a multiple sequence alignment. The residues are colored to indicate the chemical 
properties of the amino acids. Structurally non-conserved regions have been left out of this alignment.

Conservation, variation
An MSA can be analyzed to reveal patterns such as conservation and variation. On 
some alignment positions a residue will have remained conserved while on others a 
high degree of variation can be observed. Conservation often indicates that an evolu-
tionary pressure is present to keep a certain function of these proteins intact. On the 
other hand, positions that show a high amount of amino acid variation indicate that 
mutations do not affect protein function too much. Such a basic analysis of evolution 
can already provide insight in important residues. For example, alignments of human 
protein sequences with only a relatively small number of close homologs have for years 
been used to evaluate pathogenicity of human natural variants (Ramensky et al. 2002; 
Ng and Henikoff 2003). However, MSAs that include more distantly related proteins 
contain more information and should thus be better suited to evaluate the importance 
of residues.

1
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MSA information transfer
When experimental data is available for a closely related protein, a sequence alignment 
can be used to project information on a protein of interest. For example, when a protein 
structure is available, an alignment or a homology model can be created to learn which 
residues bind the ligand. This transfer of information between aligned residues is pos-
sible due to structural conservation of proteins in evolution. Since protein function is 
determined by the orientation of key-residues in the 3-dimensional structure, protein 
function changes when these key-residues mutate. However, due to the key position 
of these residues in the protein structure, substituted residues will likely perform a role 
similar to the residues they replaced. For example, when residues responsible for an 
enzyme’s substrate specificity change, the specificity changes but the role played by 
introduced residues still determines substrate specificity. This allows for the transfer 
of residue specific information between structurally equivalent residues in homologous 
proteins (Gricman et al. 2014, 2015). Figure 3 shows an example of such equivalent 
residue positions for a protein family that includes distantly related proteins.

Figure 3. Superposition of five sequentially distinct P450 protein structures. The colored residues 
show a subset of positions that have remained structural equivalents throughout evolution and 
thus likely fulfill similar roles in these proteins.

Through insertion and deletion events the structural configuration of proteins can 
change throughout evolution. Some protein regions diverge so far that they no longer 
share a structural fold with family members. Such structurally non-conserved regions 
cannot be aligned to transfer information between residues of homologous proteins 
since they do not share structural equivalent residues. Especially in alignments of 
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protein families that cover large phylogenetic spaces (and large taxonomic ranges) 
such events must be considered.

Experimental data available for protein homologs can also be transferred via an align-
ment to further study a protein of interest. When data from remote members in larger 
protein family alignments are concerned, a high-quality MSA is needed to transfer 
information. A mistake in the alignment can result in an incorrect transfer of data to a 
residue that is not the structural (and thus functional) equivalent of the source residue.

To conclude, the study of protein evolution can provide insight by analyzing patterns 
in protein sequences sampled from nature. Knowledge gained from experiments on 
individual proteins can be combined with patterns observed in MSAs and projected on 
a protein of interest to better understand proteins.

2.3	 Conclusions
Knowledge of homologous proteins can thus be a valuable resource to study a protein 
of interest. The combination of experimental results published in scientific journals with 
protein structures or sequences deposited in online databases allows for this informa-
tion to become available to researchers before (further) wet-lab work is considered.

3	 PROTEIN DATA AVAILABILITY

Over the past decades the amount of available protein related data has grown rapidly 
in all areas. Through these data researchers have observed many proteins in various 
environments to gain understanding in their diversity, form, and function. Different 
techniques have been developed to measure proteins and, therefore, the amount of 
data available in the form of protein sequences, structures and experimental results 
has expanded greatly.

3.1	 Protein sequence data
The ability to determine a protein’s primary sequence has enabled us to observe the 
results of evolution on a molecular scale. Protein sequences sampled from nature give 
insight in the diversity of proteins available in an environment and enable the discovery 
of new enzymes. To determine a protein sequence, the DNA that encodes it is typically 
isolated, sequenced and subsequently translated to obtain the amino acid sequence.

40 years of DNA sequencing
Over the past 40 years, many techniques have been developed that revolutionized the 
field of DNA sequencing (Shendure et al. 2017). In 1977, the first two techniques that 
allowed the identification of multiple nucleotides of a DNA strand were developed by 
Sanger et al. and Maxam and Gilbert (Maxam and Gilbert 1977; Sanger et al. 1977). 
Both methods created DNA fragments of different sizes where the last nucleotide was 
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known. By measuring the size of each fragment through gel electrophoresis the order of 
these fragments could be determined, thus revealing the nucleotide sequence. Sanger 
created these fragments by inhibiting the polymerase chain reaction (PCR) with mod-
ified nucleotides. Maxam and Gilbert created fragments by a chemical reaction that 
spliced the fragments at specific nucleotides. By 1987, a fluorescence-based approach 
of Sanger’s method could detect around 1,000 base-pairs per day (Smith et al. 1986).

These sequencing techniques led to the development of shotgun sequencing. This 
method utilizes the overlap between sequence fragments sequenced from random 
clones to re-construct the DNA (Staden 1979). With the application of these techniques it 
became possible to sequence complete genomes (Fleischmann et al. 1995). These tech-
niques also led to the human genome project (HGP) which took over 15 years and was 
finally completed in 2004 (International Human Genome Sequencing Consortium 2004).

NGS massively parallel sequencing
The next generation of sequencing technologies (NGS) became available in 2005 
(Shendure et al. 2005). In NGS, many sequencing reactions are performed in parallel to 
greatly scale-up the sequencing rate, increasing throughput and dramatically lowering 
sequencing costs per base pair (Wetterstrand). These techniques enabled new large-
scale experiments such as sequencing metagenomes of microbial communities and 
the re-sequencing of many whole human genomes (WGS) and exomes (WES). WGS and 
WES availability led to the 1000 genomes project and the release of over 6,500 human 
exomes (1000 Genomes Project Consortium et al. 2010, 2015; Fu et al. 2013). At around 
the same time, these technologies allowed expeditions over the world’s oceans to be 
undertaken to sample and sequence microbial and viral metagenomes (Yooseph et 
al. 2007; Williamson et al. 2008). More recently, a worldwide ocean sampling day was 
introduced to survey ocean microbial communities over time (Kopf et al. 2015). These 
sequencing efforts allow protein families to be explored or human genetic variation to 
be charted.

Single molecule sequencing
Currently, two promising single molecule sequencing technologies are in development 
that could eventually replace NGS technologies. Single molecule sequencing is a new 
sequencing approach that no longer requires error prone DNA amplification steps and 
truly diverges from Sanger sequencing. These techniques work by either observing DNA 
synthesis in real time or by the detection of nucleotides that pass through a nanopore.

Pacific Biosciences uses an immobilized DNA polymerase that accepts nucleotides 
modified with different fluorescent tags. These tags emit light when the nucleotide is 
incorporated by the polymerase complex that can be detected to reveal the nucleotide 
(Eid et al. 2009). The sequential bursts of light reveal the nucleotide sequence and 
since the modified nucleotides do not terminate DNA synthesis, large read sizes can be 
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achieved. Due to a random distribution of sequencing errors, high-quality consensus 
sequences can be achieved through this technology and could offer advantages in the 
de novo sequencing of genomes.

Oxford Nanopore Technologies employs a nanopore protein in an artificial membrane 
to which a potential is applied that results in an electrical current flowing through the 
pore. When a strand of DNA passes through this nanopore the electrical current is 
influenced by the (combination of) nucleotides inside. These disruptions are detected 
and translated to reveal the DNA sequence (Deamer et al. 2016). This technology can 
lead to very large read lengths and, since no optical detection apparatus is required, 
can be reduced to small devices that can, for example, be used in the field with a laptop 
computer (Jain et al. 2018).

Sequence data
Due to the aforementioned development of sequencing technology, the amount of pro-
tein sequences available in public databases has grown exponentially over the past 20 
years. Whereas the human genome project took almost 15 years to complete, it is now 
possible to sequence a human genome in a single day. Many sequencing studies have 
since been completed and this has culminated in the availability of over 100 million 
protein sequences in UniProt, even when protein sequences from closely related strains 
where removed in 2015 (figure 4).

Figure 4. Number of protein sequence entries in the UniProtKB/TrEMBL database. The growth of 
sequences is exponential even after the removal of proteins from closely related strains in 2015, 
which nearly reduced the number of sequences by half. The drop of sequence entries resulted 
from a reduction in proteome redundancy.

1
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3.2	 Protein structures
Compared to an amino acid sequence, a protein structure can far better reveal how a 
protein functions on a molecular level. When available, a structure can provide insight 
into a protein’s active site, surface area, interaction sites and other important positions. 
Therefore, the ability to elucidate the 3-dimensional conformation of a protein often 
advances the research in a field. However, the structure of a protein is far more difficult 
to determine than its sequence. Luckily, many protein structures are available in online 
resources such as the RCSB protein data bank (PDB) (Berman et al. 2000). Different 
methods are available to determine the structure of a protein. The three most popular 
methods are X-ray crystallography, nuclear magnetic resonance spectroscopy (NMR) 
and electron microscopy (EM). To date, over 130 thousand protein structures determined 
with one of these methods have been submitted to the PDB and are publicly available.

X-ray crystallography
X-ray crystallography is a technique that can determine a protein structure by the 
analysis of diffraction patterns generated by a beam of X-rays that pass through a 
crystalized protein sample. X-rays can interact with the electrons of a protein molecule 
and diffract into different directions. Unfortunately, these scattered X-rays cannot be 
focused with a lens to form a direct image of the protein molecule. However, since 
X-rays also behave as a wave, diffraction patterns can be observed and recorded. Since 
most X-rays pass straight through a molecule without interacting with any electron, 
a sample that contains a large number of proteins and a high intensity X-ray beam 
are needed to observe a diffraction pattern. A protein crystal is used, so that many 
protein molecules are positioned in an identical orientation and the diffraction pattern 
describes a single orientation of the molecule. Diffraction patterns from many different 
orientations of the crystal are analyzed to reconstruct an electron density model that 
ultimately reveals the protein structure. The main challenge with this technique is to 
obtain a protein crystal, especially for larger protein molecules. Usually, many different 
solution buffers will be attempted before a protein forms a crystal that is large enough 
to analyze. However, once a crystal is available the resolution that can be achieved is 
very high (<3 Angstrom). Therefore, around 90% of the structures present in the PDB 
are X-ray structures (Shoemaker and Ando 2018).

NMR spectroscopy
Nuclear magnetic resonance (NMR) spectroscopy uses a large magnetic force and 
electromagnetic radiation to influence the small magnetic fields that surround atomic 
nuclei that have spin. These nuclei absorb the emitted radiation at a certain frequency 
and resonate with the magnetic force for a short time at a high energy level. After a 
short time, the nucleus returns to a lower energy level and re-emits the absorbed radi-
ation. This radiation is detected by the NMR device to create a frequency and intensity 
spectrum that describes atoms and their neighbors. By analyzing the different spectra, 
a 3-dimensional model of the protein molecule can be reconstructed. The resolution of 
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NMR structures is usually lower than that of X-ray structures. However, since it does not 
require a crystalized sample it is often used when a crystal structure is not available, 
as is often the case for trans-membrane proteins and large protein complexes (Wang 
et al. 2014). Around 9% of the structures present in the PDB are NMR structures.

Electron microscopy
Cryogenic electron microscopy (EM) of single protein molecules works by shooting a 
beam of electrons on a cryogenically frozen protein sample. Images that depict the 
sample from different angles are captured by the electron microscope. By combining 
the images from many different angles, a 3-dimensional reconstruction of the sample 
can be made. Traditionally EM images were recorded on silver films and were used to 
solve structures of large macromolecules with a relatively low resolution of at most 6 to 
8 Angstrom (Vénien-Bryan et al. 2017). Since 2012, the development of direct electron 
detectors and improved image recognition algorithms have enabled electron micros-
copy techniques to solve structures smaller than the traditional 200-kDa barrier with 
higher resolutions that allow it to compete with X-ray crystallography or NMR tech-
niques (Vénien-Bryan et al. 2017; Shoemaker and Ando 2018). In 2016, structures with a 
resolution below 4 Angstrom were solved (Merk et al. 2016) and recently, a hemoglobin 
structure was determined at 3.2 Angstrom (Khoshouei et al. 2017). Currently around 
1.2% of the structures present in the PDB result from EM. However, since the molecular 
range and resolution that can be achieved with this method has started to match X-ray 
crystallography, this method is gaining popularity and has already surpassed the yearly 
number of NMR structures submitted to the PDB (Shoemaker and Ando 2018).

Structural classification of proteins (SCOP)
Proteins can be classified and clustered based on their sequence similarity. In this 
way the function of a protein can be inferred from sequential homologs. Although 
the accuracy of such function determination varies, it is a relatively simple approach 
and for example used in UniProt (Bateman et al. 2017). Alternatively, the 3-dimen-
sional structures of proteins can be compared to infer a general function. Since a 
protein’s structure remains conserved throughout evolution for a longer period than 
its sequence, a classification based on structural similarity allows for a clustering and 
function assignment based on more distantly related homologs (Illergård et al. 2009). 
The Structural Classification of Proteins (SCOP) is an online database that provides an 
index and classification of protein domains based on their structure (Fox et al. 2014). 
SCOP contains a hierarchical classification in which protein structures are assigned 
to a ‘family’ that contains close homologs, a ‘superfamily’ that also contains close-
ly related families and a ‘fold’ that can contain several superfamilies. Structures are 
classified either manually or automatically. Version 2.07 of SCOP contains 1,232 folds, 
2026 superfamilies and 4919 families (SCOPe statistics 2018).

1
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3.3	 Scientific literature
There is a huge amount of literature available to researchers on any single topic or pro-
tein family. The U.S. National Library of Medicine database PubMed currently contains 
over 28 million scientific publications. Last year this dataset expanded by 1.2 million 
papers and this number increases yearly. Due to the increase in publication rate, it 
has become nearly impossible for researchers to read all papers in their field. Often it 
might not even be possible to keep up with all papers on a single protein family that are 
published in a single year. This tremendous amount of available scientific publications 
requires methods that can automatically index reported experimental observations 
contained within papers by data mining and natural language processing. Without such 
methods, we risk that experimental results and insights being lost to future researchers 
by the sheer volume of publications.

4	 PROTEIN FAMILY INFORMATION SYSTEMS

4.1	 Integrate available data for a protein family
The huge amount of heterogeneous protein related data available requires the devel-
opment of specialized storage systems to keep this data well organized. Due to the 
ongoing growth of generated data, it is increasingly difficult for researchers to opti-
mally utilize all data available for a protein class. Molecular Class-Specific Information 
Systems (MCSIS) have been developed to store and integrate a wide variety of data 
available for protein families. Typically, such systems contain one or more alignments 
to connect homologous proteins and their residues and can be used to analyze se-
quences from the evolutionary perspective of a protein family. The integration of large 
amounts of heterogeneous data for a protein family allows insight into patterns across 
family members and can reveal molecular mechanisms of a protein class. Experimen-
tal results can be compared between family members or combined and projected on 
a single family member to gain a better understanding of key residues. Furthermore, 
experimental results can be placed in a protein family perspective and compared with 
patterns in the alignment to reveal the function behind observed evolutionary pres-
sures. The ability to combine heterogeneous data for a complete protein family allows 
more insight to be gained than from the analysis of the individual proteins and can thus 
be considered greater than the sum of parts.

Alignments are typically stored in a database alongside protein (residue) annotations 
that are either manually or automatically collected. Due to the benefits that structured 
databases offer for the analysis of protein families, a number of MCSIS systems have 
been developed for various protein classes. The early databases concern protein classes 
that are of interest to the pharmaceutical industry. One of the first MCSIS systems was 
the GPCRdb, originally developed in 1998, for the analysis of G-protein coupled recep-
tors (Horn et al. 1998). GPCRs, a class of receptor proteins involved in cell signal trans-
duction, are related to many human disorders and form a major drug target worldwide. 
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Originally the GPCRdb contained hardly any structures and the important trans-mem-
brane regions were aligned sequentially. Now complete protein structures have become 
available that can be aligned over larger regions of these receptors. The GPCRdb is still 
updated regularly and currently contains 270 protein structures and 15,090 sequences 
(Pándy-Szekeres et al. 2018). A recent example of how such a system can be used for 
pharmacogenomics is described by Hauser et al. (Hauser et al. 2018). The NucleaRDB, 
an MCSIS that comprises nuclear receptor proteins, was first developed in 2000 and 
contained 613 structures and 3,764 proteins at its last update (Vroling et al. 2012).

CYPED is an MCSIS for Cytochrome P450 monooxygenases that contains almost 600 
structures and over 50,000 sequences (Sirim et al. 2009). These P450 proteins are of 
interest to both drug development and biotechnological applications. This database has 
been used to analyze, screen and engineer P450 proteins, for example by the compar-
ison of different classes within this family or with text-mining approaches to identify 
specificity related positions (Gricman et al. 2014, 2015).

Other MCSIS databases include KLIFS: a structural kinase-ligand interaction database 
that contains almost 3,000 human and mouse protein kinase structures (Kooistra et 
al. 2016) and the abYsis MCSIS for antibodies (Swindells et al. 2017). Such an antibody 
system can be employed for the humanization of nonhuman antibodies that recognize 
antigens to reduce immunogenicity in human recipients of an antibody treatment.

3DM protein information systems are a type of commercially available MCSIS for protein 
superfamilies developed by Bio-Prodict. 3DM systems are generated by a standardized 
approach that can be applied to any protein family that comprises a conserved fold 
(Kuipers et al. 2010). Whereas KLIFS for example focuses on kinase-ligand interactions, 
3DM builds on a structurally conserved ‘core’ alignment that allows users to interac-
tively compare alignment position data between subsets of proteins or structures for 
a variety of purposes.

5	 3DM SYSTEM GENERATION

The research described in this thesis is based on and utilizes 3DM protein information 
systems. The method to build 3DM systems has been improved over the past 10 years 
to become highly automated and only requires manual evaluation for quality control. 
The core of a 3DM system consists of a structure based multiple sequence alignment 
(SB-MSA) and a numbering scheme that unifies all residues. Via this numbering scheme 
each residue on a structurally equivalent position is assigned the same number. The 
process to generate a 3DM system alignments is described here.

To build a 3DM system for a target protein, first the superfamily of the structural domain 
of interest is identified using SCOP. The SCOP superfamily entry is parsed to extract 

1
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all protein family structures and a BLAST search (Altschul et al. 1990) is performed 
to identify homologous protein structures not present in SCOP. All identified protein 
structures are superimposed on a superfamily template structure that is closely relat-
ed to the target protein. The software WHATIF is used to create this initial structural 
alignment (Vriend 1990). Transformation matrices for all superpositioned structures are 
stored for later visualization. From this initial structural alignment, sequentially distinct 
subfamily template structures are selected. These templates are typically selected 
to ensure their sequence identity with any other template is at most 80%. Therefore, 
each subfamily template represents a distinct phylogenetic segment of the overall 
superfamily. This approach significantly reduces the number of MSAs required while 
the phylogenetic space of the superfamily remains fully covered, as shown in figure 5. 
Moreover, structures elucidated in a similar configuration are preferred in this selection 
to optimize subsequent structural alignment accuracy.

Figure 5. Phylogenetic tree of nuclear receptor superfamily with 519 protein structures (in red), 
alongside 500 protein sequences (in grey). From these protein structures 32 subfamily templates 
have been selected (in green). The protein sequences were selected from the superfamily align-
ment by a clustering approach to place the structures in context with the phylogenetic space of 
the aligned superfamily.

The subfamily representative structures identified in the previous step are used as structur-
al alignment templates to iteratively superimpose all templates on each other. This results 
in a number of multiple structure alignments equal to the number of selected templates.
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An autocompletion step then attempts to fill in any gaps in these alignments by com-
paring how structures are aligned in the different structural alignment results.

For example, to optimize the superposition of two structure we start by a direct method, 
comparing the superposition of protein A on protein B to that of B on A. When regions 
of structure A are absent from the alignment of A on B, but present in the alignment of 
B on A, then the alignment of structure A can be improved in the structural alignment of 
template B. This simple autocompletion is followed by an iterative, indirect approach.

The indirect comparison of structural alignments relies on the assumption that when 
protein A can be aligned with protein B and protein B can be aligned with protein C, 
protein A can be aligned with protein C as well. Using this assumption, structural align-
ments of remote homologue structures can be complemented.

To complement the alignment of structure A in the alignment result of template B, the 
alignment of A with B in the alignment result of template C can be evaluated. When 
residues of both structures can be superimposed on a region of structure C yet were 
absent from the alignment of A on B, the alignment result of template C is used to fill in 
this alignment. This indirect comparison of structure A with B this process is repeated 
with all alignment results other than those that used A and B as their super positioning 
templates. Furthermore, this autocompletion of A in the alignment result of template B 
can in later comparison rounds be used to complement alignments of other structures. 
This process is performed for every structure and iterated until the alignment can no 
longer be filled in. This method is comparable to a flexible structural alignment method 
that corrects for hinges in protein structures. Flexible alignment methods consistently 
outperform WHATIF in pair-wise structural alignments, however, due to a high number 
of false positive aligned residues, they result in protein family alignments with a low 
specificity. Therefore, we found that the high specificity of WHATIF structural align-
ments combined with this autocompletion method outcompeted flexible structural 
alignment methods in terms of specificity and accuracy of family structure alignments.

The consistency of the autocompleted alignments is checked to remove residues that 
are inconsistently aligned across different subfamily template alignments. The align-
ment with the highest total number of amino acids is selected from the autocomplet-
ed alignments and is divided into structurally conserved (core) and variable regions. 
Structurally conserved positions with a high number of template residues present in 
the structural alignment are allocated to the core. Insertions and deletions split up 
these core regions.

Structurally variable regions are kept out of the core (illustrated in figure 6C) since they 
did not remain structurally conserved throughout evolution. These residues don’t have 
enough structural equivalents among the templates and thus, information cannot be 

1
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transferred between them. Optionally, the division of core and variable regions can be 
optimized to include more residues of a specific target protein. In that case, core re-
gions present only in more closely related subfamilies are added to the core alignment.

Figure 6. Visual representation of a structure based multiple sequence alignment. A. The three 
subfamily template structures. B. The iterative build-up of the subfamily MSAs. The colored 
lines represent distinct protein sequences. C. The core alignment shown in both a structure and 
sequence-like representation. D. The subfamily MSAs are combined into a structure based MSA 
that covers the complete superfamily. E. The column highlights the first residues in the structures 
and alignment. All such alignment positions are assigned a unique alignment number.

5.1	 Structure based multiple sequence alignment
Each subfamily template is used as a seed to build a subfamily MSA. Related sequenc-
es are identified by a BLAST search against the UniProt, PDB and optionally GenBank 
protein sequence databases (Berman et al. 2000; Benson et al. 2013; Bateman et al. 
2017). Structures that were left out of the subfamily template selection are included 
in this sequence alignment via the PDB BLAST search. The identified sequences are 
then aligned in an iterative profile-based alignment process that successively aligns 
increasingly more remote homologs in three or four rounds. The initial alignment profile 
is enriched with core/variable information for each template sequence position to pre-
vent the placement of gaps and insertions in core regions. With each alignment iteration 
the subfamily alignment profile is updated with more distantly related sequences. This 
alignment process initially aligns sequences down to 40% identity over the core re-
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gions (core identity) in three rounds. At this point, the various subfamily alignments are 
evaluated to determine positions that are conserved throughout the superfamily. This 
information is then used to update the subfamily alignment profiles to favor conserved 
residues at these core positions. The previous alignment steps are repeated with the 
addition of a fourth alignment round that includes sequences down to 30% core identity.

The structural alignment describes how subfamily templates should be aligned. This 
knowledge extends to the subfamily MSAs based on these templates. Therefore, the 
individual subfamily alignments can be combined into a structure based multiple se-
quence alignment (SB-MSA), as is illustrated in figure 6. This alignment consists only 
of core regions since the variable regions diverged structurally and can consequently 
no longer be aligned. Such alignments can expand to contain tens of thousands of 
sequences, dependent on the number of sequentially unique structural templates that 
are available for a superfamily.

An alignment numbering scheme is applied to all protein sequence and structure resi-
dues that make up the alignment so that residues on structurally equivalent positions 
are assigned the same number and can easily be identified. This alignment numbering 
scheme can be used to easily transfer data between all proteins in the superfamily 
alignment or visualize protein data on any of the integrated structures.

Quality control of sequence alignments
At low sequence similarities sequence alignments are prone to contain errors due to 
the limited amount of information present in protein sequences. However, high-quality 
MSAs are needed when alignments are used to transfer information between proteins. 
Therefore, the 3DM alignment method employs a unique quality control step. As most 
proteins are aligned in more than one subfamily and since the structural alignment con-
tains information on how those subfamilies should align, the consistency of a protein 
aligned in multiple subfamilies can be verified. Specifically, for each core region it is 
checked that all relevant subfamily alignments aligned the same sequence fragment of 
a protein. When different sequence fragments of a protein are aligned to a structurally 
conserved region across multiple subfamilies, then at least one alignment is wrong. In 
such cases, this core of the protein can be excluded from the alignment. On the other 
hand, when different subfamily alignments consistently identify a sequence fragment 
for a core region, it is likely correct.

Collection of protein residue annotations
Once the alignment is complete, information is gathered for each protein residue and 
stored in the database connected to the alignment numbering scheme. To integrate 
protein related data, various data sources are used such as UniProt and KEGG (Kane-
hisa and Goto 2000; Bateman et al. 2017). All aligned protein structures are analyzed 
to identify residues that interact with ligands, DNA or other residues. Co-crystalized 

1
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compounds are recognized and integrated into the 3DM database alongside reaction 
data that is available for some proteins in the alignment. Protein mutation data are 
gathered from databases such as UniProt and dbSNP as well as from the biomedical 
literature. Scientific articles are mined to identify mutations, which are then linked to 
proteins and the alignment. This method is based on the MuteXt approach (Horn et al. 
2004) and is described in more detail in chapter 2.

5.2	 In silico analyses
A variety of in silico analyses can be performed on a superfamily alignment to investi-
gate patterns left behind by evolutionary pressures. Residue conservation analysis can 
reveal important key-residues of a protein. When a residue is completely conserved in 
a protein superfamily, it indicates there was a strong evolutionary pressure to prevent 
mutations. Any mutations of such residues will likely result in a negative effect on 
protein function. Alternatively, when a residue is almost never found on a superfamily 
alignment position, the residue is likely not allowed at this position. This knowledge 
can be applied for the selection of residues for a “small but smart” mutation library 
(Jochens et al. 2010; Nobili et al. 2013) or consensus engineering (Aerts et al. 2013).

Correlated mutation analysis
Patterns that result from evolutionary selection can be observed in protein superfam-
ily alignments. Evolutionary pressures preserve residues needed for protein function. 
When multiple residues are responsible for a function such as substrate specificity, 
ligand binding or protein dimerization, these residues are preserved together. Single 
mutations of such residues often do not result in viable residue combinations and are 
filtered out by evolutionary pressure. However, sometimes multiple mutation events take 
place over time that allow a protein to provide a (different) function. The result is that 
when we observe a sequence alignment, the non-active single mutants are absent since 
they have mostly been filtered out by evolution. As a result, it can appear that on cer-
tain pairs of alignment positions, residues change together throughout the alignment.

Correlated mutation analysis (CMA) can reveal the alignment positions where residues 
co-evolved throughout the evolution of a protein family (Kuipers et al. 2009). Since the 
cause of co-evolution is an evolutionary pressure, such residues often perform similar 
roles in a protein. However, since only a pattern in the alignment is observed, the func-
tion of the residues on these positions is not revealed by this analysis. Therefore, this 
function has to be investigated by other means, as shown in chapter 4.

Annotation hotspot analysis
One of the main advantages that an SB-MSA offers is that integrated amino acid anno-
tations can be combined to identify hotspots, positions that can be mutated to modify 
or improve a certain function. For example, the number of mutations derived from 
literature or molecular contacts parsed from structures can be summed for each struc-
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tural alignment position. This directly reveals important positions and can order these 
positions based on the number of annotations available for each position. Such insights 
often cannot be gained from the annotations of just a single protein.

The selection of annotations can be limited to take only those with a specific char-
acteristic into account. For example, the indexed mutation data can be queried to re-
trieve only mutations that were mentioned in combination with a certain keyword, like 
specificity, or ligand contacts can be retrieved only from structures that contain an 
inhibiting compound.

When such annotations are grouped for each alignment position, they can grant insight 
into a much more specific characteristic than provided by a combination of all anno-
tations. Moreover, a selection of alignment positions that were most often annotated 
could be used to start a mutagenesis experiment to utilize the observations of other 
experiments on homologous proteins. When positions that contact the ligand are an-
alyzed with this approach, a distinction can be made between residues that contact 
the ligand in all members of the protein family and are thus important, and residues 
that only contact a ligand in a subset of protein structures available in this family. The 
same can of course be done for residues that contact a substrate, DNA molecule or 
another protein.

5.3	 Usage of 3DM
3DM superfamily information systems have been generated for a wide variety of protein 
classes including GPCR’s, P450’s, α/β-hydrolases and many other enzymes (Kourist 
et al. 2010; Joosten et al. 2011). The tools in 3DM described above have enabled re-
searchers to identify, investigate and improve proteins in these families. However, many 
of these are projects in the biotech industry and thus remain unpublished. Here, a few 
examples are shown that precede the work of this thesis and describe protein investi-
gation, identification and engineering strategies with 3DM:

Joosten et al. identified a specific serine residue in oxaloacetate acetylhydrolases 
(OAH) that is essential for the reaction they catalyze; the hydrolysis of oxaloacetate 
to oxalic acid and acetate (Joosten et al. 2008). With the OAH 3DM system they were 
able to investigate sequences from fungi known to produce oxalic acid to identify this 
key serine residue. With this key residue they were then able to identify the previously 
uncharacterized oxalic acid producing enzyme in Aspergillus niger.

The “small but smart” mutation library design method mentioned above was tested 
by Jochens et al. and Nobili et al. to respectively improve the thermostability and en-
antioselectivity of an esterase (Jochens et al. 2010; Nobili et al. 2013). A 3DM system 
for the α/β-hydrolase fold enzyme family was used to select the residues to introduce 
at key positions. Only those residues that are common on these positions in the align-

1
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ment were selected. A comparison with both a random (NNK) and inversed (uncommon 
residues) library showed that the number of functional mutants is much higher when 
only residues are introduced that are present in the alignment.

Kuipers et al. showed that with correlated mutation analysis protein positions can be 
identified that affect the specificity and activity of enzymes. Proteins from several 
families such as hexo-kinases, cupins and FAD-oxidases were mutated to confirm that 
such positions affected the specific-activity of these enzymes (Kuipers et al. 2009).

Likewise, the work described in this thesis not only entails hypothesis driven research 
but also facilitates more applied research by experts in the biochemistry of specific 
protein classes. Other examples of protein discovery, engineering projects and hotspot 
identification with 3DM and tools developed in this thesis are described in more detail 
in the following chapters and the discussion.

6	 AIM & OUTLINE

The use of bioinformatics approaches to integrate and analyze protein related data 
for protein families deepens our understanding of protein function and offers distinct 
and novel opportunities for protein engineering and disease diagnostics. This work 
describes the developed strategies and opportunities to better understand protein 
function through the integration of protein data for complete protein families.

The chapters of this thesis describe different steps in an effort to collect, integrate and 
analyze protein related data for protein superfamilies (outline shown in figure 7). The 
first research chapter, chapter 2, describes the automated collection of mutational data 
reported in the literature for all proteins of the alpha-amylase protein superfamily and 
specifically for the human alpha-galactosidase that, when mutated, can lead to Fabry 
disease. This work shows that the extraction of such data from literature is a valuable 
data source and when integrated can lead to new insights. The amount of data available 
for a protein family would be tedious to collect manually and therefore, an automated 
approach was developed.

In chapter 3, we collect mutation data for two protein families and observe a significant 
overlap of alignment positions that contain mutations with a pathogenic effect in four 
very distantly related human proteins of the alpha-amylase superfamily. This implies 
that information from mutational data of one protein can be used to shed light on res-
idues of other protein family members, even at large phylogenetic distances.
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Figure 7. Graphical representation of the outline of this thesis.

Chapter 4 describes the use of mutation data mined from the literature to reveal func-
tions that were preserved by evolutionary pressure. This evolutionary pressure resulted 
in groups of co-evolved residues that can be observed in an alignment. Certain resi-
due positions of a protein family co-evolve throughout evolution and can be detected 
by correlated mutation analysis. However, this analysis does not reveal the (shared) 
function of residues on these positions. Therefore, we investigate if the combination of 
different data from a protein family information system could help to reveal the function 
of such residues and thereby help understand the biology of these proteins.

In chapter 5 the data available in an integrated protein information system is used to 
train machine learning models that predict the pathogenicity of novel variants in human 
LQT-disease related proteins. This shows that the amount of data, and level of detail, 
can be used to describe amino acids in such a way that enables automatic approaches 
to evaluate the pathogenicity of novel variants. Combined, these chapters show an 
effort to collect, integrate and make use of protein data to allow a better understanding 
of proteins, their residues, and their functions.

Chapter 6, the general discussion, discusses the access, retrieval, quality and storage of 
the continuously increasing amounts of protein related data. We reflect on the applica-
tions described in the research chapters of this thesis and discuss new applications of 
integrated protein family information systems. Several examples are given of engineer-

1
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ing projects that made use of 3DM systems in various ways, including tools developed 
in this thesis. These examples cover a selection of the ten other publications in which 
I collaborated and co-authored but that do not belong to the core of this thesis. These 
publications show that 3DM has been applied in projects to improve proteins, identify 
proteins with novel properties and taxonomic protein family studies. And finally, the 
discussion finishes with an outlook on the scale-up of 3DM from single protein families 
to a platform that covers the complete structural space. Such a platform, in turn, can be 
used for the generation of protein information systems for complete (human) exomes.
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ABSTRACT

Genetic disorders are often caused by non-synonymous nucleotide changes in one 
or more genes associated with the disease. Specific amino acid changes, however, 
can lead to large variability of phenotypic expression. For many genetic disorders this 
results in an increasing amount of publications describing phenotype associated muta-
tions in disorder-related genes. Keeping up with this stream of publications is essential 
for molecular diagnostics and translational research purposes but often impossible 
due to time constraints: there are simply too many articles to read. To help solve this 
problem, we have created Mutator an automated method to extract mutations from full 
text articles. Extracted mutations are cross-referenced to sequence data and a scoring 
method is applied to distinguish false-positives.

To analyze stored and new mutation data for their (potential) effect we have developed 
Validator, a web-based tool specifically designed for DNA-diagnostics. Fabry disease, a 
monogenetic gene disorder of the GLA gene was used as a test case. A structure-based 
sequence alignment of the alpha-amylase super-family was used to validate results. 
We have compared our data with existing Fabry mutation data-sets obtained from the 
HGMD and Swiss-Prot databases. Compared to these data sets Mutator extracted 30% 
additional mutations from the literature.
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1	 INTRODUCTION

Due to the ease of today’s gene sequencing methods, the relation between genes and 
corresponding diseases has been unravelled for several genetic disorders. Moreover, 
the specific sequencing of disease-related genes in patients has enormously increased 
the available mutation data in the literature. For some extensively investigated genes, 
gene specific mutation databases are generated by extraction of mutational information 
from the literature. Examples of such mutation databases are the IARC TP53 Mutation 
database[1] and UMD p53 database for the tumor repressor gene TP53[2]. For molec-
ular diagnostics and translational research these databases are used as reference to 
distinguish between naturally occurring SNPs and (potentially) pathogenic mutations 
in patients. Populating these databases usually requires manual intervention which 
makes it difficult to generate and maintain mutation databases. Therefore, up to date 
mutational databases are only available for a select number of disease-related genes.

In 2004, a tool MuteXt[3] was described for the automatic extraction of mutational in-
formation from literature. This tool was specifically designed for populating the nuclear 
receptor[4] and GPCR[5] Molecular Class-Specific Information Systems with mutation 
data. We have used the MuteXt method as basis for a new tool, Mutator, which can 
automatically extract and store mutational information from the literature for genes 
that are related to a genetic disorder.

Mutator was used to create a Fabry mutational database (FMDB). Fabry disease is an 
X-linked inborn error of glycosphingolipid catabolism that results from mutations in 
the alpha-galactosidase A (GLA; MIM# 300644) gene at Xq22.1. Currently two main 
Fabry disease related mutation data-sets exist; the Human Genome Mutation Database 
(HGMD)[6] and a collection of mutations automatically extracted from the UniProt da-
tabases[7]. The HGMD database is more complete since here mutational information 
is extracted from the literature. However, maintaining this database requires manual 
intervention. Our method extracts mutations from full text publications in a fully au-
tomated manner. The result shows an almost 100% coverage of mutations listed in 
the combined Uniprot and HGMD databases. Moreover, Mutator extracted from the 
literature 30% additional mutations covering 25% additional amino acid positions.

Human alpha-galactosidase is a member of the alpha-amylase protein super-family. 
In the past, it was shown that protein super-family derived data contextually stored in 
a Molecular Class-Specific Information System (MCSIS) can be used to describe indi-
vidual functions of residues in proteins[8]. This has led to the development of the 3DM 
suite, a new generation MCSIS builder, that can semi automatically generate protein 
super-family systems specifically designed for mutant prediction purposes[9-12]. A 
3DM super-family system is a knowledge base that contains and connects many dif-
ferent super-family related data types, such as structures, sequences, structure-based 

2
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multiple sequence alignments, protein-ligand interactions, mutational data, correlated 
mutation analysis results, and residue conservation. Mutator is part of the 3DM suite. 
The 3DM mutational data that is extracted from literature is collected by Mutator.

3DM was used to collect alpha-amylase super-family data and to generate the struc-
ture-based super-family alignment (3D-MSA). Strong correlations were observed be-
tween the aggregated mutational data and 3D-MSA derived data, which suggested 
that alignment derived data can principally be used to predict the pathogenicity of 
individual mutations in GLA.

On these principles Validator, a 3DM web-based graphical user interface, was developed 
for retrieval of literature extracted mutations and for validation of (new) amino acid 
variants (see supplementary figure S1). Validator uses various different information 
types, such as alignment information (e.g. amino acid conservation) and structural 
information (e.g. solvent accessibility, secondary structure information) that are stored 
in the 3DM database for variant validation. The predictability of each information type 
is pre-determined by examining how all known Fabry mutations relate to each specific 
information type. Furthermore, Validator generates a structure model for each variant 
in which bumps with neighboring amino acids are highlighted that are the result of the 
variant. These models can be viewed directly from the Validator website or can be down-
loaded, visualized and analyzed in the state of the art protein visualization tool YASARA. 
The newly developed Validator, the FMDB and the 3DM structure-based super-family 
alignment are freely available at http://3DMCSIS.systemsbiology.nl/FMDB/. The source 
codes of Validator and Mutator are currently an integral part of the 3DM commer-
cial software suite. For other protein families commercial licenses can be obtained.

2	 MATERIALS & METHODS

2.1	 3DM Structure-based Super-Family Alignment Generation
The structure-based super-family alignment of the alpha-amylase protein super-family 
was generated as outlined by Folkertsma et. al.[13] and Joosten et. al.[9]. This method 
was automated in the 3DM suite, extensively reviewed by Kuipers et. al.[14] and is only 
briefly described here: All structure files from the SCOP[15] alpha-amylase family were 
extracted from the SCOP database to obtain a list of protein structure files with the 
alpha-amylase fold. The protein sequence of each distinct structure on this list was 
used as query to BLAST[16] against the PDB database[17] with a cut-off e-value of 
0.005 to obtain a complete list of available structure files. For multi-domain proteins, 
only the alpha-amylase domain of the sequence was used as blast query to prevent 
inclusion of proteins that only contain a domain not related to the alpha-amylase su-
per-family. Identical BLAST search settings were used for searches performed against 
the Swiss-Prot and TrEMBL[18] databases to collect sequences for which no structure 

http://3dmcsis.systemsbiology.nl/FMDB/
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is available. 3DM was used to generate a structure-based super-family alignment from 
these sequences and structures in three steps:

1. The structure files were superimposed on the structure of the human GLA (pdb code 
1R47[19]). From the resulting superpositioning, a structure-based multiple sequence 
alignment was extracted composed of structurally equivalent residues (core). Structural 
equivalence is defined as three or more consecutive residues that have their C-alphas 
within a 2.5Å sphere from the equivalent GLA residues.
2. The sequences of the resulting core alignment were divided into subgroups so that 
the sequences of each subgroup are no more than 80% identical to the next subgroup. 
For each subgroup a representative template structure is selected based on criteria 
such as the quality of the structure, the number of residues for which 3D coordinates are 
available in the structure, and the number of residues in the core as determined in step 1.
3. An iterative profile-based alignment procedure [20] (automated in 3DM) was used 
to separately generate subfamily alignments by aligning each super-family sequence 
to the most similar template structure. These separate subfamily alignments were 
combined to generate the ultimate super-family alignment using the core alignment 
from step 2 as a guide.

Figure 1. Schematic flowchart of Mutator program. See supplementary workflow S1 for the al-
gorithm of Mutator and supplementary figure S2 for a more detailed flowchart of the algorithm.

2.2	 Mutator
An overview of the workflow of Mutator is given in figure 1. To collect a large set of ar-
ticles that potentially contain mutational information on GLA (or proteins homologues 
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to GLA), a keyword list was created. This list is used by Mutator to query the PubMed 
database to obtain a list of full text articles. Mutator collects mutations in four steps:

A) Retrieval of keyword selected (full text) publications; B) screening of the individu-
al (full text) publications for mutational data using regular expressions; C) selection 
of sequences matching the wildtype subject protein sequence: D) overall scoring of 
combined feature of individual (full text) publications. For scoring of the mutations 
a Sequence Score (SQ-score) was used. Mutations extracted from publications that 
scored above the experimentally derived threshold levels were stored in a database. 
Details of the Mutator workflow (Fig. 1) are presented in supplementary figure S2 and 
supplementary workflow S1. Mutator was specifically designed to collect mutation-
al information reported in proteins (or genes) related to certain diseases in patients. 
Therefore, in addition to the MuteXt method a module was added to Mutator that can 
detect mutations reported in DNA sequences.

2.3	 Validator
Validator is a graphical user interface, specifically designed for DNA-diagnostic pur-
poses. It can be used for variant analysis and retrieval of literature derived mutation 
data for a specific sequence of the 3DM database. After providing a mutation to the 
tool it returns the by Mutator extracted associated literature and a structural protein 
model visualizing the mutation including potential bumps with surrounding amino acids 
(Fig. 6). In addition, it predicts the likelihood that the mutation is pathogenic based on 
super-family alignment statistics such as (structural) conservation, amino acid dis-
tributions per alignment position (detailed in the results section). For a given mutation 
Validator also presents the Grantham distance[21], the Blosum62 substitution score[22], 
the solvent accessibility, and provides links to PolyPhen prediction tool [23] and the 
SIFT classification [24].

3	 RESULTS & DISCUSSION

3.1	 Mutator applied to Fabry disease: generation of the FMDB
This work presents a collection of GLA mutations retrieved from literature last accessed 
on 29 April 2009. It should be mentioned that the fully automated nature of Mutator 
enables continuous scanning of the literature and that the dataset presented here will 
soon be outdated.

Yip et al [7] recently described a method to retrieve single amino acid polymorphism 
data from the Swiss-Prot database. Specifically for GLA this dataset contains 137 
mutations that cover 101 residues of the GLA sequence. The human gene mutation 
database (HGMD) contains mutations that are both automatically and manually col-
lected. Excluding splice-site mutations, insertions, deletions, stop codons and frame 
shifts the free section of the 2009 version of the HGMD database contains 256 unique 
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point mutations that cover 166 residue positions of the GLA sequence. The restricted 
HGMD contains 301 unique GLA point mutations in total. HGMD describes a mutation 
only once. Mutator, however, stores references to all literature available of each specif-
ic mutation providing access to disease related metadata such as literature sources 
that contain variant phenotypic expression data in different patients. An overview of 
mutations available in the FMDB, HGMD and UniProt is available in supp. table S1.

Mutator uses a four step procedure to extract mutations from the literature; i) retrieval 
of keyword selected publications ii) screening of the individual publications for muta-
tional data using regular expressions iii) evaluation of mutational data with respect to 
the corresponding subject sequence (here GLA) and iv) scoring of combined features 
above a set threshold. Supplementary table S2 shows the keyword list used by Mutator 
to query the PubMed database for Fabry disease related publications. This Fabry list 
resulted in the retrieval of 12,847 full text publications. From this set Mutator extracted 
and stored in the FMDB 1,781 mutations (371 unique mutations). All articles that Mu-
tator selected for the first 100 GLA residues were manually examined for the presence 
of Fabry related mutational data. For these first 100 residues, Mutator collected 338 
mutations from exactly 100 articles. Of these 100 articles, only six could be considered 
as false positives, since these six described mutations not related to Fabry. Three of 
these six articles described mutations in a human protein (human coagulation factor X)  
that contains a domain which is abbreviated with GLA. The other three articles de-
scribed the human matrix GLA protein. To cope with this type of inconsistencies due 
to ambiguous keywords, extracted mutational data should also match the correspond-
ing subject sequence. For example, when Mutator extracts the mutation G11V from 
a keyword selected text file, the program verifies that residue number 11 of the GLA 
subject protein sequence is indeed a glycine. In theory this step should reduce the false 
positive discovery rate for single extracted mutations to 5%. Besides having the right 
keywords all six articles contain mutational information at positions for which the GLA 
sequence has the same residue type such as the single G11V mutation described for 
the Gla domain of human coagulation factor X[25]. Therefore, an option was added that 
enables the user to provide a black list of keywords. Rerunning Mutator using “matrix 
gla protein”, “human factor” and “coagulation factor” as black list keywords removed 
these six false positive articles from the final set. Excluding splice-site mutations, inser-
tions, deletions, stop codons and frame shifts, this set contains 1512 unique mutations 
and is highly (if not exclusively) populated with fabry related mutations. Comparison 
of this set of mutations with mutations stored in the HGMD and Swiss-Prot mutational 
databases showed that Mutator had collected 70 additional unique mutations. Six 
mutations were missed by Mutator because they were published in journals to which 
no subscription was available. This large set of fabry mutations enabled us to find 
correlations between pathogenicity of mutations in GLA and other data types that are 
stored in a 3DM database. Although here we have focused on GLA, it must be noted that 
the alpha-amylase super-family (see below) also includes human alpha-N-acetylga-

2
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lactosaminidase (alpha-NAGA; alpha galactosidase B; MIM# 611458). Substitutions in 
alpha-NAGA can cause Schindlers disease. Upon switching from GLA to alpha-NAGA 
(Swiss-Prot: P17050) Mutator extracted from the literature all alpha-NAGA mutations 
that are reported in the OMIM database.

3.2	 Alpha-amylase super-family alignment
The GLA gene is a member of the alpha-amylase protein super-family and protein 
super-family derived data can be used to describe individual functions of residues 
in proteins[13, 14]. The structures available of the alpha-amylase super-family can 
be divided into 41 sequentially distinct groups. The following structure files from the 
PDB database were chosen as representative structures to generate the super-family 
alignment: 1A47A, 1AMYA, 1AQHA, 1B2YA, 1BAGA, 1BF2A, 1BLIA, 1BVZA, 1EA9C, 1EH9A, 
1G5AA, 1GCYA, 1GJUA, 1GVIA, 1H3GA, 1HVXA, 1IZJA, 1LWJA, 1M53A, 1M7XA, 1MXGA, 
1QHOA, 1R47B, 1UD2A, 1UOKA, 1W9XA, 1WZAA, 2AAAA, 2BHUA, 2DH3A, 2E8YA, 2FH8A, 
2GUYA, 2VUYA, 2Z1KA, 2ZE0A, 2ZICA, 3BC9A, 3CC1A, 3CZGA, and 3DHUA. The resulting 
super-family alignment contains 4,986 unique sequences and 217 structurally con-
served positions (the core).

Figure 2. Number of independently reported Fabry disease related mutations per GLA residue position.
Independently reported mutations detected at structural conserved positions (core) are in light 
grey. Structural non-conserved positions are in dark grey. More than 40 independently reported 
mutations were extracted for 3D-positions 47, 124, and 172 corresponding with R112, N215, and 
R301, respectively of the GLA amino acid sequence. Note that, although only 50% of the GLA residues 
are core positions, the large majority of the mutations (1117) are observed at those positions.
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Figure 3. YASARA ball and stick backbone representation of seven superimposed protein struc-
tures of different sub-families of the alpha-amylase super-family.
3A: In red equivalent helices from the seven proteins. This helix is present in almost all super-family 
members but could not be included in the core due to variable positioning within the crystal structures.
3B: The yellow and red colored residues are part of a structural highly conserved loop at 3D 
positions 47 and 48, respectively. 3D-postion 47 is a highly conserved glycine. 3D-postion 48 is 
in GLA a phenylalanine and the most reported mutated residue.

Figure 2 shows that 80% of the reported mutations are at structurally conserved po-
sitions (core). Two regions outside the core are highly populated with Fabry related 
mutational data. These two regions are a helix in the middle of the GLA sequence and a 
beta-sheet at the C-terminal end of the protein (Fig. 2) and contain 77 and 72 mutations, 
respectively. These two regions are present in most alpha-amylase structures. However, 
due to positional variability within the super-family structures the superposing of these 
regions was ambiguous (Fig. 3a). These two regions were therefore not included in the 
core. A more straightforward approach to determine structural important positions 
would be to assign structural importance only to residues of secondary structural 
elements (e.g. helices and beta-sheets). The advantage of such a method is that only 
the structure of the target protein (here GLA) is needed. However, it should be noted 
that, even though the core mostly consists of secondary structural elements, using only 
secondary structural elements as a delimiter is no solution. For instance, the residue 
position with the highest number of extracted Fabry related mutations (3D-number 47; 

2
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Fig 2) is not part of any secondary structural element, but is positioned in a structural 
highly-conserved loop (Fig. 3b) located at the outside of the protein. Additionally, align-
ment position 48 which is also part of this loop is a highly conserved glycine residue, 
which demonstrates that important residues are not exclusively located in secondary 
structural elements. If both core and secondary structural elements are considered to 
be structural important positions, 84% of all Fabry related mutations are linked to this 
group. This result suggests that it is 5 times more likely that a random mutation will 
result in manifestation of Fabry disease if this mutation involves a structural import-
ant position. The Validator tool (see below) therefore defines both core and secondary 
structural elements as structural important positions.

Figure 4. Correlation between the relative amino acid conservation (x-axis) and frequency of 
reported Fabry related mutations (y-axis). The x-axis represents the percentage of sequences 
that contains the mutated residue. The y-axis represents the percentage of the total number of 
fabry related mutation collected by Mutator. This plot shows that Fabry disease is most often 
the result of a mutation in GLA that resulted in a residue that is not commonly observed at the 
corresponding alignment position. Obviously there is a clear relation between the frequency of 
reported Fabry related mutations and the occurrence of amino acids at alignment positions.
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3.3	 Mutation analysis

1 Fabry disease-causing mutations and amino acid occurrences.
Super-family alignments can be considered as inventories of nature’s successful mu-
tagenesis experiments conducted during millions of years of evolution. In theory, the 
spectrum of residues present at a specific alignment position could be considered as 
allowed substitutions. Statistical analysis of super-family alignments can therefore 
potentially be used to predict the pathogenicity of specific mutations. This idea was 
tested using the set of Fabry related mutations collected in the FMDB. Figure 4 shows 
the relationship between the relative occurrence of amino acids at core positions and 
reported corresponding GLA mutations. For example, only 4% of the 1,117 reported 
GLA mutations in the core are mutations to an amino acid residue that is present at 
the corresponding alignment position in more than 26% of the aligned alpha-amylase 
sequences. Conversely, only 17% of mutations reported in structural conserved residues 
are mutated into an amino acid present at the corresponding alignment position in 
more than 7% of the aligned alpha-amylase sequences. Thus, the introduction of a new 
residue type that is infrequently observed in the complete alignment of the super-family 
at the particular alignment position has a high probability to be pathogenic implicating 
that this correlation can in principle be used to predict the pathogenicity of an unclas-
sified variant (UV) in GLA. For example, if a particular UV is a mutation to an amino acid 
that is present in more than 25% of the alpha-amylase sequences at the corresponding 
alignment position, then the analysis suggests a small probability for pathogenicity 
for this particular UV. On the other hand, when the particular UV is present in less than 
5% of the alpha-amylase sequences at the corresponding alignment position, then the 
analysis suggests a high probability for pathogenicity for the particular UV.

This correlation is not valid for non-core positions. For these positions only the amino 
acid occurrences of the 77 sequentially related sequences of the of GLA subfamily can 
be used. However, even within this small set, mutations at highly conserved positions 
are more likely to be pathogenic (see examples below).

2 Fabry disease-causing mutations and solvent accessibility
Solvent accessibility is the degree to which a residue in a structure is solvent exposed 
(e.g. more at the surface of the structure). Using a limited dataset of 278 missense 
mutations Garman [26] has shown that there is a strong correlation between solvent 
accessibility of residues and observed Fabry disease-causing mutations. The sub-
stantially increased mutational data collected in this study and the availability of the 
structural alignment makes it possible to study the predictability of solvent accessi-
bility both at structurally conserved and non-conserved positions (Fig 5). Two cor-
relations are plotted: 1) The correlation between Fabry disease-causing mutations at 
structurally conserved core positions and their solvent accessibility and 2) correlation 
between Fabry disease-causing mutations at structurally non-conserved positions and 

2
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their solvent accessibility. The plot clearly shows that this strong correlation exists 
specifically, almost exclusively, for core positions. This surprising observation is very 
important because it suggests that solvent accessibility should be used as indicator 
for pathogenicity only at core positions.

Figure 5. The correlation between Fabry disease-causing mutations at structurally conserved and 
non-conserved core positions and their solvent accessibility. X-axis: Percentage of accessible 
side chain surface area for each residue in the human GLA protein. Y-axis: Percentage of the total 
set of Fabry disease-causing mutations. Two plots are drawn. 1) The correlation between Fabry 
disease-causing mutations at structurally conserved core positions and their solvent accessi-
bility (light grey line) and 2) correlation between Fabry

disease-causing mutations at structurally non-conserved positions and their solvent 
accessibility (dark grey line). The vertical black line indicates that only 7% of the 1,117 
Fabry mutations located in the core are at positions of which the solvent accessibility 
> 33%. In contrast, almost half (44%) of the Fabry mutations located outside the core 
are at positions of which the residue has a solvent accessibility of > 33%.

3 Structural analysis of a specific amino acid change.
Validator performs a conformational analysis based on an estimation of the steric hin-
drance between the mutated residue and neighbouring residues in the 3D-structure. For 
that it generates an in silico model of the protein highlighting the substituted position 
including its van der Waals surface.
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These types of analysis are done by Validator for each mutation uploaded to the FMDB 
website. The outcomes of other in DNA diagnostics commonly used classifiers (e.g. 
Grantham scores, BLOSUM62 scores) are also reported. Furthermore, amino acid specif-
ic information is provided, such as domain interface residue, active site residue and sub-
strate contact information. Combining these predictions can lead to a better prediction.

For example, Fabry disease associated publications often report for 3D core position 76 
(Ala143 in the GLA primary sequence) p.A143P. This mutation predisposes to a classical 
phenotype in males[27]. A statistical analysis of the complete super-family alignment 
indicates that at this position proline is the most abundant amino acid residue being 
present in 43% of the alpha-amylase sequences. The relative high solvent accessibility 
of Ala143 in GLA also suggests a low probability for pathogenicity at this site. Despite 
the above, the in silico model structure however, clearly indicates that specifically in 
GLA a proline at this position clashes with the neighboring aspartic acid with 3D-num-
ber 32 (Asp93 in GLA) (Fig. 6). Therefore, it is more likely that the p.A143P substitution is 
not allowed in the GLA protein and therefore can be considered as probably pathogenic. 
In contrast, Validator suggests that p.A143T would structurally be less damaging and 
has been reported to lead to a much milder variant of Fabry disease[27]. In this case 
the statistical analysis of the structural super-family alignment suggests pathogenicity 
since a threonine is seldom present (0.8%) in other alpha-amylase protein super-family 
members. The fact that p.A143T would structurally be less damaging fits well with a 
milder phenotype.

Figure 6. YASARA ball and stick backbone visualization of mutation p.A143P in GLA. The alanine 
to proline substitution at 3D-position 76 is depicted in red and surrounded by its Van der Waals 
surface. Clearly steric hindrance is observed with the side-chain of aspartate 93.

4 Performance of Validator tool on classical Fabry mutations.
To test the performance of Validator predictions, mutations known to result in the clas-
sical form of Fabry were selected being mutations, p.M42V, p.H46Y, p.D92Y, p.R112C, 
p.C142R, p.W226R, p.N320Y at core positions and p.P40S p.R100T at non-core posi-
tions. In addition, the special case p.D313Y is discussed.

2
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For p.H46Y, Validator predicts a high probability for pathogenicity. In the super-family 
alignment, the occurrence of Y is only 4.1% and Figure 5 shows that more than 75% of 
the recorded Fabry mutations are the result of such a substitution. Also, the solvent 
accessibility is 1.5% indicating that the H46 is buried inside the protein. Furthermore, 
the in silico model suggests that p.H46Y causes bumps with surrounding amino acids. 
Since histidine residues are hydrophilic, a buried histidine almost always has an im-
portant function. Although currently no weight is given to the various indicators for this 
buried histidine solvent accessibility is probably the most important indicator.

Arguments listed above for p.H46Y are also true for p.D92Y. The fact that both posi-
tion H46 and D92 are reported in more than 10 independent Fabry disease associated 
publications reporting substitutions to a number of different amino acids clearly match 
Validator predictions.

R112 is an almost completely buried hydrophilic residue. Almost all other sequences of 
the super-family have hydrophobic residues at this position instead. This indicates that 
R112 has an important function which is specific for GLA, which suggests that p.R112C 
will most probably be pathogenic. Furthermore, a cysteine is not a common residue at 
position 112 (0.1%) and the high number of publications (81) that report this position 
in relation to Fabry’s disease again indicate a very high probability for pathogenicity.

The Validator tool indicates that C142 forms a cysteine bridge. The p.C142R mutation 
therefore disrupts the formation of this cysteine bridge. This type of information will 
overrule all others, since disrupting a cysteine bridge will most probably always be 
pathogenic independent of solvent accessibility, amino acid occurrences or other fac-
tors. Finally, almost all information that the Validator tool returns for mutations p.W226R 
and p.N320Y indicate a very high probability for pathogenicity again supported by a 
high number of publication reporting mutations to various amino acid types.

Mutations p.P40S and p.R100T are not included in the core, so only the 77 sequences of 
the GLA sub-family alignment can be used for statistics. In the sub-family both P40 and 
R100 are 100% conserved which suggests a high probability for pathogenicity for both.

The only mutation that is predicted not to be pathogenic is p.M42V. Even after meticu-
lous manual inspection of the protein model of p.M42V, no reasonable explanation can 
be given for the pathogenicity of this mutation. The only indication that this is a true 
pathogenic mutation is the high number of literature references that report mutations 
to different amino acids at this position.

In the literature mutation p.D313Y is ambiguously linked with Fabry disease and the 
prediction from the 3DM data is contradicting. Although tyrosine is not a common res-
idue at this position (suggesting a high chance for pathogenicity) solvent accessibility 
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indicates that the residue is located on the outside of the protein and introducing a 
tyrosine residue does not cause any bumps with surrounding amino acids (suggesting 
low probability for pathogenicity). The p.D313Y mutation has been tested for activity 
in vitro. Transient expression of the p.D313Y construct in COS-7 cells resulted in an 
active enzyme with >67% of the expressed wild type activity[28]. Mutator extracted 17 
different publications from the literature all describing the single p.D313Y mutation 
but remarkably so far no other substitutions have been detected. Could this then be a 
naturally occurring variant? There are 46 other residues in the GLA protein sequence 
for which more than 10 independent Fabry disease related literature references are 
available. These are for residues 34, 40, 42, 46, 49, 22, 65, 66, 89, 92, 93, 97, 100, 112, 
113, 138, 142, 143, 148, 156, 162, 172, 183, 205, 215, 220, 223, 226, 227, 236, 259, 266, 
272, 279, 287, 296, 298, 301, 317, 320, 328, 342, 356, 357, 358, and 409. In contrast with 
reports for position D313 for all these positions, except for R220, a range of amino 
acid changes are reported. For R220 all 21 available independent publications report 
a stopcodon at position 220 (p.R220X). The fact that at these 46 positions different 
amino acid substitutions have been reported to result in Fabry disease significantly 
increases the chance that mutations at these positions are pathogenic. Furthermore, 
this result also indicates that p.D313Y is probably a naturally occurring variant, since 
it is unlikely that only the introduction of a tyrosine results in Fabry disease.

The results for the A143T and D313Y mutations fit whit what is clinically observed. Au-
thors who report D313Y should comment that it is unlikely (but possible) to be pathogenic.

In this paper it is shown that a collection of super-family data can be used to predict 
effects of mutations. It must be noted, however, that predicting the pathogenicity of 
specific mutations is still difficult and statistical analysis of large 3DM alignments 
should only be used as guidance. For example, if we take the seven core positions that 
are conserved in more than 95% of the aligned sequences (3d-numbers 39, 73, 100, 
102, 123, 145, 146) we see that for two of these positions (73, 123) Mutator has not 
been able to extract from the literature any mutations causing Fabry disease. Is this 
unexpected result caused by a still limited set of mutations or do mutations at these 
positions not lead to Fabry disease?
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ABSTRACT

The prediction of missense variant pathogenicity is normally performed using analyses 
of multiple sequence alignments, optionally augmented with analyses of the (predicted) 
protein structure. The most straightforward way, though, is to search the literature to 
see whether this variant has already been described. Variant data from homologous 
proteins are also valuable because mutations in a homologous protein often have simi-
lar effects as mutations at the equivalent residues of the protein of interest. Transferring 
variant data seems trivial but is seriously hampered by the fact that homologous resi-
due positions have different numbers in different species. This problem is even bigger 
when to proteins have such low sequence identities that they can no longer be aligned 
based on their sequences only and their structures need to be compared to align them 
accurately. The protein superfamily analysis software suite 3DM solves these problems, 
because 3DM is a system that combines high quality structure based multiple sequence 
alignments in which aligned residues have the same number, with all published mutant 
and variant data for human and all other species. We have used 3DM to analyze nine 
human proteins for which many disease-related variants are known. This study reveals 
that mutation data can be transferred even between very distant homologous proteins. 
Thus, protein superfamily information systems, such as 3DM, offer a wealth of unused 
information that can be used in the analysis of human variants.
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1	 INTRODUCTION

Rapidly evolving gene sequencing technologies have revealed the relation between 
mutations in genes and the onset of symptoms that can be assigned to corresponding 
genetic disorders. More than a hundred thousand unique pathogenic variants are avail-
able from the Human Gene Mutation Database (HGMD) [1] that are known to cause over 
ten thousand different monogenic disorders [2] and almost four thousand genes already 
have been described that are involved in polygenic disorders [3]. Next generation gene 
sequencing efforts, on the other hand, have revealed that harmless single nucleotide 
polymorphisms (SNPs) are even more frequent in the human genome. More than ten 
million DNA variations have been uncovered in the human genome, of which about 4% 
are located in gene coding regions and about half of those (2%) are non-synonymous 
SNPs (nsSNPs) that thus result in an amino acid change in the corresponding proteins 
[4]. In fact, it was estimated by Crawford et al. that on average each gene contains five 
nsSNPs that are present in more than 5% of the human population. Only a small fraction 
of these nsSNPs have an effect on the function of the corresponding protein and can 
be classified as pathogenic. It is evident that gene sequencing is a promising method 
for diagnosis of genetic disorders, but the frequent occurrence of benign variants dras-
tically hampers routine diagnosis of genetic disorders.

Mutation databases, such as HGMD, OMIM [5], and protein specific databases, such as 
for example the P53 mutation databases [6,7], can be used as reference for previously 
identified pathogenic variants. In the daily practice of DNA diagnostics, one obviously 
encounters many variants for which these databases have no information available 
yet. In such cases one normally resorts to literature searches or, if that fails, to any of 
a series of tools, such as Polyphen-2 [8], SIFT [9], and HOPE [10] that have been de-
veloped for the in silico evaluation or prediction of the effects of variants on gene and 
protein function. However, in many cases variant effects are known for homologous 
proteins. The concept of evolution is that all homologs share a common ancestor and 
thus it makes sense that variants on equivalent positions would cause a similar effect 
(e.g. cause a disease).

The first step in transferring mutability data between proteins is to identify the equiv-
alent positions. However, to confidently determine which positions are equivalent is 
difficult unless the proteins in the alignment are so similar that aligning them becomes 
trivial. Jordan et al. [12] showed that the publicly available mutant severity prediction 
methods sometimes produce very poor alignments, and thus questionable predictions. 
Therefore, protein superfamily information systems that use structural alignments are 
needed to analyze these proteins and enable data transfer between proteins that are 
more distantly related but still share a common fold.

3



571378-L-bw-vdBergh571378-L-bw-vdBergh571378-L-bw-vdBergh571378-L-bw-vdBergh
Processed on: 5-1-2022Processed on: 5-1-2022Processed on: 5-1-2022Processed on: 5-1-2022 PDF page: 60PDF page: 60PDF page: 60PDF page: 60

60

CHAPTER 3

We have previously described 3DM[13], a system that can generate superfamily sys-
tems that fully integrate sequence data with literature data, mutation information, and 
three-dimensional structures. The 3DM multiple sequence alignments are derived from 
structure superpositions. This makes them more correct than commonly available 
alignments, and it allows for larger numbers of sequences to be reliably included in 
the alignments. 3DM systems contain all available sequence variants (protein- and 
DNA sequences of all splice variants, with and without leader sequences). We have 
generated 3DM systems for five proteins that are involved in long QT syndrome (gene 
names: KCNQ1, KCNH2, SCN5A, SCN1A, KCNJ2) and for four members of the amylase 
superfamily that are involved in Fabry disease, Schindler- or Kanzaki disease, glycogen 
storage disease, and cystinuria (gene names: GLA, NAGA, GBE1, SLC3A1, respectively).

In this work we show that the mutability of residues can still be transferred even on a 
superfamily scale where proteins are sequentially very different. The sequence identity 
between the proteins in our manuscript is as low as 10% and thus these proteins can 
no longer be aligned by sequence alignment programs. Therefore, protein superfam-
ily information systems that use structural alignments, such as 3DM, are needed to 
analyze these proteins and transfer data for pathogenicity predictions. Additionally, 
we show that automated literature mining software can outperform manually curated 
databases such as HMGD, both in terms of the number of unique mutations extracted, 
as well as the depth of information per mutation.

2	 METHODS

2.1	 3DM information systems
The 3DM software that generates superfamily information systems is extensively de-
scribed elsewhere [13,14], and will here only be discussed briefly. A structure based 
multiple sequence alignment (MSA) forms the backbone of each information system. 
3DM uses protein structure data to determine which regions are structurally conserved. 
These regions are termed core regions and 3DM normally uses only these superfamily 
core regions to generate the superfamily alignments. All sequences and structures are 
renumbered so that residues aligned in the MSA get the same number throughout the 
information system. This enables the transfer of data and knowledge between proteins 
and facilitates literature searches for mutations in homologs.

2.2	 Multiple sequence alignments
To predict the pathogenicity of non-synonymous variants the quality of alignments 
is of much greater importance than the completeness of the MSA. Structure based 
sequence alignment methods, which are used by default in the 3DM systems, tend to 
produce alignments of higher quality and deeper coverage than classical MSA methods. 
However, for the long QT related genes, structure information is available for only small 
parts of the proteins. To enable high-quality predictions, we implemented a method 
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that aligns only those parts of the sequences that can be aligned with great confidence, 
similar to the way the PROTOMAT algorithm produces what they call BLOCKS: ungapped 
regions of aligned proteins [15]. For the parts of the long QT related proteins for which 
structural information is available, structure-based alignments were produced and 
were subsequently merged with the sequence-based MSAs.

2.3	 Mutation data
Mutations were extracted from the literature by the 3DM Mutator module [14]. PubMed 
was queried for papers containing mutations related to the protein members of the two 
protein superfamilies here investigated. For the alpha-amylase superfamily Mutator 
scanned 11,471 full-text papers, whereas mutation-related information for the potas-
sium channel superfamily was extracted from 41,253 full-text articles. In total, this 
resulted in 5,219 and 65,891 mutations for the alpha-amylase and potassium channel 
superfamilies, respectively.

3	 RESULTS

We investigated the transferability of several types of information among members 
of protein superfamilies, and the power and limitations of automatically extracting 
mutation data from the literature.

Table 1. The overlap of mutations between different disease related proteins. 

Protein 1 Protein 2 Core 
identity

Aligned 
positions

Mutations 
protein 1

Mutations 
protein 2

Overlap p-value

GLA SLC3A1 0.15 210 150 37 31 0.046

GLA NAGA 0.57 209 149 8 8 0.062

GLA GBE1 0.10 194 140 12 8 0.787

GLA SLC3A1, 
NAGA

- 210 150 45 39 0.006

GLA SLC3A1, 
NAGA, 
GBE1

- 210 150 57 47 0.021

KCNQ1 KCNH2 0.17 156 109 126 96 0.001

SCN5A SCN1A 0.73 1576 476 271 101 0.003

From left to right the columns show the two proteins of the comparison; the sequence identity 
of the aligned region; the number of aligned positions; the number of positions in both proteins 
at which pathogenic mutations have been observed, the number of those that overlap, and the 
p-value for the overlap to be random determined by a permutation analysis.

3
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3.1	 Pathogenic variants tend to cluster at equivalent positions
The basic assumption that allows for the transfer of mutation data between protein 
family members is that mutations at equivalent positions in homologous proteins tend 
to result in similar structural and functional effects. Based on this assumption it is to 
be expected that structurally related proteins have equivalent locations where mu-
tations are well tolerated and locations where mutations are prone to result in detri-
mental effects. We have tested this hypothesis by analyzing the pathogenic variants, 
that were extracted from the literature by Mutator, in the two protein sets. None of the 
pathogenic variants are observed with a minor allele frequency of 1% or higher in the 
ExAC population database [16,17]. The first test set consists of 381 aligned pathogenic 
variants in four human proteins of the α-amylase superfamily (GLA, NAGA, GBE1, and 
SLC3A1) that, when mutated, can result in Fabry disease, Schindler- or Kanzaki disease, 
glycogen storage disease, or cystinuria, respectively. These proteins are sequentially 
very distantly related to each other. Sequence identities of these proteins range be-
tween 10% and 57% as shown in Table 1, which makes it (almost) impossible to align 
them correctly using sequence based alignment method that are normally used by the 
standard variant prediction tools (e.g. SIFT or PolyPhen [8,9]), but due to their similar 
protein structures they can still be aligned correctly (see figure 1). The 381 pathogenic 
variants are observed at 158 structurally different positions. Figure 2 shows how often 
pathogenic variants are observed at corresponding positions in these four proteins.

Figure 1. Structural alignment of subfamily representative structures for the four human pro-
teins in the alpha amylase superfamily. GLA and NAGA are both represented by 1R47 chain B, 
SLC3A1 is represented by structure 2DH3 chain A, and GBE1 is represented by structure 1M7X 
chain A. The blue to green regions are considered structurally conserved while the gray regions 
are structurally variable in this alignment. The blue to green gradient visualizes the order of the 
conserved regions from the N- to C-terminus respectively.
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Figure 2. The relation of pathogenic mutations of different homologous proteins and their corre-
sponding diseases. Overlapping parts of the ovals represent equivalent protein positions and the 
numbers are the number of positions for which mutation data is detected. For instance, there are 
31 positions for which pathogenic mutations have been detected in both GLA and SLC3A1 proteins.

For our second test set, the four potassium channels, structural information is present 
only for a very small fraction of these proteins, which hampers the transfer of mutation 
data between these proteins. SCN5A and SCN1A are sequentially closely related and 
these two can reliably be aligned over nearly the full lengths of their sequences. Howev-
er, KCNQ1 and KCNH2 can only reliably be aligned at 156 positions that are structurally 
conserved. This is the transmembrane region of these proteins. No structure data is 
available for SCN5A and SCN1A and these proteins can reliably be aligned to KCNQ1 
and KCNH2 at only 29 of these 156 positions. Due to the absence of structural infor-
mation and the limited number of mutation data for the four potassium channels, the 
significance of the overlap of mutation data could only be determined for SCN5A and 
SCN1A and for the 156 structural conserved positions of KCNQ1 and KCNH2. For these 
two datasets an even greater overlap is observed of positions that are disease related 
in both families. Table 1 provides the numerical details of these analyses.

3.2	 Variation in close homologs is indicative of mutation-tolerant  
	 positions
It is commonly accepted that mutations at conserved positions are likely to be patho-
genic, and many MSA-based software packages (e.g. SIFT; [9]) that aim at predicting 
the significance of mutations for a disease state implicitly use this concept. If an align-
ment consists only of highly similar sequences, then obviously most positions will be 
observed as conserved. If in a sequence alignment all sequences are more than 90% 
sequence identical to the human sequence then obviously the MSA contains only se-

3



571378-L-bw-vdBergh571378-L-bw-vdBergh571378-L-bw-vdBergh571378-L-bw-vdBergh
Processed on: 5-1-2022Processed on: 5-1-2022Processed on: 5-1-2022Processed on: 5-1-2022 PDF page: 64PDF page: 64PDF page: 64PDF page: 64

64

CHAPTER 3

quences from species that are closely related to homo sapiens, and consequently, any 
variability observed in this MSA is likely to also be acceptable in the human sequence. 
To test this hypothesis, we compared the ratio of pathogenic variants at conserved 
positions with the ratio of pathogenic variants at non-conserved positions. To ensure 
that this test was statistically meaningful we only used two of the nine human proteins 
(one from each super-family) for which a large number of different pathogenic vari-
ants (>250) are available. Table 2 shows that pathogenic variants are less frequently 
observed at variable positions in alignments composed of only highly similar sequenc-
es. For instance, for 179 of the 420 positions in the alignment of closely related GLAs 
pathogenic variants (stop codons and deletions excluded) have been reported in the 
HGMD database. The alignment composed of sequences that are at least 90% identical 
to GLA contains 387 conserved positions. For 176 (45%) of these positions pathogenic 
mutations have been described. For the variable positions this is five times less, be-
cause for only 3 of the remaining 33 variable positions (9%) pathogenic variants have 
been described. To determine the significance of the lower frequency of pathogenic 
mutations at variable positions a p-value was determined, which was <0.01 for all factor 
values from table 2.

Table 2. The relation between pathogenicity of mutations at conserved positions versus variable 
positions. 

GLA KCNQ1

Identity factor p-value factor p-value

0.9 5.0 < 0.001 2.24 0.0045

0.85 4.0 < 0.001 2.25 < 0.001

0.8 3.5 < 0.001 2.07 < 0.001

0.75 3.2 < 0.001 1.98 < 0.001

0.7 2.8 < 0.001 2.07 < 0.001

0.65 2.8 < 0.001 2.00 < 0.001

0.6 2.6 < 0.001 1.91 < 0.001

The left column represents the sequence identity compared to the human sequence. The factor 
column indicates how much more often pathogenic mutations are found at 100% conserved 
positions than at variable positions. For instance, using an alignment composed of sequences 
that are 90% or more identical to GLA this factor is 5.0, which means that the percentage of 
conserved positions at which pathogenic mutations have been observed is 5.0 times higher 
than positions at which at least one of the aligned homologs has a different residue type than 
the human sequence. Clearly, human mutations are more easily tolerated at positions that are 
variable in highly related sequences.
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3.3	 Mutation data extraction: automated mining outperforms  
	 manually curated approaches
HGMD [1] is the de facto standard source for mutation information. Like any manually 
curated database, the high quality of the HGMD comes at the cost of incompleteness. 
It was shown recently that Mutator is able to extend the HGMD [18]. Figure 3 shows 
that Mutator extracts significantly more mutations from the literature than human 
experts. This does, of course, not invalidate systems like HGMD because the HGMD 
also provides details on the effect of a variant. Even though natural language parsing 
software is developing very rapidly the days that the successor of Mutator will also 
always correctly extract the effects of those mutations from the literature are not near. 
In contrast to the HGMD database that stores each unique mutation once, 3DM collects 
all publications that describe any particular mutation. This can, for example, be two 
publications that describe the same mutation detected in different patients with dif-
ferent onsets or different symptoms. We have frequently observed that contradicting 
information is reported for the same mutation in different patients.

Figure 3. Comparison of the number of unique mutations extracted by Mutator and HGMD for the 
α-amylase and LQT protein family members.

4	 DISCUSSION

We have made a number of interesting observations. First, we find that variants are 
more likely to be pathogenic if they occur in structurally conserved regions of a protein 
[14]. Second, we find that it is much less likely that variants are pathogenic if they occur 
at positions that are variable in alignments composed of only highly similar proteins. 
From this observation follows that if a close homolog of a human protein has a different 
residue, it is more likely that other residue types are allowed at the equivalent position 
of the human protein. Third, we show that there is a large overlap in alignment positions 

3
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where pathogenic mutations occur even among distantly related human proteins of a 
superfamily. Therefore, when a missense mutation is pathogenic to its host organism, 
the chance that a mutation at the equivalent position in a homologous protein (to any 
residue) is also pathogenic is much higher. These observations show, as was hinted at 
previously [10], that pathogenicity is much more determined by the location of the mu-
tation in the protein than by the type of amino acid that is introduced. We can conclude 
that the use of protein superfamily systems can extensively add previously unused data 
for the investigation of human disease related variants. These revelations can function 
as very useful predictive features for variant effect prediction models. The availability 
of a protein superfamily data integration system is valuable for such a model, since 
it can provide predictive features that otherwise would be missing, such as mutation 
data for very distant homologs. In fact, these models have been generated for the LQT 
related genes. We show that the use of superfamily data, largely increases the accuracy 
of variant effect predictions (publication in progress).
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ABSTRACT

CorNet is a web-based tool for the analysis of co-evolving residue positions in protein 
super-family sequence alignments. CorNet projects external information such as mu-
tation data extracted from literature on interactively displayed groups of co-evolving 
residue positions to shed light on the functions associated with these groups and the 
residues in them. We used CorNet to analyse six enzyme super-families and found 
that groups of strongly co-evolving residues tend to consist of residues involved in 
a same function such as activity, specificity, co-factor binding, or enantioselectivity. 
This finding allows to assign a function to residues for which no data is available yet 
in the literature. A mutant library was designed to mutate residues observed in a group 
of co-evolving residues predicted to be involved in enantioselectivity, but for which no 
literature data is available yet. The resulting set of mutations indeed showed many 
instances of increased enantioselectivity.
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1	 INTRODUCTION

The enormous progress in sequencing technology has increased the number of avail-
able sequences to hundreds of millions. For instance, the metagenome sequencing of 
just the biological diversity found in the Sargasso sea alone as reported by Craig Venter 
and coworkers[1] identified 1.2 million new genes. Within the Global Ocean Survey (GOS) 
project another 6.1 million new gene sequences were found. As shown by Rusch et al. 
(2007)[2,3] 1,700 new protein families could be discovered in these databases. This 
rich source of information are a gold mine for the life sciences as these genes encode 
for a plethora of novel and mostly unexplored enzymes useful for various areas such 
as medical science, pharmacy and biocatalysis[4].

During evolution, proteins undergo random mutations that leave their footprint in multi-
ple sequence alignments (MSA). Some amino acid residues will stay conserved, others 
are conserved in groups of species, and yet others seem to mutate without restrictions. 
As a result we observe in multiple sequence alignments a hierarchy of residue con-
servation, correlation, and variation[5–7]. When residues are conserved within groups 
of sequences that share a certain function but these residues differ between groups 
we observe correlated mutation behaviour (also called co-evolution), and often such 
groups of residues are involved in a common function, such as specificity, co-factor 
binding, protein-protein interactions. We will call such groups of co-evolving residues 
‘networks’. CorNet is designed for the analysis of networks and for the prediction of 
their roles in protein function.

Many attempts have been made to use correlation patterns for the prediction of pro-
tein structures using information obtained from a MSA. Older methods all use what 
is now known as mutual information. A series of CASP[8] experiments illustrated that 
mutual information obtained from a MSA could not adequately predict protein struc-
tures. Recently a series of developments[9–12], have caused a breakthrough in the use 
of correlated mutations for the ab initio prediction of structures. Mutual information 
has often been related to function[13–16], and distinguishing correlated mutations re-
flecting residue contacts from those reflecting functions was the major problem faced 
when predicting protein structure from a MSA. These problems are not encountered, 
though, when studying or optimizing protein function in fields like protein engineering, 
chemical biology, or the analysis of disease causing mutations in the human exome 
because the strongest correlations, and especially whole networks of correlations often 
reflect a function[14].

Proteins have many functions including ligand and co-factor binding, regulation, signal-
ling, membrane embedding and catalysis. Each function requires that a series of resi-
dues work together. Therefore, residues have not co-evolved in a pair-wise manner but 
rather as networks[17,18]. The concept of extracting correlated mutations from align-

4
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ments is not new and many methods have been described previously[5,6,13–16,19,20]. 
Several correlated mutation analysis (CMA) software packages exist (e.g. ET[16], WHAT 
IF[21]) that cluster detected pairs of residues into networks. Networks are often com-
posed of sub-networks each containing residue positions involved in one particular 
protein feature. A complicating factor in the assignment of residues to functions is that 
they often contribute to multiple functions [22,23].

The function of a network cannot be determined from physicochemical characteris-
tics of the residues involved, but visual inspection of the 3D structure of the protein 
can reveal the function of a network. Fig 1 shows examples of networks in four su-
per-families that surround ligand- and the cofactor binding pockets. Normally, though, 
the determination of function requires in vitro or in vivo experiments, but often such 
experiments have already been performed in either the molecule of interest or in a 
homolog and these results can often be extracted from the literature. Besides that the 
amount of available literature often is overwhelming, a literature study for the functional 
role of a residue can be complicated by the facts that residues often do not have the 
same numbers in close homologs and that proteins do not have the same names in 
different research fields. These problems have been solved in molecular class specific 
text-mining methods[24,25] that iterate between text analysis and validation using the 
MSA-based super-family information system.

Six protein super-family systems were used to demonstrate the relation between cor-
related mutation networks and mutation data that is available in the literature. These 
six super-families were chosen because they could be made available to the public. We 
show that very different functions can be the driving force behind the major network in 
a protein super-family. Specificity is the driving force in two of the six super-families, 
whereas we observe that twice co-factor binding, once activity, and once enantioselec-
tivity lead to the strongest correlated mutations. Furthermore, we show that randomly 
deleting a large number of sequences from the input alignment hardly has an effect 
on the positions that make up the CorNet network. However, deleting entire groups of 
sequences that are phylogenetically closely related result in CorNet networks con-
sisting of different alignment positions. In fact, when using alignments generated of 
carefully selected subsets of sequences the networks will reflect different functions 
compared to networks obtained from the whole super-family. We also show that the 
enrichment of residues involved in a certain function can be optimised by interactive 
modification of correlation cut-off values (enrichment is defined as the fraction of 
residues in the network that is related to the function relative to the fraction of residues 
related to that function in the whole protein). Enrichment factors between five and ten 
are not uncommon.

To validate if residues that are connected in a CorNet network indeed share a common 
function a targeted mutant library was designed for an α/β-hydrolases enzyme (the 
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Pseudomonas fluorescens esterase). We experimentally validated the relation between 
the major network and the associated keyword ‘enantioselectivity’. The analysis of the 
residue distributions in this network allowed us to design a small library consisting of 
only 72 variants of which 18% showed a positive effect on enantioselectivity.

The explosion of readily available sequence- and mutation data is likely to make the 
type of protein data analysis described in this work a standard tool for scientific re-
search in protein engineering and other protein related research fields.

2	 RESULTS

With the CorNet server the user can select parameters such as correlation scores or 
colour schemes. The user can rapidly obtain information such as amino acid distri-
butions at single positions or pairs of positions. In the six systems for which we per-
formed the bibliome determination, the user can select search terms in that bibliome 
and results can be presented as scenes for visualisation of the CorNet data in a protein 
structure with the Yasara (www.yasara.org) macromolecular structure visualizer (Fig 1  
shows examples).

CorNet is connected to the web based CMA tool Comulator and can be used by up-
loading an alignment to the embedded Comulator tool (www.bio-prodict.nl/comulator). 
CorNet is also part of the 3DM protein super-family analysis suite. For several publicly 
available 3DM systems, including the six 3DM databases described in this paper, the 
alignments, the CMA results, the CorNet networks (including the connection to Yasara), 
and the mutation data from the bibliome can be retrieved from www.3dm.bio-prodict.nl.

4
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Fig 1. Visualisation of correlated mutation networks in the protein structures. In the boxes the cor-
related mutation networks are shown. Nodes represent alignment positions. Node sizes indicate 
the number of edges. Nodes shown in cyan indicate residue positions for which keyword related 
mutation data is available in the literature. Edge colours indicate the strength of the pair-wise 
correlation (yellow to red). The residues visualized in the structures correspond with, and match 
colours with nodes in the network.
a. Correlated mutation network of the isocitrate lyases (ICL) visualised in structure pdb-code: 
1IGW. The cyan nodes in this network are related to the keyword ‘specificity’. b. Correlated 
mutation network of the alcohol dehydrogenases (ADH) visualized in pdb-code: 1D1T that 
contains a substrate analog in the active site and the NAD co-factor (magenta). Position 41 that 
is the central hub in the correlation network is also the centre of the 3D network and it is located 
between the NAD and the substrate-binding pocket. c. Correlated mutation network of the amino 
acid oxidases (AAO) visualized in pdb-code: 1B37 that contains the FAD co-factor. This network 
consists of two sub-networks (blue surrounding the FAD, red surrounding the substrate binding 
pocket). d. Correlated mutation network of the a/b-hydrolase fold enzymes (a-bH) visualized in 
pdb-code: 1VA4. This network consists of two sub-networks. The smaller sub-network is highly 
enriched with positions (cyan nodes) related to the keyword ‘enantioselectivity’.

CorNet was tested on six protein super-families: alcohol dehydrogenases (ADH), amino 
acid oxidase-like (AAO) proteins, RmlC-like cupin proteins (cupins), the phosphoe-
nolpyruvate mutase/isocitrate lyases (ICL), UDP glycosyltransferases (UDP-GT), and 
a/b-hydrolases (a-bH). We used the Mutator tool[24] to extract from the literature the 
mutations associated with a series of functions including selectivity, activity, agonist 
binding, regulation, post-translational modification, and for validation purposes a series 
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of neutral terms such as stability, or the words ‘the’ and ‘and’. In all six families we 
find that the strongest correlating network clearly relates to a main functional aspect.

2.1	 Structural location of correlated mutation networks
Fig 1 shows the structural position of the correlated mutation networks of four super-
families. Fig 1a-b shows the networks for the ICL and ADH superfamilies for which only 
a single significant network is observed. The AAO and a-bH families reveal a series of 
significant networks and Fig 1c-d show their locations in the respective 3D structures. 
Fig 1 allows for a series of observations. For example, there is a tendency for residue 
positions in the same network to also be located roughly in the same area in the 3D 
structure, but high CMA scores do not tend to relate to 3D contacts. In the AAO family 
all residues in the blue network are close to the FAD while most residues in the red net-
work are in or near the active site. In none of the six networks do we see that residues 
that seem central (a hub) in the network are central in their 3D cluster too. The close 
spatial proximity of network residues seems caused simply by the fact that functions, 
such as catalysis or co-factor binding, are performed by residues that must lie around 
the active site or the co-factor. The conclusion that residues in a correlated mutation 
network will be involved in the same function is corroborated by experimental mutation 
studies for all of the six super-families studied here. These observations indicate that 
strongly correlated mutations in multiple sequence alignments are a result of functional 
constraints rather than structural contacts.

2.2	 Residue function determination by enrichment
To find the function of residues in a CorNet network literature-extracted mutation data 
related to different keywords, such as ‘specificity’ and ‘co-factor’, were mapped on the 
network and the overrepresentation (enrichment) of these keyword-related mutations 
inside the network is determined by the calculation of enrichment score (Escores). The 
calculation of Escores is described in the Materials and Methods section. Fig 2 shows 
for each of these keywords this enrichment in relation to the correlation cut-offs. These 
enrichments are hard to quantify because of a series of reasons that range from bias in 
the main research topic in a certain field of the life sciences to low counting statistics 
caused by, for example, CMA networks reducing to just two amino acid positions at 
the highest CMA values. Another effect is that researchers tend to make mutations at 
‘positions of interest’ and being interesting often is defined by literature describing 
mutations at that position in homologous proteins. We also observe large differences 
in the amount of mutation data available per super-family. Originally, we arbitrarily 
decided that mutations related to a selected keyword had to be observed in at least 
two independent articles before we would accept it as real. For the ICL and Cupin su-
per-families, this ‘two article’ cut-off had to be abandoned to obtain any results. We 
do not have enough datasets available yet to start thinking about a relation between 
the number of available mutation articles, the length of the sequence, the number of 
sequences in the MSA, and the optimal cut-off for this parameter.

4
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2.3	 Enrichment scores
We measured the enrichment for a series of control keywords to at least get a qualita-
tive idea about the significance of Escores. The control keywords ‘and’ and ‘the’ were 
selected because one expects these words to be observed frequently but randomly 
in sentences that are picked-up by the logical expressions that scan the literature 
for sentences that also contain the logical expression for a particular mutation (e.g. 
P213S). The Escores for these control keywords ranges between 0.00 and 2.02 in five 
of the super-families (Table 1). We also used the word ‘stability’ and ‘zinc‘ as control 
keywords. Table 1 shows the enrichments for these four control keywords measured 
at a CMA value of 0.80. This value was chosen to ensure that the six super-families 
contain enough nodes to prevent biased enrichment scores, which can result from 
the fact that scientist tend to select ‘interesting’ positions to mutate. The Network of 
the ICL super-family is surrounding the active site. Therefore, this biased selection 
of amino acids results in enriched control keywords simply because there are only a 
limited number of experimental mutations available.

Table 1. Enrichment scores for control keywordsa.

keyword and the stability zinc

ADH 1.15 1.18 2.02 –

AAO 1.16 1.15 1.94 0.00

Cupin 1.00 0.94 0.87 1.40

ICL 4.04 3.83 0.00 1.00

UDP-GT 1.54 1.53 0.00 0.00

a-bH 0.00 0.00 1.35 1.57

a The enrichments were calculated at a CMA cut-off of 0.80. The keyword ‘zinc‘ is not shown for 
the ADH super-family because zinc is a co-factor in this family and thus not a control keyword.

Fig 2 shows for the six super-families the relation between mutations and a series of 
keywords and their Escores.
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Fig 2. Escores for a series of keywords related to mutations in the families as function of the 
correlated mutation analysis cut-off. a. Keyword enrichments for the alcohol dehydrogenases 
(ADH). b. Keyword enrichments for the Amino acid oxidases (AAO). c. Keyword enrichments 
for the Cupins. d. Keyword enrichments for the isocitrate lyases (ICL). e. Keyword enrich-
ments for the UDP-Glycosyltransferases (UDP-GT). f. Keyword enrichments for a subset of 
the UDP-Glycosyltransferases (UDP-GT) alignment. This subset is composed of all sequences 
that have a proline at 3D-number 218. g. Keyword enrichments for the a/b-hydrolases (a-bH).

4
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2.4	 ADH family
Multiple keywords are enriched for the alcohol dehydrogenase family network (Fig. 2a). 
At a correlation cut-off of 0.80 most of the positions in the network are located in the 
active site and many of the residues at these positions will likely have more than one 
function. The difference between the keyword ‘activity’ and the joint-keyword ‘activity 
AND increase’ should also be noted. Mutations reported in the literature combined with 
the keyword ‘activity’ are far more evenly distributed over the alignment positions than 
mutations combined with the keyword ‘activity AND increase’, which is much more 
enriched for alignment positions within the correlation network. This indicates that 
many of the positions that can be mutated to increase the activity of these proteins 
are within the network.

2.5	 AAO family
The amino acid oxidase Escores show that its Network is mainly enriched for ‘FAD’, 
‘co-factor’, and ‘specificity’. Fig 1c shows that the AAO network consists of two 
sub-networks; the one surrounding the FAD cofactor (blue positions) and the other 
surrounding the substrate-binding pocket (red positions). The enrichments shown in 
Fig 2b are the sum of the two sub-networks. In fact, mutations related to the keywords 
‘FAD’ and ‘cofactor’ are more abundant in the blue sub-network and mutations related 
to the keyword ‘specificity’ are mostly detected in the red sub-network.

2.6	 Cupin family
Fig 2c shows enrichment for specificity in correlating positions in the cupin super-fam-
ily Network. At a low cut-off this network shows a low enrichment for ‘activity AND 
increase’, for ‘co-factor’ and for ‘specificity’. In contrast to the AAO correlation network, 
the cupin Network is not divided into separate sub-networks. However, a closer inves-
tigation of the positions leading to these enrichments revealed that the ‘specificity’ 
related positions are other positions than the ‘cofactor’ and the ‘activity AND increase’ 
related positions. S1f Fig shows this network in the 3D structure.

2.7	 ICL family
In the ICL super-family, very high Escores are observed using ‘specificity’ as keyword 
suggesting that specificity is the driving force causing these residues positions to 
mutate simultaneously. Inspection of the 3D location of this network reveals that 
the residues are mainly located in and around the active site (Fig. 1a). Escores for 
the control keyword ‘and’, also illustrated in Fig 2d, show that this keyword is slightly 
over-represented in this family. Apparently, the majority of the relatively small number 
of mutations made in proteins of this family are located at positions surrounding the 
active site probably due to biased selection of residues by scientists.
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2.8	 UDP-GT family
The joint-keyword ‘activity AND increased’ is clearly the enriched in the UDP-GT protein 
super-family network (Fig. 2e). Note that, like in the ADH family, the keyword ‘activity’ 
is hardly enriched in this network. Fig 2f shows that in a subset of the UDP-GT su-
per-family composed by sequences that have a proline at 218, ‘specificity’ clearly has 
the highest Escore. This subset is discussed in more detail below. S1e Fig shows both 
the main network and the network for the subset in the 3D structure.

2.9	 a-bH family
In the a/b-hydrolase fold super-family CMA the keyword “enantioselectivity” is clearly 
enriched (Fig. 2g). The Network consists of two sub-networks and most of the mu-
tations effecting enantioselectivity are located in one of the sub-networks (Fig. 1d). 
For five of the ten positions of this sub-network, mutations have been published that 
effected enantioselectivity (shown in cyan in Fig. 1d). To test if the other positions in 
this network are also important for enantioselectivity a small mutant library was gen-
erated for the five non-annotated positions (shown in green in Fig. 1d). The positions 
of the second sub-network cluster spatially, and are lightly enriched for the keyword 
‘specificity’.

2.10	 Mutant library
The results of an esterase mutation study (Table 2) clearly show the expected impact 
of the selected correlated network positions on enantioselectivity: 17% of all variants 
exhibited an improved enantioselectivity (data available in S1 Table) compared to wild-
type esterase. Best results were found after the combination of the best mutations 
obtained at positions 61 (G61S) and 81 (K81H), which led to a 2-3 fold improvement in 
enantioselectivity.

Table 2. Specific activities and apparent enantioselectivity for the top esterase variants.

Variant
Specific activitya [mU/mg]

Eapp
b

(R)-3PB-pNP (S)-3PB-pNP

Wild-type 1.44 (± 0.09) 0.30 (± 0.11) 5

K81H 3.22 (± 0.19) 0.54 (± 0.03) 6

G61S 4.48 (± 0.72) 0.47 (± 0.04) 10

G61S/K81H 6.86 (± 1.08) 0.51 (± 0.03) 13

a One unit corresponds to 1 μmol converted min-1 mg-1 protein.
b Eapp is the ratio of activity for the two enantiomer of (R)- and (S)-3PB-pNP.

A structural analysis of these two positions revealed that position 61 is in the active 
site region of the esterase from Pseudomonas fluorescens (PFE) adjacent to the cat-
alytic aspartic acid, which suggests that a mutation at this position could influence 
selectivity[26] although the risk is high that catalytic activity can be strongly affected. 

4
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In contrast position 81 is located on the surface of the protein, far away from the active 
site. Selection of this position without the CorNet tool and 3DM would have been rather 
unlikely. The increase in the enantioselectivity is clearly cumulative, although the two 
positions do not correlate directly to each other in the network.

2.11	 Co-evolution networks in alignment subsets
Which function is the underlying force behind a CMA network heavily depends on the 
input alignment. The Networks of large alignments that cover a large evolutionary 
spread (e.g. a complete super-family) is composed of different positions compared to 
a Network of subsets of these alignments that cover only a phylogenetic sub-branch 
of the large alignment. To investigate the effects of selecting sub-branches on the 
location of CMA networks in the three-dimensional structure several subgroups of the 
ADH super-family, the ICL super-family, and the UDP-GT super-family were composed. 
In all three super-families, sub-alignments were generated by selecting a subgroup of 
sequences that have a residue conserved at the hub of the main Network.

The Network of the ADH super-family alignment, for instance, contains a single net-
work and no clear sub-networks can be detected. This network is located in the centre 
of the active site (red residues Fig. 3) and surrounds the zinc ion that is essential for 
the catalytic activity. Position 41 is a hub in this network (Fig. 1b) and makes physical 
contact with the zinc ion clearly indicated by the high Escore for ‘zinc’ (Fig. 2a). The two 
main residues observed at position 41 are Cys (present in 52.4% of the super-family se-
quences) and Asn (present in 37.8% of the sequences). A sub-alignment was generated 
using sequences having a cysteine at alignment position 41. In this subset, position 41 
is obviously fully conserved and thus no longer shows up in any correlated mutation 
network. We observe two new networks in this subset (yellow in Fig. 3). These are locat-
ed surrounding the Network of the complete super-family more in the second layer of 
the active site. Position 159 is now the main hub in the most extensive network and po-
sition 159 mainly occupied by a Gly in the MSA. Using a subset of sequences that have 
both a Cys at position 41 and a Gly at position 159 we obtain yet another network (blue 
in Fig. 3) positioned in the third layer around the active site. This sub-location of the 
Networks in different layers around the active site suggests that they reflect different 
roles (e.g. activity, specificity, dimerization, etc.) that the corresponding residues need 
to perform. Unfortunately, for the ADH protein family no literature data is yet available 
that proves this hypothesis and no function could be assigned to the sub-networks 
with the available literature data.

The same experiment was performed on the ICL super-family. Position 157 is the main 
hub of the Network in this super-family and proline is the most common residue at 
position 157. Fig 2d shows that the main function underlying the Network of this su-
per-family is specificity and this network is located surrounding the substrate-binding 
pocket (Fig. 1a). Although, also for this family, not enough literature-derived mutation 
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data are available to prove the function of the residues in the Network that was gener-
ated for a subset containing only sequences with a proline at 157, the network is located 
almost exclusively at the dimerization interface (Fig. 4).

Fig 3. Alcohol dehydrogenase family structure 1CDO-A with CMA network positions of three 
different alignments visualized. The red residues represent the CMA positions for the complete 
super-family alignment. The yellow residues represent a network generated for a sub-alignment 
composed of sequences with a cysteine on 3D-number 41. The blue residues reflect a Network 
generated for a sub-sub-alignment composed of sequences with a cysteine at position 41 and 
a glycine at position 159.

This experiment was repeated in the UPD-GT super-family of which the main network 
shows a high Escore for the keyword “activity AND increase” (Fig. 2e). Position 218 is 
the main centre of the Network of this super-family and proline is the most common 
residue at this position. An alignment was generated of all sequences that have a pro-
line at position 218. As shown in Fig 2f in the Network of this alignment the keyword 
“specificity” results in the highest enrichment.

4
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Fig 4. Isocytrate lyases family structure 1DQU-A with CMA networks and dimer interface visualized.  
a. The red residues represent the Network for the complete super-family alignment. The blue 
residues represent the network for an alignment subset that contains a proline on 3D-number 
157. b. The purple residues represent the 3D-positions that make an inter-molecular contact in 
most of the 70 available structures of the ICL family.

2.12	 Correlation networks in random subsets
To define the minimal number of sequences needed to perform CMA subsets of ran-
domly selected sequences were generated for all six superfamilies. For each super-
family a range of subsets was generated that contained between 0.5% and 60% of 
the superfamily sequences. For each subset the network positions were compared 
to the network of the full alignment and an F-measure was calculated to determine 
the similarity between the networks. These results (S1 File), show that an alignment 
of 500 sequences usually contain enough signal to result in a reliable CorNet network 
indicated by an F-measure of 0.8 or higher.

3	 DISCUSSION

We describe the protein function - structure - CMA relations for six protein super-fam-
ilies, which were validated using available mutation data from literature. For one of 
them, the a-bH protein family, a smart mutant library consisting of only 72 variants was 
designed based on CorNet network to validate the predicted effect on enantioselectivity. 
To show that positions in a co-evolution network share a common function this library 
was targeted only at nodes of the network for which no literature mutation data was 
available describing effects on enantioselectivity. Although the changes observed in 
enantioselectivity (2-3 fold) are not very large, nearly 20% of the mutants in the library 
had an effect on enantioselectivity. Typically, random generated libraries have a hit 
rate of about 1% (Reetz et. al. [27]). This result clearly shows that the positions in a 
CorNet network are often functionally related. Therefore, mutation information that is 
available for nodes in a CorNet network can be used to predict the effects of mutating 
the non-annotated nodes. This experiment was not performed to create a highly en-
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antioselective enzyme (in that case nodes for which effects on enantioselectivity were 
already published should have been included), but the goal of this experiment was to 
show that CorNet can be used to find novel mutation hotspots not reported in literature 
before. In fact, in a recent study we generated a highly selective PFE by mutating a 
CorNet position for which mutational data was available in the literature [28].

A CMA network, and the function(s) it reflects, depend on the sequences in the align-
ment. This work shows that not the number of sequences in the alignment, but the 
evolutionary spread of the aligned sequences is the determining factor for the com-
position of a CMA network. A large evolutionary spread among the aligned sequences 
tend to result in a network composed of positions near the active site (i.e. residues 
performing the main task of the protein). An alignment based on a subset of sequences 
with a smaller evolutionary spread (i.e. by demanding that one functionally important 
residue is conserved throughout the subset) results in a correlated mutation network 
located in the second or third layer of residues (i.e. residues involved in more specific 
functions). This phenomenon was nicely demonstrated by the difference of enrichments 
scores in the UDP-GT protein family, where in the full alignment “activity AND increase” 
resulted in the highest Escore whereas “specificity” scored highest in much smaller 
subset of the alignment (where P218 is conserved). Rules for determining the best set 
of input sequences that will result in a Network optimized for a specific protein feature, 
still remains to be determined. The alignments used in this work were, in fact, automat-
ically generated and no filtering or any form of optimizing was conducted. This shows 
not only that this method is robust but also that there is still much room for further 
developments, improvements, and novel discoveries in the area of CMA network related 
research. The fact that the maximum Escores differ between different super-families 
and for different protein features suggests that the alignments, and especially the 
selection of sequences to be included, can be optimized even further. The accuracy 
of the type of analysis conducted is this work increases when more data is available 
for a super-family as indicated by high Escores of control keywords in the rather small 
ICL super-family. Together with the explosion of sequence- and mutation data that is 
becoming readily available we believe that the type of protein data analysis described 
in this work might become a standard tool for protein engineering.

4	 MATERIALS AND METHODS

4.1	 Protein families
The relation between correlation networks and information from the bibliome was ana-
lysed for six super-families. ADH: Alcohol dehydrogenases catalyse the oxidation of al-
cohols by the reduction of nicotinamide adenine dinucleotide. AAO: Amino acid oxidases 
are FAD-binding proteins. This family consists of two sub-families that catalyse D-amino 
acid and L-amino acid conversion, respectively. These two AAO sub-families bind their 
FAD differently. Cupin: The very large RmlC-like cupin family comprises a wide range 

4
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of enzymes that can convert many different substrates. Cupins show a large variety of 
reaction mechanisms. The cupins are the most diverse protein family known today cov-
ering 17 enzyme classes and even other types of proteins such as seed storage globu-
lins and multi-domain transcription factors[29]. ICL: The phosphoenolpyruvate mutase/
isocitrate lyases super-family contains several enzyme families that act on alpha-oxy-
carboxylate substrates. UDP-GT: The UDP-Glycosyltransferases protein family contains 
sugar-acting enzymes that can act on different sugars and perform different reactions 
(synthases, transferases, phosphorylases). a-bH: The a/b-hydrolase fold super-fam-
ily contains a wide range of proteins including proteases, esterases and lipases[30].

For each of these six families structure based MSAs were produced, and the literature 
was scanned for mutations. Table 3 lists the number of articles, sequences, structures, 
core alignment positions, and mutations found for each of the six protein super-families.

Table 3. Sequences, structures, and mutations found for the six super-families.

Name Sequences Core alignment 
positions Structures Articles 

scanned
Mutation data 
extracted

ADH 14696 353 447 15144 10437

AAO 12155 253 356 14442 6203

Cupin 1650 43 338 53400 4362

ICL 3019 170 70 2013 160

UDP-GT 36402 313 475 26919 7610

a-bH 59904 88 1665 60926 60755

The CMA scores were determined for all pairs of alignment positions in each of the six 
families. Mutual information was calculated rather than the direct information that has 
been described[9–12]. Correlation scores are obtained using the previously described 
Comulator software[14]. Comulator uses a method known as a statistical coupling 
analysis[31,32] to assign correlation scores. Comulator was used because this method 
is a robust CMA algorithm that was specifically developed to handle large structure 
based superfamily alignments that consist of thousands of proteins and often contain 
many different protein functions.

4.2	 Cornet Features
The CMA network visualization tool was built using cytoscape.js (a JavaScript graph 
visualization library)[33] and jquery (user interface libraries). In this HTML based net-
work viewer nodes represent alignment positions (with the MSA position number in-
dicated) and edges are coloured as function of the pairwise CMA values. The nodes 
are hyperlinked to underlying data stored in the database so that, for example, the 
amino acid distribution of an alignment position or a pair of correlating positions can 
be obtained rapidly.

https://cytoscape.js/
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The user can interactively choose correlation cut-offs, colours for groups of residue 
positions, and residue positions can be coloured as function of their annotation. CorNet 
can write the resulting colours in a YASARA scene so that results can be visualised 
with YASARA, a protein structure visualisation tool (Fig. 1). When annotation queries 
are performed, the enrichment of the search term is determined on the fly.

4.3	 Mutation extraction
The Mutator software[24] was used for the extraction of mutations from the literature. 
This software searches in PubMed with words like ‘mutation’, ‘SNP’ (Single Nucleotide 
Polymorphism), ‘substitution’, or ‘recombinant’ combined with family-specific key-
words (and their synonyms) like names of family members, their gene names, names 
of diseases known to be related to members of the family, or generic family names. 
Most names are retrieved from the Swiss-Prot[34] protein entries available in the MSA. 
We subsequently scan these articles for mutation information related to the six su-
per-families. Each sentence that contained a mutation (i.e. terms like S127P, Glu422Lys 
or “Trp58 was mutated to Ala”) was analysed for the presence of a series of words 
such as ‘specificity’, ‘activity’, ‘cofactor’, etc. A residue position is considered related 
to a keyword if the combination of mutation and keyword is observed in the same 
sentence in at least two articles that describe a mutation at the same residue position 
in a member of the family.

4.4	 3DM
3DM was used to generate the structure bases multiple sequence alignments (MSAs) for 
the six super-families[35]. In summary, structures are superposed with WHAT IF [21] to 
generate an initial alignment that is then used to guide the alignment of all sequences for 
which no structure data is available. 3DM allows for the generation of alignments for sub-
groups of sequences. Such sub-alignments were generated for the UPD- and ADH protein 
families. These sub-alignments are composed of all sequences that have the most abun-
dant residue at the position that forms the centre of the Network. Correlated mutation anal-
ysis is performed as described before[14]. A method known as statistical coupling anal-
ysis[32] is used to detect pairs of residues in the alignment that mutate simultaneously.

4.5	 3D numbers
CorNet uses a super-family specific residue numbering scheme for all sequences and 
structures in the alignment. Structurally equivalent residues get the same numbers, called 
3D-numbers, which are also used for the corresponding sequence alignment positions. 
3D-numbering schemes are used throughout this paper, and in the interactive version 
of CorNet. The principle of 3D- numbers and the underlying structure based multiple se-
quence alignment have been described[35] and is illustrated in Fig 5. Structurally variable 
sites such as residues that reside in loops are not included in the structure based MSA 
and thus are not included in the correlation analyses. In practice, though, functionally 
important residues normally are located in the structurally conserved regions of proteins.

4



571378-L-bw-vdBergh571378-L-bw-vdBergh571378-L-bw-vdBergh571378-L-bw-vdBergh
Processed on: 5-1-2022Processed on: 5-1-2022Processed on: 5-1-2022Processed on: 5-1-2022 PDF page: 86PDF page: 86PDF page: 86PDF page: 86

86

CHAPTER 4

Fig 5. Example to illustrate the use of 3D-numbers. We are interested in histidine 22 in the human 
sequence, however mutation related information from the bibliome is only available for the mouse 
homologous sequence. In the main text we find a description of the effect of a mutation of histi-
dine 49 to an alanine. This histidine residue is in the structure at equivalent position of the human 
histidine-22 and therefore shares the same 3D number (17).

4.6	 Escore and P-values
The keyword search option enables the user to automatically select mutations for 
which that keyword is part of the annotation and to map these on the network. The 
overrepresentation of a keyword for residues in a network is expressed as the enrich-
ment-score (Escore):

 

  

Equation 1. Nn = number of alignment positions in the network, Nt = total number of alignment positions, Kn = 

number of network positions for which the keyword m was observed, Kt = total number of positions for which 

keyword m was observed.  

 

CorNet offers the user to define a cut-off (Nmut), which can be selected interactively; the 

default is 2. The keyword must be observed with the same 3D residue position in at least 

Nmut mutation studies for different proteins in order to be accepted.  

Equation 1. Nn = number of alignment positions in the network, Nt = total number of alignment 
positions, Kn = number of network positions for which the keyword m was observed, Kt = total 
number of positions for which keyword m was observed.

CorNet offers the user to define a cut-off (Nmut), which can be selected interactively; the 
default is 2. The keyword must be observed with the same 3D residue position in at 
least Nmut mutation studies for different proteins in order to be accepted.

4.7	 Library design
The design of the mutant library composed of 72 variants was based on a 3DM analysis of 
the respective positions, which led to the incorporation of the four most frequent amino 
acids at the networks positions (Table 4): a triple mutant library was designed to include 
the combinatorial effects of those positions that either are connected with more than 
one node with a known effect on enantioselectivity (i.e. nodes 27 and 61, Fig. 1d) or with 
nodes that have been more frequently mutated according to literature (i.e. node 14, Fig. 
1d). The remaining two positions (i.e. nodes 59 and 81) were randomized independently.
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Table 4. 3D positions selected, codons used for library design and corresponding encoded amino acids.

3D position Codons Amino acids encoded

14 TKG/TWT L,W,F,Y

27 GBC/ACC V,A,G,T

59 VTT/GGT V,I,L,G

61 GSC/ARC G,A,N,S

81 YAT/CGT/GTT H,Y,R,V

Residues in bold correspond to wild-type esterase.

4.8	 Mutant libraries and enantioselectivity
Libraries of the esterase from Pseudomonas fluorescens (PFE) were constructed by 
QuikChange mutagenesis. In the case of the triple mutant library three consecutive 
reactions were needed. In each case the following reaction mixture was prepared: ster-
ilized deionized H2O (41 μL), Pfu buffer (10x, 5 μL), dNTP (1 μL, 10 mM each), plasmid 
pJOE2792.1 (1 μL, 50 nmol μL-1) containing the gene encoding PFE[36], mixture of for-
ward and reverse primer mixture (1 μL, 12.5 nmol μL-1), Pfu+ DNA Polymerase (0.2 μL). 
The so prepared mixture was then split in two different PCR tubes with equal amount 
of volumes and used for a PCR at the following conditions: 1) 95°C, 300 s; 2) 30 cycles: 
95°C, 30 s; 50 or 65°C, 30 s; 72°C 210 s; 3) 72°C, 480 s. Afterwards, the presence of the 
PCR product was verified on a 1% agarose gel and finally DpnI (0.5 μl) was added to 
remove the template. Digestion of the most abundant product was performed for 2 h 
at 37°C followed by denaturation of DpnI at 80°C for 20 minutes. Chemo-competent 
E. coli cells (Top10) were transformed with the PCR product for plasmid amplification 
and quality library evaluation[37]. Once the randomization state of the mutated position 
was verified by sequencing, the mixture of circularized plasmids was used for trans-
formation in chemo-competent E.coli cells (BL21 DE3) and plated onto LBAMP-plates. 
Clones were picked with sufficient oversampling (3-fold) to ensure statistically a 95% 
coverage of the library[38].

4.9	 Primers:
1afw - 5’-GGTGTTGTKGAGCCACGGTTGGCTACTGG-3’,
1bfw - 5’-GGTGTTGTWTAGCCACGGTTGGCTACTGG-3’,
1arv - 5’-CGTGGCTCMACAACACCGGTTTACCGCTGC-3’,
1brv - 5’CGTGGCTAWACAACACCGGTTTACCGCTGC-3’,
2afw - 5’-CCTCAAGGAGGTGGBCCTGGTGGGCTTCTCC-3’,
2bfw - 5’-CCTCAAGGAGGTGACCCTGGTGGGCTTCTCC-3’,
2arv - 5’-GGAGAAGCCCACCAGGVCCACCTCCTTGAGG-3’,
2brv - 5’-GGAGAAGCCCACCAGGGTCACCTCCTTGAGG-3’,
3afw - 5’- CCACCCTGGTGVTTCATGGCGATGG-3’,
3bfw - 5’- CCACCCTGGTGGGTCATGGCGATGG-3’,

4
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3arv - 5’-CCATCGCCATGAABCACCAGGGTGG-3’,
3brv - 5’- CCATCGCCATGACCCACCAGGGTGG-3’,
4afw - 5’-GTGATCCATGSCGATGGCGACC-3’,
4bfw - 5’- GTGATCCATARCGATGGCGACC-3’,
4arv - 5’- GGTCGCCATCGSCATGGATCAC-3’,
4brv - 5’- GGTCGCCATCGYTATGGATCAC-3’,
5afw - 5’- CGAACTGYATGTGTACAAGGACG-3’,
5bfw - 5’- CGAACTGCGTGTGTACAAGGACG:-3’,
5cfw - 5’- CGAACTGGTTGTGTACAAGGACG-3’,
5arv - 5’- CGTCCTTGTACACATRCAGTTCG-3’,
5brv - 5’- CGTCCTTGTACACACGCAGTTCG-3’,
5crv - 5’- CGTCCTTGTACACAACCAGTTCG-3’,
6afw - 5’- GCCGAACTGCATGTGTACAAGGACGCGCCCCACG-3’,
6arv - 5’- CCTTGTACACATGCAGTTCGGCGCCCTTGATCAAC-3’,
7afw - 5’- GGTGGTGCATAGCGATGGCGACCAGATCG-3’,
8arv - 5’- CGCTATGCACCACCAGGGTGGGTACGTC-3’.

The primers series 1, 2 and 4 were used for the randomization of positions 14, 27 and 
61, respectively, in the triple mutant library. Primers series 3 and 5 were used for the 
independent randomizations at positions 59 and 81 respectively. Primers series 6 and 
7 were used for the creation of the single mutants derived from the combination of the 
best hits at each network node.

For protein expression, the transformants were grown on agar plates, picked and in-
oculated into microtiter plates containing 200 μL LBAMP. Incubation was performed 
overnight at 37°C and 500 rpm. The following day the overnight culture (50 μL) was 
transferred into deep-well blocks containing 1 mL TBAMP and incubated for 3 h at 37°C 
at 700 rpm. Gene expression was induced with L-rhamnose solution (final concentra-
tion 0.2% (w/v)). The libraries were incubated for an additional 16 h at 30°C, 700 rpm. 
For disruption, cells were harvested by centrifugation (15 min, 4355 g and 4°C) and 
resuspended in 300 μL lysis buffer containing 1% Bugbuster solution for 1 h at 37°C at 
700 rpm followed by centrifugation for 45 min at 4355 g, 4°C. The crude cell extract was 
transferred into a new microtiter plate and stored until usage at 4°C. For each variant 
the crude cell lysate was split into two microtiter plates containing phosphate buffer 
(50 mM, pH 7.5). Enantioselectivity measurements were performed in microtiter plates 
(MTP) first with crude cell lysate using optically pure (R)- and (S)-3-phenylbutyric ac-
id-p-nitrophenylesters (0.2 mM final concentration in 20 % acetonitrile, synthesized as 
described previously[39]) in two separate wells of the MTP for each variant following 
for 1 h the increase in absorbance at 410 nm from the released p-nitrophenolate. From 
the difference in the rate of the hydrolysis of the two enantiomers, the apparent enan-
tioselectivity was determined as described previously[39]. Variants showing improved 
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properties in this initial screening were produced on larger scale, His-tag purified using 
TALON beads and reanalyzed for altered enantioselectivity.

SUPPORTING INFORMATION

Supplementary data is available online:
https://figshare.com/s/6f19c20c1bb29de134c6
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ABSTRACT

Background Long QT Syndrome (LQTS) and Brugada Syndrome (BrS) are cardiac ar-
rhythmia syndromes associated with sudden cardiac death. In particular in LQTS, ge-
netic testing is pivotal for the diagnosis, prognosis and treatment of patients. Due to the 
lack of evidence of pathogenicity generated by functional analysis, improved in silico 
systems for the analyses of these missense variants are therefore of critical importance

Methods We evaluated a total of 1,238 known variants. Of these 1,238 variants, 719 
variants were associated with a LQTS or BrS phenotype, whereas 519 variants were 
observed in healthy individuals. The variants were observed in KNCH2, KCNQ1 and 
SCN5A, the three genes responsible for most of the LQTS and BrS phenotypes. We 
used 3DM to generate many heterogeneous data to describe each variant. Using this 
data, we generated a pathogenicity predictor (3DMPP) to separate disease-causing 
from non-disease causing variants.

Results We show that 3DMPP outperforms frequently used genome-wide prediction 
tools and even gene-family specific predictors, and that these existing tools are not 
able to accurately assess the pathogenicity of variants.

Conclusions For sudden death–predisposing diseases such as LQTS and BrS accurate 
and proper interpretation of the genetic test is of paramount importance considering 
the diagnostic, prognostic, and therapeutic implications of a genetic test. The accurate 
predictions made by 3DMPP shows that the availability of reliably annotated patient 
cohort data together with the use of high-quality, domain-specific structure based 
integrated data is essential for creating a reliable prediction tool.
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1	 INTRODUCTION

Identification of pathogenic alterations in the DNA sequence of patients with inherited 
diseases is one of the main tasks of human genetics. Many of putative disease-related 
variants are located in protein-coding regions of the genome, affecting the structure 
and function of the encoded protein. More than a hundred thousand unique disease 
causing mutations are available in the Human Gene Mutation Database (HGMD)1 that 
are known to cause over ten thousand different monogenic disorders, and almost four 
thousand genes already have been described that are involved in polygenic disorders2. 
Next generation gene sequencing efforts have, on the other hand, revealed that harm-
less single nucleotide polymorphisms (SNPs) are even more frequent in the human 
genome. A recent study revealed more than 3.5 million alterations in the whole genome 
of a single individual3. Obviously, only a small fraction of these SNPs affect protein 
function and an even smaller fraction of those variants can be classified as pathogenic.

Whereas mutations predicted to result in truncated proteins (nonsense, frameshift and 
most splice site mutations) are likely to affect protein function and to be pathogenic, 
predicting the pathogenicity of missense mutations is much more difficult. Missense 
variants can be classified as pathogenic in case linkage analysis in families is available 
(with the exception of linkage disequilibrium). Evidence for pathogenicity generated by 
functional analysis is helpful but in the field of ion channels notable exceptions exist4. 
Moreover, these data often lack completely and the pathogenicity of a variant remains 
uncertain. In a diagnostic setting this means that in many cases no clear message can 
be communicated to the patient and no presymptomatic testing in family members can 
be offered. Improved in silico systems for the analyses of these missense variants are 
therefore of critical importance. With the availability of next-generation sequencing 
techniques with massive data, including many missense variants, ensuing, a structured 
reliable variant screening tool is of paramount importance.

Long QT syndrome (LQTS)
LQTS is one of the cardiac arrhythmia syndromes associated with sudden cardiac 
death. To date 14 genes have been recognised to cause LQT syndrome. By far, most 
putative causal variants are identified in genes KCNQ1, KCNH2 and SCN5A. The first 2 
genes encode the alpha subunits of two potassium channels and SCN5A encodes the 
alpha subunit of the cardiac sodium channel. Loss-of-function variants in the potas-
sium channel genes and gain-of-function variants in SCN5A result in net decreased 
repolarizing force, with subsequent prolongation of the cardiac action potential and the 
QT interval on the ECG. Brugada syndrome (BrS), among others also caused by vari-
ants (loss-of-function) in SCN5A is characterised by ST segment elevation in the right 
precordial leads (V1-V3) and risk of ventricular fibrillation and sudden cardiac death.

5
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In particular in LQTS, genetic testing is pivotal for diagnosis, prognosis and treatment 
of patients5,6.
In this study we used variants found in these genes in LQT patients or BRS patients.
We have previously described 3DM7, a system that can generate superfamily sys-
tems that fully integrate sequence data with literature data, mutation information, and 
three-dimensional structures. In this study we have used 3DM to generate superfamily 
information systems for three genes involved in LQTS (KCNH2, KCNQ1, SCN5A) and BrS 
(SCN5A). Based on the information in these systems we have developed 3DMPP, a tool 
that can accurately predict the pathogenicity of variants in these arrhythmia-syndrome 
related genes. We show that 3DMPP clearly outperforms available tools in separating 
benign variants from pathogenic variants.

2	 METHODS

2.1	 Dataset
Variant data was collected for three genes: KCNH2, KCNQ1 and SCN5A. Putative patho-
genic mutations found in LQT cases include the mutations in the cohorts published 
by Kapa et al, the cohort of Familion described by Kapplinger et al, mutations detect-
ed in the patient population from the Academic Medical Centre (AMC) that were not 
published before and mutations detected in an additional cohort of Familion that were 
not published by Kapplinger et. al. Mutations in SCN5A found in Brugada syndrome 
patients include those published by Kapplinger et al and the unpublished mutations 
found in the AMC cohort. Variants found in the normal population include variants 
published by Kapa et. al. and the variants listed in the Exome Aggregation Consortium 
(ExAC) database8.

The dataset contains variants that were concluded to be benign or causal agents of 
either LQTS or BRS by a variety of methods. Variants for which the effect could not be 
determined with a high confidence were excluded in this study, since the inclusion of 
miscategorised variants would impair any generated model. When, in a single patient, 
multiple variants were found in one of the three genes these were excluded because in 
these cases it is impossible to address the pathogenicity of the individual mutations.

Variants that were observed in ExAC with a minor allele frequency (MAF) greater than 
the estimated natural prevalence of LQTS (0.05% or 1 in 2000) were determined as 
benign. Variants observed with a MAF <0.05% that had not been identified in patients 
were also classified as benign. However, variants that were observed in the ExAC data-
base only once or had an abnormal functional phenotype were excluded from this study.

Table 1 shows an overview of the training data; each sample was classified with the 
binary “case” or “control”. Cases are variants linked to LQTS or BRS, whereas controls 
are benign variants.
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Table 1. The distribution of case and control variants through the entire dataset.

KCNQ1 KCNH2 SCN5A Total

Cases 183 284 252 719

Controls 88 110 321 519

2.2	 3DM information systems
The 3DM software that generates superfamily information systems is extensively de-
scribed elsewhere7,9, and only deviations from the normal 3DM procedure will be de-
scribed here. Traditionally, a structure based multiple sequence alignment (MSA) forms 
the backbone of the 3DM information systems. However, for the LQT related proteins 
structure information is available for only very small parts of the proteins. Therefore, a 
different strategy for creating high-quality alignments for KCNQ1, KCNH2 and SCN5A 
was used. Since proteins are often composed of distinct structural and functional units, 
subject to different evolutionary pressures and constraints, separate alignments were 
created for all domains present in the three individual genes. Sequences included in the 
alignment were retrieved from UniProt, together with sequences generated based on the 
variation found in the 1000 genomes project10 and the NHLBIO GO Exome Sequencing 
Project. All sequences and structures are renumbered so that residues aligned in the 
MSA get the same number throughout the information system. This enables the transfer 
of data and knowledge between proteins, and facilitates literature searches for muta-
tions in homologs. Mutations were extracted from the literature by the 3DM Mutator 
module9. PubMed was queried for papers containing mutations related to proteins 
present in the LQT-related 3DM information system. Information about mutations in 
these proteins was subsequently extracted from 111,581 full-text articles. In total, this 
resulted in 32,874 mutations for the LQT-related protein superfamily.

2.3	 Learning features
A total of 41 parameters (shown in supplementary table S1) that describe the char-
acteristics of the missense variants were used as learning features. Each parameter 
belongs to one of four different categories.

1. Residue-specific parameters
Parameters based on the different inherent characteristics of residue types are likely 
to determine a part of the impact of the variant. For instance, swapping a positively 
charged residue with a negatively charged residue might have a larger impact than a 
neutral change.

2. Alignment-derived parameters
A lot can be learned about the importance and functions of residues by analysing 
multiple sequence alignments. Attributes such as conservation of the wild type and 
variant residues, when alignment positions tend to start mutating, and the involvement 

5
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of the affected position in correlated mutation networks have been shows to be good 
indicators of the importance of positions in the protein family11–14.

3. Structure-based parameters
For those parts of the proteins for which structure information is available, a number of 
structure-based parameters are calculated. All available structures are superposed in 
the 3DM information systems, and based on this superposition the structural conser-
vation of positions is determined. In addition, information about the structural position 
is used, such as whether the mutations reside in a transmembrane or intramembrane 
segment.

4. Literature-based parameters
For many positions there are papers available describing the function of residues at 
that position, as well as the roles these residues play in disease when mutated. These 
studies are available for residues in human proteins as well as for residues in many 
other species. Because mutations in homologous proteins at the same structural posi-
tion tend to have similar effects, the information found in the literature for mutations in 
other species is very valuable, as it can be transferred to the affected human proteins.

For mutations that we find in the literature for human genes we simply check if these 
mutations are mentioned together with disease terms or not. For mutations described 
in the literature for homologous proteins, we have chosen a slightly different approach, 
since most often these mutations are likely to be created by mutagenesis experiments. 
Based on the assumption that these mutated residues and mutations are more import-
ant if they are more frequently discussed in scientific papers (in general, mutations 
without measurable effects are less often published) we have included a number of 
parameters that describe the frequencies and types of occurrences of residues and 
mutations in the literature for non-human proteins.

2.4	 Statistical analyses
The Caret R library was used to tune and train models with the data15. A 10-fold cross 
validation approach was used to assess performance. While explorative modelling 
was done with a variety of algorithms, Random Forest16, Gradient Boosting Model17 and 
Multilayer Perceptron algorithms were initially selected as they consistently performed 
well. The XGBoost gradient boosting model outperformed the others and was chosen 
for its performance. To optimize for training and prediction efficiency the final model 
was built using the R XGBoost package.
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3	 RESULTS

3.1	 Classifier performance
The classifier was trained on the dataset, together with the parameters that were gener-
ated by 3DM. The Machine learning performance comparison is based on the Matthew’s 
Correlation Coefficient (MCC)18. This score combines accuracy, precision and recall to 
get a score that allows for an accurate comparison between predictors while it provides 
a better indication of the actual performance of a predictor than solely the accuracy. 
An overview of performance metrics for the optimized classifier is given in table 2.

Table 2. 3DMPP classifier performance

Machine Accuracy Sensitivity Specificity Pos. Pred. Value Neg. Pred. Value MCC

3DMPP 0.8113 0.8260 0.7905 0.8408 0.7722 0.6196

3.2	 Comparison with other methods
We compared the performance of 3DMPP with that of a number of existing ge-
nome-wide nsSNP-effect predictors and one domain-specific nsSNP effect predictor:

·	 Sorting Intolerant From Tolerant (SIFT): predictions based on the degree of conser-
vation of amino acid residues in sequence alignments19.

·	 PolyPhen-2: predictions based on physical and comparative considerations20.
·	 Protein Variation Effect Analyzer (PROVEAN): predictions based on the degree of 

conservation of amino acid residues in sequence alignments21.
·	 KvSNP: A machine-learning based predictor optimized specifically for Kv-channel 

genes22.
·	 Variant Effect Scoring Tool (VEST3): A genome wide machine-learning based pre-

dictor 23.
·	 MutationTaster2: Uses a Bayes classifier to generate predictions24.
·	 MutationAssessor: A machine learned based predictor that evolutionary conser-

vation patterns25.
·	 LRT: Model that uses a likelihood ratio test26.

Results were retrieved from web servers using the default parameters as suggested by 
the individual tools. Detailed classifier performance statistics are listed in table 3 and 
a graphical overview of the performance of all predictors is shown in figure 1.

5
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Table 3. Comparison of the performance of the different nsSNP effect predictors. The table is 
sorted on the Matthews correlation coefficient, a good overall performance metric.

Machine Accuracy Sensitivity Specificity Pos. Pred. 
Value

Neg. Pred. 
Value

MCC

MutationTaster 0.6502 0.8887 0.3198 0.6442 0.6748 0.2579

Polyphen 0.6543 0.8595 0.3699 0.6540 0.6553 0.2663

LRT 0.6607 0.7497 0.5376 0.6919 0.6078 0.2934

KVSNP* 0.8012 0.8886 0.4188 0.8699 0.4621 0.3194

SIFT 0.6801 0.8387 0.4605 0.6829 0.6732 0.3264

MutationAssessor 0.6842 0.7330 0.6166 0.7259 0.6250 0.3502

Provean 0.7124 0.8164 0.5684 0.7238 0.6909 0.3994

VEST3 0.7019 0.5633 0.8940 0.8804 0.5964 0.4669

3DMPP 0.8113 0.8260 0.7905 0.8408 0.7722 0.6196

* SCN5A mutations could not be analyzed by KvSNP.

Figure 1. Comparison of the performance of the different predictors. KvSNP was unable to predict 
SCN5A. As such, results displayed here only reflect performance on the KCNH2 and KCNQ1 proteins.

The MCC, a good indicator of the overall performance of the individual tools18, shows 
that the 3DMPP algorithm clearly outperforms all other predictors. As can be seen in 
table 3 and figure 1, especially in the negative predictive value, 3DMPP has the highest 
values compared to other predictors. All other prediction methods are often worse at 
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both the positive predictive value and the negative predictive value. Especially KVSNP 
and VEST3 appear biased towards assigning pathogenic indications to variants. The 
poor performance of KVSNP in predicting the effects of benign variants becomes clear 
when looking at the negative predictive values (NPV). This tool scores very close to 
0.5, which indicates that the performance of these predictions is about the same, or 
slightly worse, than random. VEST3 uses HGMD presence as a predictive feature to 
assess known pathogenic mutants. This explains the relatively high scores obtained 
with the dataset used in this study since many of the pathogenic mutations are present 
in the HGMD. Therefore, on novel variants the positive predictive power of this tool will 
likely be lower than shown in this work. While the sensitivity of many predictors is often 
relatively high, the specificity is almost always much lower. This indicates that these 
predictors generated many false positive results.

4	 DISCUSSION & CONCLUSION

Both Long QT Syndrome (LQTS) and Brugada syndrome (BrS) are potentially lethal 
disorders based on pathogenic variants in various ion channel genes. Clearly, for such 
sudden death–predisposing diseases for which highly effective medicine- (B-blockers), 
surgery- (left cardiac sympathetic denervation), and device-related therapies (ICD’s, 
PM’s) are available, accurate and proper interpretation of the genetic test is of para-
mount importance considering the diagnostic, prognostic, and therapeutic implications 
of a positive genetic test. Of equal importance is a potential negative test, including 
the identification of innocent variants, because individuals will be reassured and not 
further evaluated.

Unfortunately, linkage data, another indicator for pathogenicity, is rarely available. 
Functional studies are definitely able to support a causal relationship between the vari-
ant and the phenotype, but notable exceptions have been described4. Moreover, such 
studies are extremely time consuming, results in different heterologous cell models are 
quite often contradictory and most importantly, for only a great minority of identified 
variants functional data are available.

Molecular genetic data may also be of help. As a general concept a high prevalence of 
a given variant is indicative for non-pathogenicity. However, our previous research re-
vealed particular locations within ion channel genes where pathogenic variants cannot 
be confidently differentiated from rare variants27. The estimated predictive value (the 
probability of a variant being pathogenic) could be as low as 0%, for example in large 
interdomain area’s within SCN5a, the cardiac sodium channel gene.

The work presented here was developed in response to the need for high-quality pre-
dictions about the pathogenicity of nsSNPs in LQTS- and BrS-related genes. We show 
that 3DMPP is best able to separate disease-causing nsSNPs from benign nsSNPs 
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compared to other tools, which include both domain-specific predictors as well as 
genome wide predictors.

It has proven to be very difficult to create a dataset where it is beyond doubt that there 
are no pathogenic mutations in the benign dataset and vice versa. With a prevalence 
of 1:2000 for LQT and regular incomplete penetrance, it is more likely that our case and 
control populations are very enriched for pathogenic and benign variants, than that 
there is an absolute separation between the two sets. To what extend these inaccura-
cies in the reference sets have effects on the classification performance is unknown.

The accurate predictions made by 3DMPP shows that the availability of reliably an-
notated patient cohort data together with the use of high-quality, domain-specific 
integrated data is essential for creating a reliable prediction tool that performs well in 
assigning pathogenicity predictions to both benign and pathogenic nsSNPs.

The interpretation of variants flowing out of next-generation sequencing experiments is 
one of the largest bottlenecks for DNA diagnostics. As we have shown here, frequently 
used genome-wide prediction tools and even gene-family specific predictors are clearly 
not up to this task, thereby possibly misleading downstream experimental and clinical 
investigations. Consequently, there is an enormous need within the community for 
novel tools to reliably interpret the effects of polymorphisms for the complete genome.

To accommodate this, 3DM information systems are being created for the complete 
human proteome. All information systems contain the same types of information as the 
systems described above; extensive sequence and alignment-derived data, integrated 
with structural data and information extracted from literature. For all possible variants, 
pathogenicity predictions will be available.

The classifier described in this article has been trained and tested on ion channels. To 
what extend this classifier is applicable to other protein families and to what extend 
it is ion channel specific will need to be further investigated, but it is expected that 
newer versions that will be based on more and more diverse data will see increased 
performance. Although a daunting task, we believe this will be a major step forward for 
reliable routine diagnostics of unclassified variants on a large scale.
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SUPPORTING INFORMATION

Supplementary data is available online:
https://figshare.com/s/0dc52d8b710ded5ceca3
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1	 SCOPE

As the amount of available protein data continues to increase exponentially, methods 
for the automated collection and integration are in high demand. Information systems 
that can store and interconnect these data in relation to the protein family provide an 
opportunity to view knowledge of individual proteins in perspective. We have used 
such integrated protein family data systems to analyze protein families in the context 
of human disorders and protein engineering. Furthermore, we developed applications 
for mutant pathogenicity prediction and to aid protein engineering. The collection and 
integration of data for complete protein superfamilies provides added value to data 
collections for individual proteins. This chapter discusses the research presented in 
this thesis and offers an outlook on future developments.

2	 DATA COLLECTION AND STORAGE

With the development of new techniques in both the sequencing and protein structure 
elucidation fields it is likely that the rate at which protein data is generated will continue 
to increase. The collection and integration of such data is, therefore, an increasingly 
arduous task. This thesis mainly covers the integration of three different data sources; 
protein sequences, structures and literature. Compared to the literature, sequence and 
structural data are relatively straightforward to access and use. Sequence databases 
store huge amounts of sequence data that can be indexed and clustered with tools 
such as BLAST and HMMER to efficiently identify relevant sequences with sequence 
similarity searches (Altschul et al. 1990; Potter et al. 2018). Similarly, protein structures 
are stored and indexed in supplementary databases such as SCOP (Fox et al. 2014). 
Therefore, it can be presumed that the storage of these data can be scaled easily.

Beside the increase in number of protein structures solved each year, the quality of 
these structures continues to improve as well. This allows redundant low-quality 
structures to be replaced and structural alignments to be improved. Improvements in 
electron microscopy (EM) structure determination will allow for many new structures 
of both large and small proteins to be determined such as membrane proteins that 
have proven difficult to obtain (Vénien-Bryan et al. 2017; Shoemaker and Ando 2018). 
Additionally, these EM structures can provide protein-protein interaction data for protein 
complexes that could not be crystallized for X-ray structures. Such data, when added 
to protein family information systems, can help increase understanding of interaction 
sites and help relate structural conformation to biological function. Furthermore, when 
the number of available structures that contain substrates grows, insight could be 
gained into the function of existing substrates and thereby help the prediction of novel 
substrates for both biotech and drug design.
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2.1	 Text-mining
Compared to sequence and structural data, the collection and integration of biomedical 
literature is a more challenging task to perform automatically. To start, the identification 
of literature related to a protein family is precarious as keyword searches can result 
in either very few or millions of documents depending on field of study and keyword 
selection. Additionally, the retrieval of full-text papers is hampered by the fragmentation 
of literature resources and that many papers are not publicly accessible. Fortunately, 
the call for open access research has in recent years gained more attention (Sukhov 
et al. 2016). Funding agencies, such as the EU, increasingly require open access publi-
cations, often with the argument that research funded by the public domain should be 
accessible without restriction. In addition to advancements in automated text mining 
increased availability of research will also benefit researchers with less financial means.

The automatic extraction of knowledge from written text is a non-trivial task due to 
the variability of written text. In chapter 2 a text-mining method is described that is 
limited to the extraction of mutation data from full-text papers. Mutations are typi-
cally described in easily recognizable formats yet reflect valuable experimental data. 
This simplifies the extraction process so that they can be identified and connected to 
proteins with relative ease. A method such as mutator shows a clear advantage over 
reading publications manually due to the number of relevant articles for any given 
protein family. Chapter 2 describes the creation of a Fabry disease mutation database 
with Mutator that contained many more mutations than were present in manually an-
notated databases. The creators of one of these databases, the HGMD, responded in 
an editorial stating that while Mutator could identify a larger number of mutations from 
more articles, manual approaches were still more accurate (Stenson and Cooper 2010).

Of course, more than just mutation data can be extracted from scientific articles. 
Techniques such as named entity recognition (NER) combined with co-occurrence 
or natural language processing (NLP) methods enabled the development of tools that 
extract other data from articles such as protein-protein interactions, protein-com-
pound interactions or disease phenotypes (Fleuren and Alkema 2015; Przybyła et al. 
2016). Moreover, the scientific literature might not be the only literary source of protein 
knowledge that can be mined automatically. Patent documents can be a valuable re-
source as well, albeit knowledge in such documents is generally written in a more veiled 
manner. Whereas scientific publications are written with the incentive to showcase the 
accomplished work, patents often attempt to restrict the freedom to operate for other 
parties while the discovered protein knowledge they reveal is minimized. This offers 
patent specific challenges for text mining approaches. Nonetheless, the projection of 
extracted patent data on protein family alignments could potentially grant insight in 
patterns of disclosed information.

6
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2.2	 Data quality
We have arrived at a point where it can be questioned if more data is always better. In 
the past, every new sequence, structure or experiment added value and insight into a 
protein family. This is no longer necessarily true when each sequence added reveals 
less variation of a family’s sequence space and thus provides less insight. UniProt 
already removed a large part of the sequences in their database in 2015 because they 
were derived from highly similar strains of bacterial species (Bateman et al. 2017).

More importantly, there have also been many examples of published protein data that 
afterwards were considered to be of bad quality. Partial sequences are often excluded 
from protein sequence databases. Structures with low resolutions can be ignored as 
higher quality versions become available. Likewise, structures that were released with 
elucidation mistakes can be corrected. The PDB-REDO databank contains such op-
timized crystallographic structures (Joosten et al. 2014). Human variants discovered 
in association studies and described in the literature as pathogenic turned out to be 
benign natural variants (Niemann et al. 2013). Therefore, increased quality control of 
data is needed so that ultimately the quality of systems that integrate and make use of 
this data is improved. While the generation of more protein related data will undoubtedly 
grant new insights into protein function, simultaneously it allows for an increasingly 
selective strategy to collect and integrate higher quality data.

3	 INTEGRATED DATA ANALYSIS

The storage of protein family data in itself only provides easy access for manual in-
spection. It is the interconnection of these data between protein family members that 
allows observations to be placed in the context of the protein family to gain additional 
knowledge and insight into protein function. Protein information systems such as 3DM 
connect equivalent protein residues across protein family members to combine and 
compare residue annotations. This allows novel insights to be gained that are hard or 
impossible to derive merely by manual inspection. By the utilization of data from protein 
family members, experimental efforts can be directed more precisely and efficiently.

In chapter 2 we observed that the gathered pathogenic mutations leading to Fabry’s 
disease are biased toward regions of the protein that can be allocated to the structurally 
conserved core and toward residues that are not abundant in nature. Additionally, in 
protein engineering experiments it was observed that the introduction of residues that 
do not occur in superfamily alignments can be limited to minimize mutagenesis library 
sizes (Jochens and Bornscheuer 2010; Jochens et al. 2010).

In a further investigation of this protein family in chapter 3, we observed that the po-
sitions with pathogenic mutations overlap with homologs even over very large phylo-
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genetic distances. This indicates that known variants of remote homologs can play a 
role in the prediction of (pathogenic) effects for novel variations.

Chapter 4 describes the application of correlated mutation analysis to identify networks 
of alignment positions that co-evolved throughout evolution to preserve certain func-
tions. In this chapter an effort is made to reveal the function of such networks through 
the combination of network positions with knowledge automatically mined from the 
literature. Additionally, we showed that assigned functions can be transferred to pre-
viously undescribed positions in such a network.

Chapters 2-4 show that protein family information systems can provide new insights 
that can result only from the combination of data derived from many individual proteins.

Many of these analyses simply generate new data derived from integrated data, how-
ever, they do not necessarily provide direct insight into the biology of proteins without 
additional manual investigation and deduction. Superfamily conservation for example, 
can reveal that a residue is important yet not why this residue is important. Correlated 
mutation analysis (CMA) of an alignment results only in a set of co-evolving posi-
tions, and these positions are heavily dependent on the phylogenetic scope of the input 
alignment. The resulting networks can still be considered as abstract data as they do 
not reveal the biological functions that they’re responsible for. Even keyword-related 
positions can still be considered as abstract data since keywords can be relatively 
abstract as well. It is only when these data are combined that a biological function 
can sometimes be revealed. Otherwise a manual inspection and deduction step is 
still required to effectively use this data as a clue to gain insight into protein function.

What other opportunities exist where we can combine data derived from integrated pro-
tein information systems to help understand the biology of proteins? A subsequent de-
velopment could be to apply CMA across multiple protein families to reveal protein-pro-
tein interaction interfaces and pathways. Such an analysis does require high-quality 
annotations of protein sequences that can be paired across different alignments.

4	 APPLICATIONS OF INTEGRATED PROTEIN DATA  
	 SYSTEMS

Chapters 4 and 5 show that practical applications can be designed on top of protein 
family information systems such as 3DM. A small but smart mutation library to change 
enantioselectivity was manually designed as described in chapter 4. However, the steps 
to design proteins could be semi-automated in a tool that builds on top of 3DM. First, 
the selection of potential target proteins could be aided by a tool that makes use of the 
superfamily alignment to take sequence motifs, phylogenetic characteristics and other 
protein properties into account. Second, the design of mutants could benefit from both 

6
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the alignment and alignment derived data such a co-evolution networks and literature 
keyword related positions.

Nobili et al. applied the CorNet tool described in chapter 4 to engineer an esterase 
from Pseudomonas fluorescence (PSE). They identified hotspots and potential mutant 
residues with the use of a 3DM system for the a/b-hydrolase fold to develop a small 
mutant library. This library of <80 mutations resulted in a mutant with 15-fold improved 
enantioselectivity (Nobili et al. 2015). Genz et al. engineered the substrate specificity of 
a class I pyridoxal-51 -phosphate (PLP)-dependent enzyme. With a 3DM system for this 
superfamily, positions related to specificity were identified and targeted with a small set 
of hydrophobic residues. This library of 1,600 variants resulted in three hits that could 
perform an aldehyde transferase reaction (Genz et al. 2015). Junker et al. engineered an 
aldolase with a complete switch of reaction specificity with a small library that focused 
on three positions, two of which showed correlated mutation behavior (Junker et al. 
2018). In another study, Knight et al. used the 3DM system for class III PLP-dependent 
enzymes to discover a new multimeric racemase by expressing four uncharacterized 
proteins that had a low sequence similarity (but high structural similarity) with known 
alanine racemase and decarboxylases (Knight et al. 2017).

Alternatively, chapter 5 shows the development of a human variant pathogenicity pre-
dictor that, based on better integrative data, can outperform competitors and aid in 
the diagnosis and treatment of diseases. Such machine learning models make use of 
patterns from data available for known variants to predict how novel variations affect 
the phenotype. While this field of artificial intelligence advances rapidly and provides 
useful applications, the process of decisions made by these applications can often 
still be considered as a black box. The understanding and description of what causes 
a variant to be pathogenic in the real world is lacking from these predictors. Even when 
a clear explanation can be given of which patterns in the data determined the outcome, 
the biology behind it is not explained. A better notion of how variations lead to disease 
is essential to eventually understand the biology.

In Fabry’s disease, discussed in chapters 2 and 3, mutations lead to a defective enzyme 
that causes the buildup of a glycolipid that impairs various tissue functions. In other 
cases, mutations in the binding interface of a receptor protein can disrupt signal path-
way transduction and gene transcription (McDonald et al. 2000). However, for a pre-
dictor to distinguish a pathogenic mutation from a mutation that is detrimental to 
just a single protein, information on mechanisms that can (partly) replace a protein’s 
function is required (MacArthur et al. 2012). Currently, the explanation of the biology 
behind pathogenic variants is still performed by hand, this is hampered as the predic-
tions are produced by a black box. A step toward better explanations of the biology is 
to supplement predictions with expert knowledge, as attempted by HOPE (Venselaar et 
al. 2010). To enable machine learned models to better explain decisions, better annota-
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tions of protein residues and high-quality data will be required. Simultaneously, when 
high-quality annotations and patterns extracted from integrated protein family data 
become more readily available, ligand binding interfaces for example could be better 
understood. This would enable the development of better tools for the engineering of 
proteins with modified substrates or the design of inhibiting drugs.

5	 FUTURE PERSPECTIVES

We have entered the age of large-scale whole genome sequencing (1000 Genomes 
Project Consortium et al. 2015). Soon, we will have the ability to sequence every (new-
born) human to detect and analyze variations. Eventually, this will enable early detection 
of genetic disorders so that treatment can potentially start earlier to minimize harm 
inflicted by disease. However, this will undoubtedly lead to the discovery of many novel 
genetic variations (Shendure et al. 2017). One of the main subsequent problems will 
likely be to distinguish irrelevant natural diversity from pathogenic mutations. There-
fore, high quality genome wide pathogenicity predictors will be necessary to handle this 
forecasted increase of encountered human genetic variations. Currently, the treatment 
of symptoms is often the only option when diseases are discovered. New technolo-
gies such as the Crispr-Cas system are currently in development that will potentially 
allow us to repair unwanted genetic variations (Razzouk 2018). However, it will still take 
many years of research to ensure these techniques are precise enough before human 
applications can be considered (Kosicki et al. 2018). Nevertheless, before such genetic 
editing tools have matured enough for human applications the technology to adequately 
assess genetic variations should be available.

The pathogenicity predictor described in Chapter 5 that outperforms competitors, is 
available only for a limited set of proteins that belong to a single protein class. To 
support the development of whole genome high quality predictors, protein information 
systems targeted on all human proteins should be developed to enable machine learn-
ing techniques to optimally train predictors for novel genetic variants.

Similar challenges are encountered in the biotechnology field. This industry is grow-
ing rapidly, supported by an increase in discovered enzymes (Yang and Ding 2014). 
The engineering of enzymes for the degradation of plastics (Austin et al. 2018), or the 
production of hydrogen for green energy (Kubas et al. 2017) are just two examples of 
enzymes that represent currently relevant opportunities.

While the increasing amount of sampled sequences likely contain many interesting pro-
teins for biotech applications, the data needs to be managed properly so that potentially 
interesting proteins can be identified among the large amounts of less suitable proteins.

6
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To support the discovery and development of enzyme applications, protein engineering 
systems should offer new tools to select and optimize proteins. Such tools can benefit 
from protein family systems to optimally make use of patterns derived from integrated su-
perfamily alignments. For example, machine learned models that help predict the fitness 
of proposed variants could help to more efficiently engineer a new generation of enzymes.

Scaling up 3DM
Both the diagnostics and protein engineering fields can benefit from the availability of 
protein family information systems to better understand proteins. Proteins targeted for 
investigation cover an increasing number of protein families and thus require an expan-
sion of such systems available today. New higher-quality protein data become available 
every year. Applications build on integrative protein information systems would ben-
efit from the integration in this data. Furthermore, as the number of targeted proteins 
increases and new data becomes available at a higher rate, the generation of protein 
family information systems will have to be automated so that the integrated data avail-
able is kept up to date. Eventually, automatically generated protein information systems 
for all protein families will be required. Therefore, there is a lot of work ahead to make the 
large-scale generation of protein family information systems possible. To conclude, it 
remains an ongoing effort to manage the quantity and quality of generated protein data 
to help understand the relationship between protein sequence, structure and function.
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SUMMARY

SUMMARY

Proteins are key to many different processes in and around living cells, they are the 
molecular mechanisms that facilitate life. Therefore, protein function and structure have 
been of great interest to researchers over the past decades. A better understanding 
of how proteins work is important, as it will help us understand the various diseases 
caused by their malfunction. Yet they can also be used in various applications, for 
example as drug targets or as drugs themselves to treat disease. Proteins have other, 
non-medical applications, they can for example be utilized as catalysts in laundry 
detergent or industrial processes. The research on proteins has resulted in an ever-in-
creasing amount of data related to proteins.

Protein information systems were developed to make sense out of all the data available 
for specific protein classes. The work described in this thesis makes use of the 3DM 
platform to store and order the enormous amount of protein data that is nowadays 
available. Therefore, in the introduction (chapter 1) a technical description of the gener-
ation of 3DM systems is provided. The 3DM platform integrates heterogeneous datasets 
for complete protein superfamilies to generate molecular class specific information 
systems (3DM systems). A structure based multiple sequence alignment connects 
proteins that share a similar 3-dimensional structure or sequence, and a unifying res-
idue numbering scheme allows for protein data to be combined and investigated for 
all homologous proteins present in a 3DM system.

The main objective of my PhD thesis is to facilitate a better understanding of protein 
function through data integration- and analysis-tools to support both DNA diagnos-
tics and protein engineering efforts. To that end, chapter 2 and chapter 3 focus on 
the collection and integration of mutational data from scientific literature, followed by 
protein superfamily analysis to reveal predictive patterns. In chapter 4, mutational data 
mined for whole families are combined with a superfamily alignment analysis to assign 
function to networks of residues that appear to have co-evolved. And in chapter 5, the 
data of a 3DM system is used to train a machine learning model for the prediction of 
pathogenicity of novel genetic variants.

In chapter 2, a method for the automated collection and integration of mutation data 
from scientific literature is described. This text-mining tool, Mutator, was designed to 
automatically identify and retrieve relevant literature for a complete protein family. Mu-
tations are extracted with pattern recognition, assigned to proteins through a grounding 
process and consecutively integrated in the 3DM system.

Mutator was tested on the alpha-amylase protein family which contains a protein that, 
when mutated, can lead to Fabry’s disease, a monogenetic lysosomal storage disorder. 
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The Fabry disease mutation database was constructed which contained 30% more 
mutation data when compared to the manually curated HGMD.

To differentiate between natural variation and pathogenic mutations, alignment pat-
terns in the alpha-amylase superfamily were investigated and Validator was developed, 
a tool to evaluate the potential pathogenicity of individual mutations using statistics 
such as conservation and mutant side chain accessibility.

In a follow up study, chapter 3, nine disease-related proteins across two different pro-
tein families are investigated. An improved version of Mutator was developed and used 
to collect mutational data for these protein families. A comparison to the manually 
curated HGMD showed that Mutator extracts far more mutation data, both in terms of 
unique mutations extracted, as well as number of references per mutation.

These mutation datasets were analyzed in the context of the protein families to identify 
patterns to assess pathogenicity for novel variants. This analysis showed that patho-
genic mutations would more often be observed in the structurally conserved core of 
the family than in structurally variable regions. I also observed a significant overlap of 
protein positions with pathogenic mutations between very distant homologs, indicating 
that data can be transferred between equivalent residue positions even across large 
phylogenetic distances. The sequence identity between the compared proteins is as 
low as 10% and thus these proteins can no longer be aligned by conventional sequence 
alignment programs. Protein superfamily information systems that use structural align-
ments, such as 3DM, can facilitate the transfer of data across equivalent residues of 
structurally conserved positions. Therefore, the availability of 3DM systems can be a 
valuable asset for predictive models, as it can provide predictive features that otherwise 
would be unattainable, such as mutation data for very distant homologs.

Chapter 4 describes a web-based tool for the analysis of co-evolving residues in protein 
super-family alignments. This tool, CorNet, combines networks of co-evolving positions 
with literature data to shed light on the function of these residues. When keywords, 
such as “specificity”, are mentioned in the sentences that contain mutational data for 
an alignment position, these were used to annotate the alignment position of a network.

For six different protein families, a list of literature keywords was used to annotate 
network positions and to calculate an enrichment score of any keyword to be specifi-
cally associated with a network of co-evolving positions. Enriched keywords indicate 
the function behind evolutionary pressures that caused networks of residues to co-
evolve. It was shown that an assigned function can be transferred from annotated to 
non-annotated positions in a network with a mutagenesis study that targeted only the 
non-annotated positions of a network enriched for the keyword “enantioselectivity”. 
Furthermore, changing the scope of proteins that make up the alignment results in 
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different networks of co-evolving positions, this provides an opportunity to finetune 
the alignment of a 3DM system to identify residue networks that perform a specific 
function.

In chapter 5, we utilize the integrated data of 3DM systems to train a model to predict 
variant pathogenicity with machine learning techniques. For three genes related to Long 
QT syndrome and Brugada syndrome, both cardiac arrhythmia syndromes, datasets 
of both benign and pathogenic variants were collected. 3DM was used to generate 
much heterogeneous data to describe each variant. Using this data, a pathogenici-
ty predictor (3DMPP) was generated to separate disease-causing from non-disease 
causing variants. 3DMPP outperformed frequently used genome-wide prediction tools 
and even gene-family specific predictors. However, in this study it proved to be very 
difficult to create a high-quality training dataset as different sources can disagree on 
variant annotation. Especially considering therapeutic implications of a genetic test, 
the 3DMPP results shows that a reliably annotated patient cohort dataset combined 
with domain-specific structure based integrated data is essential for creating a reliable 
prediction tool.

Finally, in the general discussion (chapter 6), I address the broader context and dis-
cuss the future perspectives of the tools described in this thesis. I discuss the access, 
retrieval, quality, and storage of the continuously increasing amounts of protein data 
such as the shortcomings and opportunities in text mining and the push towards open 
access scientific literature. I reflect on the applications described in the research chap-
ters of this thesis and discuss new applications of integrated protein family information 
systems and several examples are given of engineering projects that made use of 3DM 
systems in various ways, including the tools developed in this thesis. And finally, an 
outlook is given on the scale-up of protein information systems to cover the complete 
structural space and even the whole human exome.
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Ook mijn andere collega’s Hidde, Olga, Jochem, Sergio, Daniël, Julian, Stephan en nat-
uurlijk onze recente aanwinsten Jeanine en Maarten; jullie zijn geweldig. De relaxte 
sfeer, de toffe uitjes en het fanatieke tafelvoetbal maken Bio-Prodict wat is. Joanna, 
although you have now moved on to a new position closer to home, I really treasured 
the way we worked together, and I hope we can one day resume that.
I also want to include Thomas here, you’re the best “BD as a service” guy I know ;)

Wat onze werkuitjes betreft; of het nu wakeboarden, parachutespringen, wintersport 
of paintball is, of vliegen met een stuntpiloot, ik geniet er vol van en hoop deze uitjes 
nog vaak met jullie te kunnen beleven!
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Gelukkig heb ik de afgelopen jaren naast werk en het schrijven van dit boekje ook erg 
veel lol beleefd met oude vrienden en studiegenoten uit Zoetermeer, Leiden, Wagen-
ingen en Nijmegen.

Sander, wij hebben elkaar leren kennen op de studie Bio-informatica in Leiden. De 
feestjes en vooral de Koninginnedagen in die tijd zal ik niet gauw vergeten. Ik vind het 
altijd weer leuk om je te zien en te horen waar je mee bezig bent.

Wytze, jou ken ik toch wel het langste van iedereen, sinds we van kleins af aan tegenover 
elkaar woonden en we elk jaar met oud en nieuw wekenlang helemaal gek waren van 
vuurwerk. Ik geniet nog steeds erg van onze jaarlijkse etentjes, ik hoop dat we die nog 
lang kunnen vol houden!

Stefan, vroeger gingen we altijd voetballen na school en jij was vaak net iets beter. 
Daarna als jonkies samen naar Rome, Barcelona en Madrid de steden van Europa 
verkennen. Nu we allebei vader zijn geworden en een huis hebben gekocht is het leven 
toch wel anders. Hopelijk kunnen we straks met de kleine jongens op pad!

Nick, ten eerste bedankt voor de hulp met de cover van dit boekje. Wij kennen elkaar al 
sinds we op de basisschool bij jou thuis vaak Nintendo speelden. Ook onze (tweede) 
road trip zal ik ook nooit vergeten, waar we op dag één in Frankrijk al een gigantische 
pion onder de auto vandaan konden vissen omdat de remmen het niet meer deden. Toen 
ik ook in Utrecht kwam wonen konden we weer makkelijker afspreken en van de etentjes 
met jou en Lisette heb ik altijd erg genoten. Dat we die nog vaak kunnen herhalen!

Mart en Susan, mijn oude huisgenootjes uit Renkum. De gezellige tijd daar maakte mijn 
studententijd helemaal af en ik ben ontzettend blij dat we elkaar nog steeds zien, kom 
maar op met die wintersport! 
Susan, sinds we de afgelopen jaren allebei in Utrecht woonden zijn we nog vaak gaan 
hardlopen. Ook nu ik naar Ede verhuis blijf je altijd welkom om samen door het bos 
te rennen. Mart, de hiking trips naar Ierland, Duitsland, Engeland en Schotland waren 
toch wel de hoogtepunten van mijn tijd in Wageningen. En oh ja, nogmaals sorry dat ik 
over je heen ben gefietst, het was gewoon erg donker tussen Wageningen en Renkum.

Dan de vriendengroep uit Nijmegen; Martin, Thomas, Lex, Tim, Joep, Eugene en Rob. 
Onze spelletjesavonden mogen dan vaak uitlopen op verhitte discussies, ik geniet er 
elke keer van! Ook de jaarlijkse tripjes naar Europa’s beste C-locaties blijven legend-
arisch, ik hoop er nog veel mee te maken. Thomas, dat je nog vaak onze spelletjes 
avonden interessant mag maken. Tim, hopelijk mag je snel weer mistery trips voor ons 
organiseren! Martin, aka Tims chauffeur, alleen met jou durf ik mysterieuze deuren op 
festivals te openen ;)
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DANKWOORD

Rob, onze YouTube ster, hopelijk kunnen we snel op bezoek komen in Wenen om eens 
te zien wat je daar allemaal stiekem uitspookt.
Joep, sinds je naar Nieuw-Zeeland verhuisd bent zien we je vooral digitaal, hopelijk 
kunnen we je snel weer eens in het echt zien. Onze StarCraft II avondjes samen met 
Eugene hebben de pandemie isolatie een stuk aangenamer gemaakt.

Lex, sinds de master in Wageningen kennen wij elkaar en over de afgelopen jaren 
hebben we van alles beleefd. Ik geniet er ook altijd weer van om met jou, Emily, Sophia 
en de kids af te spreken en te zien hoe het met jullie gaat.

Mijn paranimfen, Mart en Lex, jullie hebben mijn studietijd in Wageningen toch wel on-
vergetelijk gemaakt en daarmee hebben jullie terecht de positie als paranimf verdient. 
We moeten nog zien hoe het gaat met de lockdown, maar ik hoop toch dat we samen 
in rokkostuum naar de verdediging kunnen!

Ook alle familie wil ik graag bedanken voor de fijne tijd samen de afgelopen jaren.
De weekendjes weg, feestdagen, verjaardagen en spelletjesavonden, altijd fijn om langs 
te komen. Mam, pap, Aty, Marian en Gijs, ik vind het geweldig om te zien hoe jullie een 
band met Oskar opbouwen en jullie zijn een grote steun. Zusje (en Rob), hopelijk kunnen 
we snel weer op bezoek komen in Canada!

Sophia, je hebt mij altijd gesteund om door te zetten met dit promotie traject. Ik heb 
ook enorm genoten van de mooie reizen die we hebben gemaakt en het leven dat we 
samen hebben opgebouwd. Met de komst van Oskar is dat behoorlijk veranderd en heel 
wat hectischer geworden. De deadline om voor zijn geboorte een boekje te hebben is 
niet helemaal gehaald, maar dat geeft niet. Het is alleen iets lastiger thuiswerken. Maar 
hij maakt ons zo blij en het blijft bijzonder om te zien hoe hij zich ontwikkelt. Het blijft 
mijn favoriete moment van de dag als we ‘s avonds samen bij zijn bedje even kijken 
hoe hij ligt te slapen. Nu zijn we ook nog eens druk met ons nieuwe huis in Ede, ik kijk 
er ontzettend naar uit! Zonder jou had ik het niet gekund.
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