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Abstract
The paper describes methods of QTL-analysis in the research of the genotype influence. QTL-analysis is a statistical method
that connects phenotypic data with genotype, enables the determination of the exact localization and gene influence power.
The QTL mapping idea is to phenotype observation and identification of the genome region on which the genotype is
associated with the phenotype. With the help of molecular-genetic markers, molecular maps of individual chromosomes and
genomes are made, genes and QTLs mapping are performed on them. Thus, genes with the greatest connectivity to phenotype
were identified. The correlation between genotype and phenotype is studied across the full genome of the individual. The
data provided by the Laboratory of Molecular Genetics of the innate immunity of Petrozavodsk State University were the
initial data in this research. The essence of the project, carried out jointly with the laboratory, is to study the arrays of genetic
information to identify and model the relationships between the genotype and the phenotype of biological organisms. The
second-generation mice hybrids of lines C57BL/6 and MOLF were involved in the experiment. Genotyping and phenotyping
were conducted based on sequencing data (determination of amino acid and nucleotide sequence) of matrix RNA. The
practical result of the work is the identification of chains of activated genes, under the influence of which the cells of the
tissues and organs under research die (apoptosis). The result of the study is a technique for analyzing the relationship between
a phenotype and a genotype, through which groups of significant phenotypes were identified.
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AHHOTANMSA

Onucanbl Metoabl QTL-aHanu3a B UCCICIOBaHUN BIUSHUS TeHOTHITA HA (eHoTun. QTL-aHanu3 ocCHOBaH Ha BHYTPHBHUAOBON
W3MEHYMBOCTH, KOTOpasi MPUBOAUT K KOJMYECTBEHHBIM HM3MEHEHUSM HCCIEAyeMOoro mnpusHaka. C ero moMouipio MOXKHO
BBIABJIATH YYacCTKH XPOMOCOM, IJIe PACIOJOKEHBI TeHbl WM TPYIIBl TECHO CLEIJICHHBIX T'eHOB, OOHApY)KHMBAIOIIUX
3HAUUTENbHOE KOJIMYECTBEHHOE BIUSHMWE Ha MPU3HAK, U OLEHUTH Takoe BIMsAHHE. HeoOXOMUMBIM yCIOBHEM MPOBENCHUS
QTL-ananu3a siBIsieTCsl MOCTPOCHHE KapThl cieruieHns. KapTel cuemeHus: (MOJeKyIsipHO-TeHeTHIecKne KapThl, linkage-
KapThl) OTPaXKAIOT TMO3UIHI0 MAPKEPOB U OTHOCHUTENBHBIC TEHETHYECKUE PACCTOSHHS MEXIY MapKepamd BIOJIb XPOMOCOM.
WcxomHble maHHBIE IS WCCIEAOBAHUS IMOMYYEHBI J1a0OpaTopueil MOJICKYISPHOW TCHETHKHA BPOXKJICHHOTO WMMYHHTETa
IlerpozaBonckoro rocynapcTBeHHOTo yHHBepcuTeTa. CyTh IPOeKTa, IPOBOANMOTO COBMECTHO C JlabopaTopHel, 3aKimodanach
B HCCIICIOBAHHH MACCHUBOB JIAaHHBIX T€HETHYECKOW WH(DOpMAIUU sl BBIABICHHUS M MOJCIHPOBAHMS B3aHMOCBS3EH MEXKIY
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TEHOTHIIOM M ()CHOTHUIIOM OMOJIOTMYECKMX OpPraHU3MOB. B BKCIIEpUMEHTE HCIIONIb30BaHbI T'MOPHUIbI MbILIEl BTOPOro
nokonenust smHuid C57BL/6 m MOLF. TenorunupoBanne W (EeHOTHIHMPOBAaHHE IMPOBOJMIOCH HAa OCHOBE JaHHBIX
CEKBEHHPOBAHUS (OmpenesieHne aMIHOKICIOTHOM M HyKJICOTHAHOM nocnenoBatenbHocT) MaTpuunoid PHK. Ilpaktudyeckum
pe3ynsTaToM paboThl SBJSETCS BBISBICHHE IIEMOYEK AKTHMBHPOBAHHBIX T'CHOB, IOJ BIMSHHEM KOTOPBIX IPOUCXOJHUT
OTMHpaHKe KIETOK HCCIIEAyeMbIX TKaHel U OpraHoB (arnonTto3). JJis oucKa TakKuX reHOB HCIOIb30BaH METO/ TeHETHIECKOTO
aHalM3a, T.C. CKPEIIMBAJIMCh OCOOH MPOTHBOIOJIOKHOTO (DEHOTHIIA M aHAJIU3HUPOBANIOCH MOJYyYyaeMOe IOTOMCTBO.
Vcrionb30BaHbl METOIBI MPHKIAAHON M MaTeMaTHYeCKOW CTAaTHCTHKH. Pe3yJabTaToM HCCIe[IOBaHMS cTaja pa3paboTaHHas
METO/IMKa aHaJM3a CBA3M ()EHOTHUIIA U TEHOTHIIA, C TOMOLBI0 KOTOPOH BBISBICHBI IPYIIIIBI 3HAYUMBIX ()EHOTHIIOB.
Kirouesble ciioBa

QTL, mocTpoeHue MONEKYISIPHBIX KapT, TeHOTHII, (PeHOTHII, OMOJIOTHIECKUE MyTH

Introduction

Nowadays genetic studies play a huge role in medicine. Many genetic labs develop methods that will
reliably link the manifestations of various diseases with specific areas of the genome. The genotype
manifestation characteristics in the organism individual development process under the environment influence is
called a phenotype. Most phenotypic traits are quantitative by nature. Quantitative features are associated with
DNA regions, either containing genes responsible for the expression of the quantitative trait or linked to them.
Such regions of DNA are called quantitative trait Loci (QTLs). Quantitative characteristics refer to
characteristics that differ in their degree of expression and can be attributed to polygenic effects, so they are the
product of two or more genes [1]. Loci of quantitative traits provide continuous variability of the trait in the
population.

Previous research was carried out to develop approaches to genetic information analysis as applied to
septic shock sensitivity investigation on the basis of a mice model. The genetic analysis method can be applied to
search the gene responsible for tumor necrosis factor (TNF) sensitivity using two mice lines with opposite TNF
sensitivity. The purpose of the investigation was to find the marker or the group of markers responsible for
sensitivity or resistance to TNF. The search is based on the hypothesis that a phenotype corresponds to a
genotype. Correlation between a genotype and sensitivity is a complex problem which cannot be solved by a
single marker effect. We used two types of patterns building methods in the study. The obtained results reveal
some combination of markers which might significantly affect the genotype. At the first stage the markers with
significant positive correlations with resistance to TNF were defined. Such correlations were detected for the 1st,
8th and 11th chromosome markers. We found that the developed patterns have a great variety. Implementation of
the hierarchic patterns building method showed that even patterns with high occurrence frequency matched to a
few objects. The results provided evidence of significant correspondence of the 1st and 11th chromosome
markers with resistance to TNF. The same results were demonstrated by the patterns built according to the graph
method [2].

The data provided by the Laboratory of Molecular Genetics of the innate immunity of Petrozavodsk State
University were the initial data in this research. This data contains information about 50 individuals. At the same
time there are 16186 values describing phenotype (quantitative characteristic of each individual). These values
were obtained in the genetic laboratory by sequencing RNA. The genotype values have been obtained from 129
polymorphic markers. These markers are short chromosome sections, markers divide chromosome into loci. The
length of the marker corresponds to the genotype of the individual and it was determined by polymerase chain
reaction and electrophoresis with special equipment in labs. All data was obtained during the experiment and
processed by genetic scientists at the stage of preliminary data preparation.

The study uses information contained on 20 chromosomes. The genotype can take the following values at
each marker:

— His a heterozygous genotype;
— M is a resistant genotype;
— B isa sensitive genotype.

It is assumed that the genes responsible for manifesting the phenotypic trait are in loci for which the
highest LOD (Logarithm of Odds) values were obtained using QTL-analysis methods.

QTL-analysis is a statistical method that connects phenotypic data with genotypic data and gives the
possibility to determine the exact localization, quantity, effect and interaction of QTLs. The main idea of QTL
mapping is to observe manifestations of a phenotype, and the identification of the genome region in which the
genotype is associated with the phenotype. With the help of molecular-genetic markers, molecular maps of
individual chromosomes and genomes are made, genes and quantitative traits loci mapping is performed on them [3].

The most obvious way to separate phenotypes into groups is the use of cluster analysis. Unfortunately,
when it comes to genetic research, the work is done with a huge amount of data where classical methods of
cluster analysis, such as k-means or hierarchical clustering, do not work on large data. In this connection, it is
necessary to transform somehow the obtained data before using the methods of cluster analysis.

In this research biological pathways were used. Most common types of biological pathways:

1. metabolic pathway;
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2. genetic pathway;
3. signal transduction pathway.

A biological pathway is a series of interactions among molecules in a cell that leads to a certain product or
a change in a cell. Such pathway can trigger the assembly of new molecules, such as fat or protein. Pathways can
also turn genes on and off or spur a cell to move. Some of the most common biological pathways are involved in
metabolism, the regulation of gene expression and the transmission of signals. Pathways play key role in
advanced studies of genomics [4].

Metabolic pathways were considered at this stage of work. In biochemistry, a metabolic pathway is a
linked series of chemical reactions occurring within a cell [5]. These pathways can be of two types: anabolic
pathways and catabolic pathway. Anabolic pathways synthesize molecules with the utilization of energy.
Catabolic pathways break down of complex molecules by releasing energy in process [6]. Each metabolic
pathway consists of a series of biochemical reactions that are connected by their intermediates: the products of
one reaction are the substrates for subsequent reactions, and so on. Metabolic pathways are often considered to
flow in one direction. Although all chemical reactions are technically reversible, conditions in the cell are often
such that it is thermodynamically more favorable for flux to proceed in one direction of a reaction [7]. Metabolic
pathways are regulated by signal pathways. The next step of this research is to find the signal pathways in
customizing classification results. Signal transduction is the process by which a chemical or physical signal is
transmitted through a cell as a series of molecular events, most commonly protein phosphorylation catalyzed by
protein kinases, which ultimately results in a cellular response [8].

Methods of QTL-analysis in the research of the genotype influence on phenotype

In compiling this section, information was used from the [9]. QTL-analysis is based on intraspecies
variability, which leads to quantitative changes in the trait under study.

The requirement for QTL-analysis is the construction of a linkage map. The linkage maps (molecular
genetics maps) indicate the position of markers and the relative genetic distances between markers along the
chromosomes. With the linkage maps the location of genes and QTLs associated with the feature of interest is
established, therefore, such maps are also called QTL-maps. Since genes and markers are separated when
chromosomes are recombined, they can be analyzed in progeny and compared with parental forms. The closely
located genes and markers are more often transmitted linked than the genes and markers located farther apart.
There is a mixture of recombinant genotypes in the population. Their frequency can be used to calculate the
genetic distance between markers. Analyzing the separation of markers, the relative position and distance
between the markers can be set: the lower the recombination frequency between the markers, the closer they are
located on the chromosome and vice versa. Mapping is used to convert the frequency of recombination into units
of genetic distances, called centimorgans (cM). Thus, 1 ¢cM corresponds to recombination frequency of 1 %.
Markers with recombination frequency of 50 % or more are considered unlinked, i.e., located on different
chromosomes or far apart on one chromosome.

The linkage between the markers (or between the marker and QTL) is defined as the ratio of the
probability of this linkage to the probability of lack of linkage. This ratio is usually expressed in logarithmic
form and called LOD. The LOD score at a marker is calculated as follows. First, consider the null hypothesis of

no QTL, in which case, with vy, denoting the phenotype for individual i, y, ~ N (u,cz) (i.e., the phenotypes
follow a single normal distribution, independent of the genotypes). We consider the likelihood function
L, (u,cz) = P(data|noQTL,u,<52):Hcp(yi,u,cz), where ¢ is the density of the normal distribution. We take

as estimates of p and o” the values for which the likelihood is maximized (such estimates are called the

maximum likelihood estimates, MLES). For this model, the MLE of p is simply the phenotype average, y, and

the MLE of o° is RSS, , where RSS, =>"(y, ~ )" is the null residual sum of squares and n is the sample size.
n i
The log,, likelihood for the null hypothesis is obtained by plugging in the MLEs; with a bit of algebra, it

reduces to —g log,, RSS,.

Under the alternative hypothesis, that there is a QTL at the marker under test, we assume that
Y. 19, ~ N (p.gl ,02), where g, is the genotype of individual i at the marker, u,;, and p,, (AA and AB are
groups which were divided by genotype) are the phenotype averages for the two genotype groups, and o is the
residual variance (assumed to be the same in the two groups). The likelihood function is
Ly (Kantpg-0° ) = P(data|QTL at marker,uAA,pAB,cz)=H(p(yi,ugl ,6”). We again estimate the parameters by
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maximum likelihood: the values for which L, achieves its maximum. The MLEs for the p, are simply the

phenotype averages within the two genotype groups. The MLE of o® is the pooled estimate, RSS, , Where
n

RSS, = > (Vi -1y )2 is the residual sum of squares under the alternative. The log,, likelihood for the alternative

hypothesis is obtained by plugging in the MLEs; it reduces to —glog10 RSS, .

Finally, the LOD score is the difference between the log,, likelihood under the alternative hypothesis and
the log,, likelihood under the null hypothesis, and so we obtain the following:

LoD = "log,, X%
2 RSS,

If values of LOD >3, they can be used for making linkage maps. LOD = 3 means that the linkage between
markers is 1000 times more likely than its lack. The linked markers are grouped together into linkage groups that
represent segments of chromosomes or whole chromosomes [9].

Three main methods are used to QTL detection: marker regression, interval mapping, and Haley-Knott
regression.

LOD score is very similar to statistics of Analysis of variance (ANOVA). Of course, the simplest
statistical method for QTL mapping is analysis of variance at marker loci. This approach suffers when there is
appreciable missing marker genotype data and when the markers are widely spaced. Interval mapping, though
more complicated and more computationally intensive, allows for missing genotype data [10].

Marker regression is the simplest method for detection of QTLs linked to a specific marker. The main
drawback of this method is that the farther QTL is from the marker, the less likely it is to be detected, since there
is a possibility of recombination between markers and QTL. A lot of DNA markers covering the entire genome at
intervals of less than 15 ¢cM can solve this problem [11].

The interval mapping analyzes the presence of QTL in the intervals between neighboring pairs of linked
markers along all chromosomes. This method compensates for possible recombination between the marker and
QTL and it is more advanced than the one-marker assay. For calculating LOD score in this case EM-algorithm is
used [12].

The Haley—Knott regression combines interval mapping with linear regression. This is a more accurate
and effective method compared to the first two methods. Especially its effectiveness is manifested when working
with linked QTLs [13].

Approaches to the phenotypes classification

As above said, missed information is one of the most important QTL-analysis problems. When applying
the marker regression method, individuals with lost information on markers are excluded from consideration. A
graph can be plotted from the values obtained for each chromosome. This graph shows what areas of the
chromosome genotype and phenotype are associated with maximum.

After plotting the graphs on the LOD values, the obtained curves can be used to predict the lost
information. If different phenotypes graphs profiles are similar, they can be grouped. The most obvious way to
break into groups of phenotypes is the use of cluster analysis. When it comes to genetic research, the work is
done with a huge amount of data. Unfortunately, classical methods of cluster analysis, such as the k-means
method or hierarchical clustering, do not work on large data. In this case, it is necessary to convert in some way
the data before using cluster analysis methods.

Cluster analysis includes various classification algorithms. The purpose of cluster analysis is the
distribution of analyzed objects over relatively homogeneous groups. Such groups are called clusters.

Before the start of the clustering procedure it is assumed that each sample object forms a separate cluster.
The union of objects into clusters is made considering the distance between objects. The methods of cluster
analysis are very sensitive to the selection of a measure of proximity between objects and between clusters.

A hierarchical approach to clustering implies the successive consolidation of smaller clusters into larger
clusters. Convenience of such clustering lies in the fact that it is not necessary to determine the number of
clusters in advance. When using hierarchical methods, the principles of the nearest or farthest neighbor are most
often used. When visualizing hierarchical clustering results graphs are often used.

Hierarchical clustering "nearest neighbors" algorithm comes out of the matrix of distances between
observations. The matrix distance between the clusters is defined by the "nearest neighbor" rule. At the first step
of the algorithm, each observation is treated as a separate cluster. Next, at each step of the algorithm, the two
closest clusters are combined, and the distance matrix is recalculated. The algorithm ends when all the original
observations are combined into one cluster.

The "farthest neighbor" hierarchical clustering (or "complete-linkage clustering”) differs only in the way
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of calculating the distance between classes [14].

The k-means method is the simplest and often used method of cluster analysis. This method has a
significant drawback: before the start of the clustering procedure, it is necessary to determine in advance the
number of clusters k, to which the investigated objects will be divided. The clustering algorithm involves
minimizing the total rms deviation of observations from the center of the cluster. By default, Euclidean distance
is chosen as a measure of distance. The following steps are performed during the execution of the algorithm.

1. The initial distribution of objects on clusters. Randomly selected K observations, these observations are con-
sidered the centers of clusters.

2. For each observation, the closest cluster center is selected, initial clusters are formed.

3. Calculate the new means to be the centroids of the observations in the new clusters.

Steps 2 and 3 are iteratively repeated until the clusters stop changing [15].

As noted earlier, the classical methods of cluster analysis do not enable the work with large amounts of
data. In this case, it is necessary to transform the original data in such a way that the clustering process is
simplified, but the result of clustering can be suitable for further analysis. To perform this transformation, the
obtained data were divided into groups on chromosomes: markers located on one chromosome were united and
20 groups were obtained. The values of LOD <3 were replaced by zeros for the stability of the classification.
Next, in each group, the k-means clustering was started. Thus, the table was obtained with phenotypes in the
rows and chromosome number in the columns. The cells of this table contained the cluster number into which
the phenotype on this chromosome got. Then phenotypes with all cluster numbers equal to zero were excluded
from the table, because these clusters are non-informative. Thereby the dimension of the original data table was
reduced to 5823 rows (phenotypes) and 20 columns (chromosomes). Further the shortened table data was
clustered by k-means, the number of clusters was set to five. These actions made it possible to identify the
cluster with 261 elements. Most of these elements have phenotype profiles with peak on the seventh
chromosome. You can see several examples of these profiles in Fig.1-4. (X — is the designation for the 20"
chromosome)
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Fig.1. Ceacaml phenotype with peak on the seventh chromosome
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Fig. 2. Ncapd2 phenotype with peak on the seventh chromosome
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Fig. 3. Lilrb3 phenotype with peak on the seventh chromosome
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Fig. 4. Gulpl phenotype with peak on the seventh chromosome

Investigation of metabolic pathways

These metabolic pathways were considered in more detail on the advice of geneticists:

— phospholipid biosynthesis I;

— ketolysis;

— ketogenesis;

— glycolysis IlI;

— serine biosynthesis;

— tRNA splicing.

Let us consider the stages of research on the pathway of synthesis of phospholipids (phospholipid
biosynthesis 1), which proved to be the most suitable of the studied ways.

The first step was to exclude all phenotypes that are not included in the pathway from the table with LOD
values. Thus, the following phenotypes were remained in the new table: Gpam, Agpat9, Agpatl, Agpat4, Lclatl,
Cdsl, Cds2, Pgsl, Crlsl, Ptdss1, Ptdss2, Pisd.

At the second stage it was necessary to track on which chromosomes the LOD values of selected
phenotypes are significant. If there were none, then the phenotype was "noisy", where all LODs are insignificant.
The following phenotypes from the previous stage were attributed to significant: Gpam, Lclatl, Agpat4, Cdsl,
Cds2, Crlsl.

The third step was to compare the obtained significant phenotypes and studied metabolic pathway. The
following observations can be made:

1. As can be seen from the Fig. 5 the pathway is branched because it describes synthesis process. There is at
least one significant phenotype on each branch except the last right branch. Since all the components of this
pathway are affected by the impact LPS it can be asserted about the involvement of the process of phospho-
lipids biosynthesis in the response of cells to bacterial endotoxin which was injected to individuals at the be-
ginning of the experiment.

2. All phenotypes, which we attributed to insignificant at this stage of the study, got into "noisy" clusters during
the clustering stage. Thus, it can be argued that the modified clustering with pre-processing of data works
correctly.
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dihydroxyacetone
phosphate

sn-glycerol-3-phosphate

a l-acyl-sn-glycerol-3-
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Fig. 5. Phospholipid biosynthesis | — metabolic pathway

Conclusion

Thus, a methodology for applying QTL analysis was developed to study the effect of the genotype on the
transcript with the mouse model used as an example. Several groups of clusters were obtained on each
chromosome, which are significant from a genetic point of view. These clusters are sent to geneticists for study.
In further studies, it is planned to develop approaches and techniques that allow for analyzing the association of
the phenotype with the entire genome, to assess the profile of the whole phenotype, and not on each

chromosome.

Also, an approach to comparison of the significant values of LOD and metabolic pathways was
developed. In the future, it is planned to expand the base of the investigated biological pathways, not only
metabolic, but also signal ones. It is also planned to improve the approach for searching the biological pathway

in the initial data.
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