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Abstract
Cultivated S. tuberosum is relatively drought intolerant compared to other staple crops, however, it is
highly efficient in its water use. In this study the CxE diploid S. tuberosum population is screened for
drought tolerance. Genes elementary to successful adaptation to drought are identified through state
of the art genetical genomics tools. This study indicates that drought adaptation in the CxE population
involves the circadian clock through the genes EARLY FLOWERING 4, CONSTANS, flavin-binding Kelch
repeat F-box, and presumably COR27. Drought tolerance coincided with elevated expression of a
Abscisic acid and environmental stress-inducible dehydrin TAS14, a manganese superoxide dismutase
and various heat shock proteins. Important transcription factors are the nuclear factor Y complex and
two homeobox-leucine zipper transcription factors. The early drought response in CxE involves an area
on chromosome 5 which strongly links to a nuclear factor Y subunit C. Nearly all important
downstream drought responsive genes are united through this potential master regulator of the
drought response. This study implies that the nuclear factor Y complex is vital for the genome wide
reprogramming that is essential to survive the adverse conditions induced by drought.
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1.

Introduction

1.1.

Research target

The aim of this research was to find genes and genetic pathways underlying drought tolerance in
potato. Through a genetical genomics approach, candidate genes for drought tolerance were
identified. Different statistical, genetical and bioinformatical methodologies were applied to select and
narrow down to these candidate genes. These include statistical regression approaches combined with
genetic information, correlation, clustering, and inference of co-regulated genes into gene regulatory
networks.

1.2

Research relevance

The 21st century will mark the end of an era of exponential growth in many areas of society as the
human race advances towards the boundaries of earth’s resources. The mounting strain on natural
resources will culminate in a broad range of challenges affecting many aspects of society. For
instance, as emerging markets evolve, their consumption of commodities also grows. The largest
share of the growing population is living in emerging markets and satisfying their increased demand of
commodities will require new technologies. This can be achieved by accessing untapped natural
resources but more importantly by more efficient use of resources to sustain this ever growing and
increasingly affluent world population.
A clear feature of historical growth has been an increase in food production exceeding the population
growth rate, which assists the progress of increased affluence. However, this trend slowed down in
recent years, and by 2025 it is estimated that there will be a significant gap between population,
affluence, and food production1. Important drivers for this gap are increased meat consumption, bio
fuel production and slowed-down growth of agricultural output2. New methods to increase agricultural
output are therefore part of the solution. Addressing the problem is essential for the future, especially
bearing in mind that individuals living in poverty spend up to 50% of their budget on food
commodities.
Markets will invest in producing more to satisfy demand as prices rise. Abiotic stress is the main
limiting factor in realizing higher yields in food production of staple crops and growth in agricultural
productions, decreasing yields by more than 65% on average compared to potential yields 3. In
particular period’s drought can lead to significant yield losses, exemplified by the recent drought
devastation in 2007 and 2012 in major staple crop producing countries. Furthermore drought is
believed to increase in the near and long term future in many important food production areas as
shown in figure 14. The prediction is based on historical data simulated with different models. It
capitalizes on the Palmer Drought Severity Index which is proven to be a well performing long term
predictor of drought5. Expansion of knowledge of biological mechanisms by which plants adapt to
drought can assist in realizing a more stable and improved yield. As mechanisms for stress adaptation
show large overlap between salt, drought, heat and cold stress, new insights in drought tolerance
could benefit breeding for more salt tolerant crops and vice versa. It is expected that 30% of the
arable land will suffer from severe salinization stress in the next 25 years putting further pressure on
food production6.
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Potato has been on the agenda as food for the future
due to its beneficial aspects for third world countries.
For one the high productivity compared to grains in
terms of calories per hectare is noteworthy. More
importantly is the increased nutritional production in
terms of calories produced per unit of water supplied
to the crop6. Although potato is the 4th largest staple
crop it is not traded worldwide and tends to be
produced and consumed locally. The price is
therefore dependent on local production costs and is
thus less affected by price shocks. This makes potato
a viable candidate for ensuring food security in the
future, especially for impoverished areas of the
world that can be seriously affected by price shocks.
Although cultivated potato is highly efficient in terms
of energy production per unit of water, its yield
output is sensitive to drought, partly due to a root
system close to the surface that is prone to
accelerated dehydration7. Another factor is the poor
ability of potato to recover from drought7,8. The CxE
diploid potato cross in this study exhibits genetic
variation for the ability to recover9. This provides a
basis to further study the underlying mechanisms
through genetic, genomic and phenotypic data that
was extensively collected by Anithakumari10.

1.3

D

Figure 1Global forecast of the Palmer Drought Severity
Index (PDSI) using multiple models based on historic
data (1908-2005)4. Color scale indicates drought
severity ranging from arid (purple/red) to wet
(green/blue)

Prior research in drought tolerance

Unfavourable environmental conditions generally lead to similar kinds of cellular damage in plants and
these trigger a general stress response. For example, the decrease in transpiration slows down growth
and drought and salt stress both lower the availability of water for chemical reactions and lead to
decreased cell turgor11. Furthermore the lack of water destabilizes proteins by reduced hydrophilic
interaction on the outer surface and impairs enzymes from performing their cellular tasks.
Subsequently drought and salt stress also have overlap with heat and cold stress which destabilizes
proteins.
To adapt to drought stress plants have various mechanisms including, dehydration avoidance by
decreasing time to flower and shorten life cycle, dehydration postponement by deeper roots to
maximize water uptake, and dehydration tolerance by adjusting the osmotic balance. The first two
adaptation methods result in a significant yield reduction under well-watered conditions12 and are
therefore not suitable for most arable areas where drought is the exception and not the rule.
The main focus of drought tolerance research has been dehydration tolerance. For example the
production of osmolytes to achieve osmotic adjustment to water scarcity is of interest as this generally
does not lead to a significant decrease in yield but enhance productivity under drought
significantly13.Strategies to unravel and identify molecular mechanisms of dehydration tolerance is
therefore of great interest. Dehydration tolerance has been associated with many different biological
pathways each with their own small contribution making drought tolerance a highly complex trait,
schematically depicted in figure 214.
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Figure 2 Abiotic stress triggers a multitude of plant responses from perception to signal transduction until final gene
activation resulting in adaptation14.
Generally dehydration tolerance consists of both biochemical as well as physiological adaptation
mechanisms. These are based on activation of genes that offer direct protection as well regulation of
genes that affect gene expression patterns and signal transduction15. Genes that offer direct
protection can be beneficial even if a single gene is overexpressed. This therefore provides an
entrance for trait improvement through introgression of drought tolerance genes into elite lines16-17-18.
From a breeding perspective it is also important to gain more fundamental knowledge of how plants
respond to drought and by which mechanism the drought tolerance genes are regulated. Drought
comes in many different severities and is perceived more severe in different developmental stages in
terms of the resulting crop yield19. An optimal mechanism underlying drought tolerance that offers
flexibility to drought with limited penalty on yield when water is plentiful should be one of the long
term goals in achieving increased productivity.
Molecular and genetical genomics studies have helped to unravel parts of the abiotic stress response
in plants20. For complex traits such as intensively studied diseases in humans genetical genomics
studies have proven to be an effective tool for increasing our understanding of complex traits21 and to
identify novel causal genes22.
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Abiotic stress qualifies as a genetically complex trait as it is built up of many small contributing effects
leading to increased or decreased tolerance. In this study the expression profiles of a segregating
potato population is analysed and compared under drought and well-watered conditions. Gathered
transcriptome data was used for analysis of differential expression, regression analysis, clustering, and
expression quantitative trait loci (eQTL) analysis in relationship to phenotypic traits. Traits that are
associated to increased drought tolerance were identified by integrating gene expression, eQTL and
QTL data. Additional effort was made to improve gene annotations and further dissect the previously
detected regulatory hotspot on chromosome 5 while considering the possible role of the maturity
locus.
Furthermore, an attempt was made to infer a gene regulatory network based on the data, and find
regulatory links and important transcription factors. Different methodologies exist to reconstruct
biological networks, from relatively simple correlations in expression patterns, mutual information
algorithms such as Context Likelihood Relatedness (CLR) and ARACNE23 to more complex conditional
probability theories using Bayesian networks which can identify direction and thus causality. Each is
increasingly more informative about the network but also requires robust datasets and more
sophisticated algorithms, computational power and thought out experimental design. The individuals
in the segregating population have subtle perturbations in gene expression profiles that allows for
gene regulatory network reconstruction24. The combination of genetic and expression data has in
other studies led to improved network reconstruction25. Using Pearson correlations to construct a
network carries the risk of creating many networks that explain the data equally well, as the number
of genes (~20000) is orders of magnitude larger than the sample size (94). Furthermore expression
based networks can be reconstructed more accurately by including metabolic, protein, posttranslational modification, and epigenetic data. As an exploratory approach a first step in network
reconstruction in non-model species was made in this thesis to test the applicability with data that is
more closely related to agricultural practice than a model species.
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2.

Data assembly, quality control and microarray annotation

2.1

Material and methods

2.1.1 Data assembly and experimental setup
The CxE backcross population used in this study consists of approximately 250 genotypes obtained by
a cross between clones C (USW5337) and E (77.2102.37) 26. A total of 94 genotypes in eight replicates
were planted in a greenhouse setting at Wageningen UR Plant Breeding in two successive years in a
completely randomized design9. For six replications irrigation was withheld for three weeks. Of these
six replicates three replicates were measured for phenotypic traits in a destructive manner and three
replicates were maintained to allow recovery by restoring irrigation.
Phenotypic data is therefore available for untreated plants (reference), drought treated plants at the
end of the drought treatment and drought treated plants after recovery. Phenotypic data of control
plants at the drought recovery period is not available. Phenotypes were collected in two years in which
drought treatment was initiated when stolons started to form and stopped after three weeks 10. An
overview of the different measured phenotypic traits is given in table 1.
Table 1 Phenotypic traits that were measured under irrigated condition (control), drought stressed condition, and recovery
after drought stress.

Trait
Tuber weight
Tuber number
Number of stolons
Shoot fresh weight
Shoot dry weight
Root fresh weight
Root dry weight
Root length
Plant height
Number of branches
Relative Water Content
Wilting 4 days after stress initiation
Wilting 6 days after stress initiation
Wilting 10 days after stress initiation
Wilting 8 hours after restoring irrigation
Carbon isotope discrimination
Chlorophyll content
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Four days after stress initiation leaf RNA of growing young leaves was collected from a single replicate
and stored in liquid nitrogen27. This time point was chosen from the earlier observation that genotypic
differences in gene expression were most profound during early stages of drought when first wilting
symptoms become apparent9. Leaf RNA was subsequently isolated from the leaf with the
KingFisher Flex system and the MagMAX™-96 total RNA isolation kit and DNAse treated to eliminate
DNA contamination. Isolated RNA was then labeled with cyanine, cy3 for control samples and cy5 for
drought stressed samples. Samples from identical genotypes were hybridized to the Agilent POCI
4x44K potato oligo microarray and analyzed using the Agilent G250B scanner, for which further details
can be found in the thesis of Anithakumari9.

2.1.2 Expression data pre-processing
Raw cy3 and cy5 data was obtained from Anithakumari9 which was assessed for quality with Agilent
Feature Extraction software (V.9.1.3.1). Within array dye normalization was not performed prior to
between array quantile normalization. Quality control included visual inspection for irregularities in cy3
and cy5 signals and visualization of signal outliers with the cy3/cy5 spatial distribution per slide.
Median non-background corrected signals were filtered for significant expression above background.
Significant expression for either cy3 or cy5 was considered when probe expression levels exceeded
three times the average cy3 or cy5 background level over all microarrays in at least 20 genotypes in
either the cy3 or cy5 dataset. Filtering resulted in a dataset of 25,966 probes with significant
expression.
Quantile normalization was carried out on the combined dataset of cy3 and cy5 signals over all arrays
with GenStat (15th edition). Quantile normalized signals were used to create a new log ratio dataset
that included features that are significantly expressed in either of control, drought or in both
experiments. After normalization data was arsinh transformed (base = 2) with R version 2.15.228.
Further statistical inspection was performed with MA29 and volcano plots30 as well as statistical quality
control with the R package limma31. Data was log transformed and then further preprocessed using
variance stabilization normalization (VSN)32.

2.1.3 Chip annotation compilation
The chip annotation is based on Expressed Sequence Tag (EST) sequences obtained through the POCI
Annotation Tool at http://pgrc-35.ipk-gatersleben.de/pls/htmldb_pgrc/f?p=194:133 from which the
microarray probes were derived. Sequences were blasted in Blast2GO with the blastx algorithm
comparing nucleotide sequences in six frames against the broad NCBI non-redundant protein
sequence database. Blast expect value threshold was set at 0.001 for blast hits with a maximum of 20
hits to retain for subsequent Gene Ontology (GO) mapping.
Gene Ontology34 terms were mapped to blast hits with the Blast2GO GO-Mapping function. Terms
were annotated to probes with the annotation function with settings: E-Value-Hit-Filter of 1.0E-6,
minimal mean similarity of 55%, GO weight of 5 and a HSP-Hit Coverage Cutoff of 0. Further GOterms were mapped with InterProScan integrated in Blast2GO. InterProScan assigned GO terms were
merged to previous mapped annotations. Annotation was further improved using the ANNEX35 function
in Blast2GO. Enzyme commission numbers (EC) were mapped to GO terms using the Blast2GO GOEnzymeCode-Mapping function manually accessible at
http://www.geneontology.org/external2go/ec2go.
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Additionally probe sequences were blasted against the Potato Genome Sequence Consortium (PGSC)
reference Solanum tuberosum Group Phureja DM1-3 Genome Annotation gene fasta v3.4, available
via http://solanaceae.plantbiology.msu.edu/pgsc_download.shtml. A potato genome nucleotide BLAST
database was created with linux-x64 NCBI BLAST+ version 2.2.2736 using masking to remove
repeated or low complexity DNA regions. The BLAST+ blastn algorithm was used with following
settings: num_alignments '5' -dust 'yes' -num_descriptions '5' -num_threads '4' -outfmt '10'. Gene
identifiers were assigned to microarray probes based on the blast hit with the minimal e-value ataevalue cutoff 0.001.
The most recent Solanum tuberosum PGSC annotation with GO terms was obtained from
ftp://ftp.gramene.org/pub/gramene/CURRENT_RELEASE/data/ontology/go/ and merged with the GO
annotation mined through Blast2GO. Duplicate GO terms were removed for the GO microarray
annotation that was used as reference for further analysis. An additional probe to GO identifier list was
made with the webtool “GOSlimauto37” available via http://www.agbase.msstate.edu/cgibin/tools/AutoSlim.cgi that contains a limited set of 100 GO terms functional in plants.
Physical positioning of microarray probes was obtained by blasting microarray and marker sequences
via the web blast application for potato against the PGSC superscaffolds v3 at
yh.genomics.org.cn/potato/search.jspy. Scaffold IDs with start and end location in base pair were
anchored to a physical base pair position, courtesy of Jan de Boer. In total 79.8% of the microarray
probes could be assigned a physical genomic location. Markers that were used for eQTL and
phenotypic QTL study9 had physical locations assigned in a similar manner.

2.2

Results & discussion

2.2.1 Statistical Quality Assurance
2.2.1.1 Microarray Quality Control
The quality control report obtained through Agilent Feature Extraction Software showed microarrays
that had unexpected spatial patterns both detectable by eye as well as by the spatial distribution of
outliers on the array, see figure 3. Probes are randomized over the array making overrepresentation
of single biological processes highly unlikely for closely positioned probes. These spots are therefore
expected to originate from a technical or experimental source such as poor microarray quality,
contaminations in the RNA preparation and hybridization steps, or limitations in imaging of hybridized
samples38. Interestingly these spots were not picked up by the built in quality control of the
microarray reader, i.e. by assigning bad flags. Some arrays had up to 20 probes with bad quality
signals (bad flags) resulting in missing values, however the amount of missing values showed no
relationship with unusual spots or the presence of contaminations.
Figure 3a clearly shows that cyanine dye hybridization occurred with a contamination leading to a false
signal for the underlying probes. Other important quality decreasing factors were present such as a
color gradient as seen in figure 3b. This may be induced by poor mixing of the cyanine hybridization
mixture, measuring slides under an angle, ozone damage to the cy5 signal or wash buffer
contaminants that dried on the surface of the microarray39. Some microarrays also displayed abnormal
small red or green circles (figure 3c).
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a)

b)

c)

Figure 3 Visual inspection of hybridizations. Hybridization of the cy3 and cy5 dye to an contaminant (a), a color
gradient from green below to red at the top (b), and green spots in
combination with a contamination (c).

The spatial distribution of outliers on the array shows
pattern formation in nearly all microarrays. This indicates
a non-natural source of variation that can produce false
signals. Extreme examples of this situation can be
detected by eye with visual abnormalities depicted in
figure 3. Nearly all microarray quality control reports have
some abnormalities in outlier distribution which seem
inherent to the microarray quality or experimental setup.
Arrays with extremely poor quality such figure 3c/5c were
repeated and repeated data was included in the final 94 +
2 parental line dataset. Sub-optimal microarray slides
such as figure 3a and figure 3b were included for further
statistical analysis. In figure 5 the Agilent spatial
distribution from the Agilent quality report is given. The
overall percentage of probes that had a false signal was
Figure 4 Close up of the cy3 spot at the upper left
assumed to be sufficiently low as compared to the corner of figure 3c
increase in statistical power obtained by the good quality
signals to justify the tradeoff.
Although the preferred situation would be to also repeat these slides, the choice was made to retain
data from these slides rather than discard them although this inherently increases the amount of
technical variation for some probes within the dataset. The assumption was made that the overall
increase in statistical power is greater than the increase in noise induced by a small percentage of
incorrect probe signals. Finally probes that had a bad flag signal assigned by the Agilent G250B
scanner were treated as missing values.
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a)

b)

c)

Figure 5 Spatial distribution of cy3 (green - left) and cy5 (red - right) signal outliers. Color gradient example is visible

in number of outliers (a), the hybridization contamination clearly shows up as outliers in both cy3 and cy5 (b), and the
green spot formation is also resembled in outlier overrepresentation (c).

To summarize, the visual inspection gives rise to some doubtful probe intensities that are likely
composed out of a large fraction of technical variation. As this only comprises a small fraction of the
total amount of probes the overall effect is assumed to be negligible. Most genes are represented by
multiple probes thus for interesting genes this offers an additional quality check to make sure the
result is valid.

2.2.1.2 Statistical quality control
Quantile normalization was chosen to normalize between microarrays which force the values of each
quantile to be the same over all microarrays; visualization is given in figure 6. The choice for quantile
normalization is rationalized due to the low computational dependency and robustness in decreasing
variance and bias between arrays40. Prior to quantile normalization arrays show resemblance in
distribution and a dye bias is present. This was averaged out by quantile normalization allowing for
comparison between cy3 and cy5 data directly without scaling.

Figure 6 Boxplots for Cy3 and cy5 labeled microarrays before quantile normalization for significantly expressed
probes (left) and after quantile normalization (right). Y-axis is the natural logarithm transformed expression value.
Genotypes are ordered from left to center for control genotypes and from center to right for drought stressed
genotypes. Interquartile range is colored in red, black dots represent outliers.
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Statistical methods in microarray analysis rely on the finding that probe intensities have resemblance
to a normal distribution after log transformation41. As is visible in figure 7, this does not hold at low
probe intensities where background noise is a large confounder of the actual probe intensity. Probe
intensity levels show a non-normal distribution in unprocessed data with the right tail of the histogram
showing more resemblance to a normal distribution than the left side as shown in figure 7.

Figure 7 Histogram of combined probe intensities of 96 microarrays over all 44kprobes.

This problem at low probe intensities arises from the fact that a large fraction of the total signal is
background noise. Higher expression levels are less affected due to the exponentially increasing
differences between the true signal and the background noise signal. The problem was addressed by
retaining only those probes that are expressed three times above the average cy3 or cy5 background
level in at least twenty genotypes, the resulting distribution after this correction is shown in figure 8.
The limitation of this approach is that important genes with expression levels relatively close to the
background levels are discarded altogether. The assumption was made that probes with low intensity
on average have a biologically insignificant role and are therefore not essential in further analysis.
Another option would be to do background correction as this can improve bias for detecting differential
expression at low expression. It comes with the cost of increased variance at low probe intensity
nonetheless38. A popular method to overcome this phenomenon is to do Background Subtraction (BS),
however the results and opinions vary38 and in this study the choice was made to keep the data in its
original non background corrected form. Omitting background correction is further supported by the
finding that the type of background correction provided by Agilent performs worse than doing no
background correction at all42.
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After removing non-significantly expressed probes, quantile normalization and/or variance stabilization
the distribution resembles a normal distribution as depicted in figure 8a/b. Some outliers remain at
extreme intensities (right tail), see figure 8a/b. Genes corresponding to these probes likely include
housekeeping genes that are vital for survival and are therefore minimally subjected to natural
occurring variation. The more than expected decay in frequency at the left tail is likely caused by the
arbitrary cutoff for ‘significant expression’, which was set at three times the background signal. This
true 0 – 1 relationship gives rise to some non-normality in this range of expression levels.

a)
)
Figure 8 Histogram

b)
)
of the probe intensity distribution over all microarrays after quantile normalization (a) histogram

after quantile normalization and variance stabilization (VSN) (b)

2.1.2.3 Statistical differences between control and drought
A first glance at statistical suitability to
reveal expression patterns between
experiments
(control
&
drought
treatment) was assessed by creating a
volcano plot30 and an MA plot29. The
volcano plot in figure 9 depicts fold
changes for all significantly expressed
probes (25,966) plotted against the
multiple testing corrected43 (BenjaminiHochberg) p-values obtained through the
globaltest for differential expression44-45.
There is a decent overlap between large
differences between groups (x-axis) and
the overall statistical significance of the
difference (y-axis). As both fold change
and probability are likely informative
between control and drought both will be
included in further analysis to assess
biological
relevance
of
underlying
processes. Hence a small p-value and a Figure 9 Volcano plot over all pre-processed 96 dual channel
large fold change is additional evidence microarrays. Log2 probe fold changes between control and drought
(control/drought) is depicted on the x-axis and the corresponding
for a true positive as significant p-value globaltest –log(p-value) on the y-axis. A color gradient from light to
could also arise when residual variance is dark blue was used to represent the number of probes in vicinity.
Black dots represent 300 probes that are the most separated from
estimated as very low.
the others.
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The need to do variance stabilization was assayed by comparing MA plots with and without variance
stabilization, shown in figure 10. Variance stabilization suggested by Huber et al32 uses an arcsinh
transformation which at high intensities is similar to a log transformation but is smooth at low
intensities unlike a log transformation. Simple log transformation gives good results at high intensity
but at low intensities it gives erroneous results due to the singularity at 0. Variance stabilization is
proposed as addition to log transformation to limit the underestimation of variance at low expression
levels shown to occur due to log transformation32. Correcting for this known error is sensible in terms
of creating a more balanced data set. Differential expression is afterwards less dependent on the
overall expression level of the probe subsequently easing further analysis by increased consistency.
In figure 10 this is visible by the curved variance along the x-axis that starts at the left bound
minimum intensity and then moves somewhat parabolic. This complicates statistical analysis as
variance is relatively dependent on the mean making vital simplifications for this kind of large dataset
even more complicated. Variance stabilization yielded improved results for low to medium-high
intensities with a uniform variance distribution that is less centered at 0 for low intensities. Probes
with overall high mean intensity seem to have bias towards lower variance. As mentioned before, this
might be due to their biological importance or even technical limitations of microarrays as this is also
the situation in many other datasets.

Figure 10 MA density plot with mean log2 probe intensity on the x-axis and the fold change between experimental
conditions on the y-axis for without variance stabilization32 (a) and with variance stabilization (b). Darkness of color
gradient indicates the density of probes.

Overall statistical quality was improved by quantile normalization allowing for comparison between
arrays and even between experimental conditions negating dye effects. Further improvement was
obtained by an arcsinh transformation which eliminates the negative effects of the singularity at 0 that
occurs when data is log transformed. This gives a solid basis to do further statistical testing to pinpoint
important genes and biological processes underlying the genetic responses to drought between or
within experiments.
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2.2.2 Microarray probe annotation overview
In the previous section the data was prepared for statistical analysis by normalization and
transformation. The more information there is in the database of corresponding biological
functionalities, the more reliable statistical results can be related to biological processes. The Gene
Ontology (GO) consortium34 provides a framework for this type of analysis that spans species or even
biological kingdoms. It is relevant to note that the exact biological function is impossible to infer from
this type of analysis yet it allows for simplification of the dataset by grouping genes in functional
categories. This simplification is a strong prerequisite for being able to dissect these large datasets,
which in the end allows for a more targeted step-by-step approach.
In Arabidopsis thaliana, a relatively well annotated model species, only 10-15% of the gene
annotations are experimentally validated46. The results obtained by inferring functionality by sequence
homology has proven very effective nonetheless in other studies47. The GO framework can thus give a
glimpse of which biological processes and underlying genes are active for S. tuberosum for which even
less annotations are experimentally verified.
Gene Ontologies were inferred from blast results of the most broad and interspecies non-redundant
NCBI nucleotide database to retrieve an annotation that is the most descriptive in terms of broad
biological functionality. The goal for this annotation is to reduce the amount of data by reduction to
grouped biological processes underlying drought tolerance by assigning probes (genes) to functional
categories (GO). This induces less precision (low experimental validation of gene function and
categorizing genes into groups) but a significantly higher accuracy to actually detect an important
biological process as more genes can be annotated (chance of detecting a biological process). The
overall assumption is therefore that the increase in accuracy by outweighs the loss of precision. The
goal of this study is to predict candidates for drought tolerance for further (molecular) experimental
study.
Through Blast2GO48 a sequence and GO annotation was built that was more informative than the
previously available annotation with approximately 5000 extra probes annotated. The total amount of
probes with functional annotation increased from 60% to 73%. The GO annotation success of
annotating a sequence increases with the length of the sequence, shown in figure 11. With 51% of the
probes derived from sequences in the range 100 to 750 base pairs length, this represents a clear
limitation for annotating this microarray.

Figure 11 Percentage of sequences that were successfully GO annotated versus (y-axis) versus the length in bp of EST
sequence (x-axis)
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Blast results of all sequences are depicted in figure 12 and show that 73% of the Potato Oligo Chip
Initiative (POCI) microarray oligo’s, derived from EST sequences, had a blast result with an expect (e)
value lower than 0.001. For this 73%, a stricter e-value threshold of 1E-6 was applied to map blast hit
related GO-terms to the sequences. This resulted in a GO annotation for 67% of the total amount of
probes present on the microarray. Combined with the GO annotation available based on PGSC gene
identifiers (rather than the EST in the Blast2GO) 78% probes could be GO annotated. Sequence
annotation exceeded 80% when combining blast hits with PGSC gene annotations.

Figure 12 Blast result of blastx of POCI sequences against NCBI blast data ‘nr’. In red is the amount of sequences that
had no blast result with an e-value below 1E-3. In green and orange are blast hits that were not used for the GO
mapping as the respective blast hit e-value did not pass the 1E-6 threshold. Annotated and total amount of sequences
are depicted in light and dark gray respectively.

To conclude, for more than 80% of the probes sequence homology was found to a known annotated
gene based on Inference from Electronic Annotation (IEA). For 78% of the probes a GO annotation
was found and these will be used for GO-enrichment testing.

2.3

Pre-processing and annotation summary

Overall microarray quality showed technical sources of variation. The assumptions was made that the
effect is negligible but quality check on interesting genes will be done if data of multiple probes
corresponding to the same gene is available. Hence data from all microarrays is used for further data
analysis. Data pre-processing steps, such as significant expression restriction and an arsinh (log)
transformation, allow fitting of the data according to statistical models to detect genetic traits.
Statistical methods can reveal patterns in gene expression, however further data integration is
required to know which biological traits underlie statistical findings. For that reason an effort was
made to improve annotations corresponding of the microarray probes to genes. Annotation was
improved notably through Blast2GO48 software and PGSC49 with approximately 80% of the microarray
probes functionally annotated. Gene Ontology50 (GO) was chosen to integrate statistics and biology by
assembling a GO annotation on top of the microarray functional annotation. The Gene Ontology
structure has several advantages; it is designed for the purpose of combining statistics and biology, it
provides essential simplification by categorizing genes in functional groups and most importantly the
terminology is applicable between different species or even biological kingdoms.
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3.

Gene expression and gene-trait analysis

3.1

Material and methods

3.1.1 Global test and gene set enrichment procedures
Pre-processed data was used to assay differential expression with a linear regression globaltest44
statistic. The statistical hypothesis in this setting is H0: βi = 0 in which β represents the linear
regression coefficient model between the predictive effect of a gene (β) on the experimental condition
(clinical outcome). The globaltest function ‘gt’ was used as quality control prior to this analysis as a
significant result indicates gene expression differences exist between experimental conditions.
Average linkage clustering was used to cluster genotypes though the “subjects” function within the
globaltest R package51. Reported p-values smaller than 1e-12 are given as <1e-12 as suggested by
the globaltest author. A similar global test statistic was applied to predict if probes per subject have
different patterns between experimental conditions. Gene Set Enrichment Analysis (GSEA) testing on
the Gene Ontology annotation was performed with the R package topGO51 integrated in the GOEAST
webapplication52. The Fisher exact test was used in combination with the “weight” algorithm53 to
account for the Directed Acyclic Graph (DAG) topology of Gene Ontology. The reference set for GSEA
testing were all probes that were expressed under either control or drought. A p-value <0.01 was
considered significant.
Non-specific filtering was applied to remove duplicate probes based on the PGSC gene identifiers as
some genes are represented by over 20 different probes and other genes only have 1 probe. As this is
problematic for GO-enrichment testing duplicates were removed. If PGSC identifiers were unavailable
(24%) duplicates were removed based on similar physical location (mapped within a 2500 bp
interval). For some probes neither method was applicable however these constituted less than 2% of
the probes, which was considered negligible.
Duplicate probes were removed to reduce the amount of statistical tests and subsequent multiple
testing correction. Duplicates were removed based on Inter Quartile Range (IQR) range as robust
dispersion estimator of the probe intensity. Probes with the highest IQR value were maintained as
most conservative and informative measure of gene expression. A total of 13,798 out of 25,966
(53%) significantly expressed probes were retained after non-specific filtering. Statistical analysis of
the phenotype vs. various variables was performed in GenStat (15th edition SP1) using a Generalized
Linear Model (GLM). An identity canonical link function was used for normally distributed phenotypic
data. A square root link function with a Poisson distribution was applied for phenotypic data that was
measured in counts. The Poisson distribution was applied to the phenotypic traits: nr. of tubers, nr. of
stolon and tuber yield. The latter was highly correlated with nr. of tubers and showed a similar
distribution to nr. of tubers.

3.1.2 OmicsFusion
Filtering was applied to obtain a subset of genes to be used for phenotype vs. gene expression
regression of the samples that were exposed to drought. Filtering was deemed necessary to reduce
the influence of multiple testing corrections and make calculations less computationally demanding.
Principal Component Analysis (PCA) formed the first step by calculating the 1st principal component
(PC1) value of a sample (genotype) in R28. Probe intensities were tested for differential expression vs.
the PC1 (20.5 explained variance) using a linear regression globaltest. The statistical hypothesis in
this setting is H0: βi = 0 in which β represent the regression coefficient between the probe intensity
and its corresponding predictive effect on the PC1 value of a sample.
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A threshold of P <0.01 after Benjamini-Hochberg FDR-adjustment for multiple correction was applied.
Secondly the IQR was calculated for the remaining 9,072 probes out of 25,966. Genes with an IQR
interval corresponding to a fold change of at least 1.5 were retained as robust measure of dispersion
within the probe intensity for further regression analysis. Thus for a given gene the expression value
of the 3rd quartile – 1st quartile was used as robust measure of fold change. The dataset was thereby
reduced to 2,597 probes. This dataset was used as predictor variable in the OmicsFusion54 omics data
regression tool. In this setting non-specific filtering was not applied to remove duplicate probes as no
GSEA testing was performed. Moreover having duplicates, or replicates, can provide further evidence
to prove a certain effect or to the contrary weaken a finding.
The response variable in the OmicsFusion regression approach is the phenotypic data that was
measured for this CxE population in two consecutive years9. Maturity type is a known covariate of the
phenotypic traits with explained variance up to 35%. Phenotypic values were therefore corrected for
this covariate with the idea to filter out genes that are specific for the plant’s developmental stage
rather than the ability to withstand drought, as developmental stage can greatly interact with drought
stress perceived by the crop3,55.
Phenotypic values were corrected for their corresponding maturity score by fitting a Generalized Linear
Model (GLM) with maturity as explanatory variable in GenStat (15th edition SP1). Normally distributed
continuous phenotypic data was corrected by fitting a linear normally distributed GLM (= linear
regression model). For data that was measured in counts (i.e. tuber number, stolon number and
closely related tuber yield) a Poisson model with a square root link function was applied which gave a
better fit. The fitted model was considered significant if the corresponding F-test or approximated chisquare goodness of fit test had p-values smaller than 0.01 for respectively the normally distributed
and Poisson distributed data. Phenotypic values were corrected using the parameters estimated for
the models for the maturity score of the CxE offspring 26. Fold changes represent the average gene
expression of genotypes in the 3rd quartile of the 1st principal component divided by average gene
expression of genotypes in the 1st quartile. Regression methods include univariate regression with
False Discovery Rate (FDR) correction by the Benjamin-Hochberg method43, random forest regression,
Penalized regression methods (Ridge regression, Elastic Net, LASSO, Partial Least Squares, Sparse
Partial Lease Square, and Principal Component regression) described in Acharjee et al56. A summary of
methodologies is available via http://www.plantbreeding.nl/omicsFusion/methods/index.jsp.
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3.2

Results drought vs. control treatment

3.2.1

Differential expression

The biological effects of drought on gene expression were studied by assessing differential expression
between control and drought-stressed plants at four days after stress initiation. The expression
differences between control and drought displayed a normal distribution centered at zero, shown in
figure 13. Some probes are visible in the left and right tail that represent probes with a high fold
change and this framework allows for statistical detection of these genes. This was done through the
globaltest statistic with a linear regression model assuming normality of the data.

Figure 13 Variation in differentially expression genes between control and drought. The normal distribution allows
formore substantiated results. The relatively high amount of outliers are strongly suspected to be the result of the
experimental conditions, i.e. a response to drought.

Probes were filtered and ranked by retaining probes with a multiple testing (BH) corrected p-value
<0.01 and subsequently ranked on absolute fold change. At the top of the list were genes known to be
involved in drought tolerance such as Heat Shock (chaperone) proteins (HSP), shown in table 2. The
finding that HSPs were overexpressed four days after stress initiation, a time point where first wilting
symptoms started to appear, indicates that drought was sensed at this point and responses were
activated.
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Table 2 Top 15 genes with highest fold change that were significantly differentially expressed based on a global test
statistic. Fold change represents the expression ratio between control and drought (drought / control) and the p-value is a
Benjamin-Hochberg corrected p-value of the globaltest statistic.

Gene annotation

Fold change p-value Gene ID

Cold regulated protein 27 (COR27)
EARLY flowering 4 protein (ELF4)
Conserved gene of unknown function
Chaperonin-like protein (rbcX)
Circadian clock-associated FKF1 (StFKF1)
Mate efflux family protein 9-like
Heat shock protein binding protein(DnaJ)
Heat shock protein binding protein(DnaJ)
heat shock n-terminal domain-containing protein(DnaJ)
Protein GIGANTEA
Zinc finger protein CONSTANS-like 9
Ethylene-responsive late embryogenesis-like protein
Protein early flowering 4-like
14 kdaproline-rich protein
Conserved gene of unknown function
Conserved gene of unknown function
Conserved gene of unknown function
CONSTANS 1 (StCO1)
Pectin methylesterase inhibitor isoform

32
29
22
21
15
12
11
11
9
9
9
8
8
-8
8
7
7
-7
7

<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12

PGSC0003DMG402007970
PGSC0003DMG400001221
PGSC0003DMG400020844
PGSC0003DMG400016462
PGSC0003DMG400019971
PGSC0003DMG400025433
PGSC0003DMG400030542
PGSC0003DMG400028488
PGSC0003DMG400006735
PGSC0003DMG400018791
PGSC0003DMG400028818
PGSC0003DMG400000066
PGSC0003DMG400006624
PGSC0003DMG400020481
PGSC0003DMG400025953
PGSC0003DMG400014284
PGSC0003DMG400015196
PGSC0003DMG402010056
PGSC0003DMG400028048

Expression of HSPs is known to be elevated under heat stress and water deprivation57. HSPs prevent
aggregation of non-native proteins and refold damaged proteins57, which is crucial for normal cell
function. Over-expression of certain HSPs have led to increased drought tolerance16 confirming their
role in maintaining cellular homeostasis under drought stress which is one of the main limitations
when cell are experiencing water scarcity. More specifically three of the HSPs in the list are HSP40 cochaperones which belong the HSP70 family57. The DnaJ motif in present in these three genes interacts
with HSP70 by activating the HSP70 ATPase domain58 required for HSP70 function. HSP70 itself is
highly expressed under both control and drought, but requires HSP40 for activation. The HSP70 family
confers drought tolerance in plants and this role is verified with different HSP70 genes in different
species57. Therefore the finding that these specific HSPs are triggered in drought-stressed potato
might provide further possibilities to focus on breeding strategies that incorporate these elements of
drought tolerance.
Another interesting finding is the up-regulation of a chaperonin-like protein that has homology to the
rbcX gene, which ensures proper folding, assembly, and subsequent activation of RuBisCO. This
chaperone in particular might be an important factor for drought tolerance as RuBisCO activity directly
influences photosynthetic efficiency, and photosynthesis is the main prerequisite for plant life. The
exact function of rbcX under stressed conditions is however still unknown, and results are ambiguous
as some stress conditions elevate rbcX expression whereas others depress expression59. No sequence
homology was found for the third highest up-regulated gene (PGSC0003DMG400020844). This
conserved gene of unknown function is expressed under control at average levels but increases to
levels that are matched only by very highly expressed genes such as RuBisCO. Plants have developed
different mechanisms to adapt to a drought environment such as escaping drought by flowering early,
adaptation to drought by developing a deep and sophisticated root system or tolerating the drought
through molecular adaptation60. The latter of these three is by far the most interesting for breeders as
the tolerance is usually accomplished by only a small repartitioning of available resources. Expression
of tolerance genes in combination with a proper signaling mechanism further provide a mechanism
that is activated exclusively when necessary ensuing minimal drag when water is plentiful. The HSP
mentioned before are an example of drought tolerance.
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3.2.2

Gene Set Enrichment Analysis of differentially expressed genes

Manual analysis is only feasible for a small subset of genes like those in table 2. The total number of
differentially expressed genes with a threshold of multiple testing corrected p-value < 0.01 was 8,180
rendering manual analysis impossible. A fold change threshold of 1.5 was set to limit the genes of
interest to those with a highest probability of being biologically significant, yielding a gene list of 1,730
differentially expressed genes. To test which biological processes underlie these genes a Fisher exact
GO enrichment test was used. Correction for multiple testing was applied using the Benjamini &
Yekutieli method61 as the “weight” algorithm produces tests that are not independent 51. The list of
most significantly overrepresented GO terms is given in table 3.
Table 3 Overview of the 10 most significant over or under represented GO terms by GSEA analysis using Fisher’s exact
test in combination with the topGO51 weight01 algorithm to deal with GO database structure. Tests were performed for
all three GO categories.

GOID

Biological process

P-value

GO:0005985
GO:0006270
GO:0009414
GO:0006073
GO:0008283
GO:0009266
GO:0010389
GO:0042545
GO:0051329
GO:0006334
GO:0044247
GO:0051322
GO:0015743
GO:0009765
GO:0006011
GO:0010466
GO:0016572
GO:0018298

sucrose metabolic process
DNA replication initiation
response to water deprivation
cellular glucan metabolic process
cell proliferation
response to temperature stimulus
regulation of G2/M transition of mitotic cell cycle
cell wall modification
interphase of mitotic cell cycle
nucleosome assembly
cellular polysaccharide catabolic process
anaphase
malate transport
photosynthesis, light harvesting
UDP-glucose metabolic process
negative regulation of peptidase activity
histone phosphorylation
protein-chromophore linkage

P<0.001
P<0.001
P<0.001
P<0.001
P<0.001
P<0.001
P<0.001
P<0.001
P<0.001
P<0.001
P<0.001
P<0.001
P<0.001
P<0.001
P<0.001
P<0.001
P<0.001
P<0.001

GOID

Molecular function

GO:0005506
GO:0016760
GO:0016831
GO:0016701
GO:0046906
GO:0016762
GO:0004867
GO:0015301
GO:0015140
GO:0000976
GO:0030599

iron ion binding
cellulose synthase (UDP-forming) activity
carboxy-lyase activity
oxidoreductase activity, acting on single donors with incorporation of molecular oxygen
tetrapyrrole binding
xyloglucan:xyloglucosyltransferase activity
serine-type endopeptidase inhibitor activity
anion:anionantiporter activity
malate transmembrane transporter activity
transcription regulatory region sequence-specific DNA binding
pectinesterase activity

GOID

Cellular component

GO:0000786
GO:0005618
GO:0005576
GO:0022626
GO:0031226

nucleosome
cell wall
extracellular region
cytosolic ribosome
intrinsic to plasma membrane

P<0.001
P<0.001
P<0.001
P<0.001
P<0.001
P<0.001
P<0.001
P<0.001
P<0.001
P<0.001
P<0.001

P<0.001
P<0.001
P<0.001
P<0.001
P<0.001
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Clearly the abiotic stress was sensed at the early sampling stage with several related GO terms at the
top of the biological process section in table 3 including biological processes in response to water
deprivation and changes in temperature. Several of the significant (biological process) GO Identifiers
indicate the involvement of a biological pathway that involves Mini-Chromosome Maintenance (MCM)
proteins and DNA replication licensing factors. These are essential for cell division and thus growth.
Cell division appears to be affected at four days after stress initiation as DNA replication licensing
factors and MCM proteins are down-regulated due to the stress treatment. Whether this is the result
of resource repartitioning towards maintaining accumulated biomass (active adaptation) or simply that
growth conditions are unfavourable (passive adaptation) cannot be concluded.
The stress related GO terms related to water and temperature stress were further looked into.
Specifically affected genes are HSPs, dehydrins, oxidoreductases (radical oxygen scavenging), and ion
transporters. Several GO terms in table 3 have links to sugar and cell wall metabolism and the
associated genes are involved in various biological functions such as pectin metabolism, starch
synthesis, and cellulose synthesis. Other noteworthy processes are changes in photosynthesis and
malate transport. For molecular function Gene Ontology, enrichment for cellulose and growth related
activities were found in combination with malate trans membrane transport. Malate is hypothesized to
be one of the anions that leads to stomatal closure when malate is transported to a guard cell 62.
Genes underlying the iron ion binding GO term were oxygenases such as cytochrome p450,
lipoxygenases, and hydroxylases. Overrepresentation can be related to oxidative stress that is known
to occur upon water deprivation63. Reduction of oxidative stress is a natural mechanism to obtain
drought tolerance and naturally occurring drought tolerant species have been shown to possess
complex antioxidant mechanisms64. The cellular component GO terms indicate that nearly all cell
compartments undergo significant changes. Membranes of different cell compartments seem to have
an important role as well, whether they have a specific role or are merely affected by drought remains
to be determined.
Genes involved in the circadian clock were overrepresented within the most significantly down or up
regulated genes in table 3 in the previous section and were picked up by the GO enrichment analysis
at a p-value <0.05. In the following section a more in depth approach is attempted to find which
genes govern the association between flowering and drought.

3.2.3

Hints for a drought response involving the circadian clock

Additional to acquired drought tolerance through expression of HSPs and other drought tolerance
related genes another possibly far less desirable mechanism for drought adaptation seems to be
triggered. The group of genes with the largest expression differences between control and drought
display an overrepresentation of circadian clock and flowering associated proteins (indicated in gray in
table 2). Early flowering has been reported in potato and is common in many species under drought
conditions. Early flowering effectively decreases the growth period leading to severe yield loss.
Studies directed at unravelling the genes behind photoperiodic control and flowering have shown that
some of the same genes are implicated in the tuberization signal65-66. One of these genes cycling dof
factor (StCDF1) that is shown to be the causal gene through which modern potato can form tubers at
northern latitudes with long day conditions66.
These types of genes are can be targets to attain increased yields as optimal photoperiodic regulation
is the difference between having hardly any yield (wild potato) and yields that outpace even other
staple crops (cultivated potato). We therefore focused on the effect of drought on genes related to
photoperiodic control.
The analysis of this dataset confirmed several interactions in the proposed model for the regulation of
tuber development66. This model involves several genes known to be involved in the circadian clock
and the onset of flowering such as FLAVIN-BINDING KELCH REPEAT F-BOX PROTEIN 1 (StFKF1),
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CONSTANS (StCO1), and GIGANTEA (StGI1). Upon drought treatment StFKF1 is highly upregulated
which coincides with down regulation of StCDF1 in accordance to the model. The StGI1 gene itself is
not represented on the microarray. A homologue however is upregulated 9 fold, as shown in table 2.
Unfortunately the FLOWERING LOCUS T paralogue (StSP6A) that precedes tuberization is not
represented on the POCI microarray. None of the StSP6a family members65 in potato are in the list of
differentially expressed genes in this experiment. The observed down regulation of StCO1 under
drought may lead to the induction of the StSP6A tuberization signal based on the model. The samples
under drought however display a profound reduction in yield and it would be interesting to see
whether the expression of StCO1 under drought relates to a difference in yield as it also plays an
important role in the tuberization pathway depicted in figure 14.

Figure 14 Model for the regulation of tuber development. Green represents aerial plant organs, the tuber is shown in
brown and the overlap represents leaf, stem and stolon. The lines represent induction (R) or repression (x). The red arrow
represents transport. StCDF1acts as an indirect inducer of StSP6A (dotted arrow). Adapated from66.
Further interactions of flowering time and circadian
rhythm are found through the highly up-regulated
COR27 homologue which is found to be induced by
cold in Arabidopsis and regulated by the circadian
clock at elevated temperatures67. The overall
sequence homology of this specific gene to the
Arabidopsis COR27 gene is fairly low at 53.1%, 5
areas showing overlap with a maximum of 127 base
pairs and an e-value of 1e-10. Thus in potato the
gene might constitute an altered function.
Interestingly a gene that is directly linked to
photoperiodic control, Early Flowering4 (ELF4), is
differentially expressed with a 29-fold up-regulation
under drought, as shown in figure 16. The
disruption phenotype (ELF4 mutant) displays an
early flowering phenotype68 and ELF4 is one of the
main participants in the circadian clock mechanism
that has been characterised so far69, as depicted in
figure 15.

Figure 15 Role of ELF4 in known loops in the
circadian clock. ELF4 is an additional switch linking
different loops in central circadian clock network69.

Changes in photoperiodic control may be coming from the regulation of ELF4. ELF4 is implicated in the
transition from evening to night in the circadian day and night rhythm and the expression oscillates
between day and night70. Sampling time plays an important role in determining an effect for this gene.
Control and drought stressed plants were grown separately and harvested leafs could have a
(minimal) time interval between them.
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Figure 16 Expression values of the ELF4 (left) gene under control and under drought (y-axis) for the 94 CxE progeny
from left to right in random order (x-axis) and expression values of the COR27Arabidopsis homologue (right) under
control and under drought (y-axis) for the 94 CxE progeny from left to right in random order (x-axis).
The overexpression of ELF4 during full daylight may be of great influence on the resulting phenotype.
ELF4 has a central role in the circadian clock and is essential for the daily reoccurring adjustment of
the circadian clock to day length called entrainment69. It is difficult to assess the function based on
one time point but certainly the finding that this gene, that is normally silent during full-day light, is
highly expressed at daylight under drought is intriguing. The single genotype (CE165) that did not
over-express ELF4 under drought had no significant changes for any of the genes in table 2.
Furthermore the gene expression over all 25,966 probes showed an unusual high correlation (0.99)
with expression data under control conditions. As at this point in time it cannot be ruled out whether
this genotype is truly this different in its gene expression profile or that there was a mix-up of leaf
RNA in the experiment. The choice was made to retain this genotype as there is no hard proof of an
experimental mix-up.
Speculating on the finding that ELF4 is induced under drought; this could indicate a possible change in
photoperiod control or a switch to night-mode to inhibit photosynthesis and stomatal closure to reduce
water loss. The involvement of the circadian clock (and closely linked tuberization signal) in the
drought response might be an explanation for the severe yield loss in tuber yield (>80%) that was
found in the work of Anithakumari9, although overall biomass yield reduction was less severe at 40%.
For potato the harvested product is not essential for sexual reproduction. In stressed conditions this
developmental phase might be immediately hampered as energy and water flows are diverted to more
essential developmental processes that ensure pollination and subsequent reproduction.
A difficulty however is the mentioned photoperiodic dependency of the genes in question. The leaf RNA
originates from a single time point in which some photoperiodic genes might be expressed and others
are not. Any conclusion further than that there is a response to drought that involves photoperiodic
control and perturbations to this mechanism remains elusive. The finding however that tuber yield is
greatly reduced under drought, significantly more than the reduction in overall biomass, might
indicate that indeed there is negative regulation of the aforementioned tuberization mechanism that is
regulated through photoperiodically controlled genes. However at this point this is purely speculation
with some indications that photoperiodically controlled genes are induced by drought and that this
could have a link to tuber yield. The yield reduction could for instance also be explained by a shortage
of assimilates.
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Through targeted breeding the natural response that inhibits tuber formation might be overcome in
the future as flowering and tuberization are regulated via different pathways 65, however there is
strong overlap. Attaining this goal would therefore require substantial molecular knowledge of the
underlying mechanisms and interactions. This study gives a basis to select genes that have a good
chance of transpiring into important factors within tuberization and circadian clock pathways in
response to stress. These could in return be used to reduce the severe yield loss induced by drought.
Many genes known to regulate the circadian oscillator and flowering are differentially expressed such
as StFKF1, StCO1, StCDF1, and ELF4. ELF4 has not been extensively reviewed in literature in potato
but its responsiveness to drought is an indication this might be worthwhile indeed.
Drought induces a lot of changes in relation to the circadian clock that may shed light on the function
of these genes and their biological role. This type of drought treatment could therefore also be
considered as selection tool. Due to its relative ease (withhold water) and low costs it might be an
interesting option as preliminary study to select interesting genes for further research of tuberization
and flowering regulation.

3.3

Genotypic differences within drought treatment

3.3.1

Genotype clustering

Many abiotic stress responses are
triggered in the CxE progeny for which
irrigation was withheld for three weeks
compared to the progeny that had
sufficient irrigation, as described in the
previous section. The genotypes in the
CxE progeny furthermore display a
large divergence in the ability to
recover from the drought treatment.
After restoring irrigation for the
drought stressed plants some are able
to recover immediately while others
still show rather severe senescence9, as
shown in figure 17. The expression
data at four days after stress initiation
was used as predictor variable for the
observed phenotype at the end of the
drought treatment.

Figure 17 CxE progeny showing contrasting responses after 21 days

of drought period and one day recovery9.

The complete dataset with expression data from all control and drought treated samples was clustered
using absolute correlation distance as distance measure in combination with Ward’s clustering71
(figure 18) with the significance depicted on the y-axis. The p-value is a measure for the difference in
significance of the globaltest for differential expression between control and drought contributed by
this sample. The general pattern is that a genotype correlates best with itself under the two different
experimental conditions. Even though the drought experiment induces changes in expression levels of
many genes, the expression similarities between two genetically identical progeny is stronger than the
effect of the experimental condition. A compelling finding is that the overall expression pattern is very
similar for a specific subset of the CxE progeny under drought (indicated in fig. 19 with an arrow).
Moreover, these samples strongly contribute to the test statistic for differences between control and
drought.
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Figure 18 Clustering of the CxE progeny based on expression values of significantly expressed probes (25,966). Bars
represent sample under control (green) or under drought stressed condition (red). The p-value (y-axis) is a measure of
deviance from the mean expression pattern over all samples. The cluster of drought treated plants with a correlation
larger than 0.4 is indicated by the arrow.
The grouped genotypes indicates that these samples have similar pattern in relation to each other and
the low p-values indicates that these genotypes deviate from the. Further analysis showed that these
genotypes had correlation coefficients larger than 0.4 to one another. Next the corresponding
phenotypes at the end of the drought treatment were compared between this group and the remaining
drought stressed CxE progeny. A comparison between the two groups was made with an (unbalanced)
ANOVA to see whether the different gene expression pattern of this group translates into an altered
phenotype. From heron a classification is made for the genotypes under drought (red) for either the
Grouped Genotypes (GG) or Ungrouped Genotypes (UG). An overview of the phenotypic traits for
which the group means were significantly different from the other drought-stresses genotypes is given
in table 4.
Table 4 Overview of phenotypic traits that have significantly different group means comparing phenotypes after the
drought treatment (Grouped Genotypes vs. Ungrouped Genotypes). Traits that were measured in two consecutive years
in two independent greenhouse drought trials are indicated with an asterisk.

Trait and effect

F-test

Increased wilting for GG progeny relative to UG four, six and ten days after stress initiation
Decreased wilting for GG progeny relative to UG eight hours after restoring irrigation
Increased root fresh and dry weight after restoring irrigation for GG progeny relative to UG
Decreased Relative Water Content for GG progeny relative to UG
Increased shoot fresh and dry weight after stress period (*) for GG progeny relative to UG
Increased number of branches after restoring irrigation for GG progeny relative to UG
Increased number of stolon after recovery for GG progeny relative to UG

P < 0.001
P < 0.001
P < 0.01
P < 0.01
P < 0.05
P < 0.05
P < 0.05

The increased wilting signals in the group appear to indicate that these are the more drought-sensitive
genotypes. Wilting symptoms are more severe for this group at the end of the drought period and
their Relative Water Content (RWC) is lower. What is interesting is that upon restoring irrigation this
group displays indications of an improved recovery with significantly less wilting symptoms within the
GG progeny compared to the UG progeny: exactly the opposite of what was measured at multiple time
points during the drought treatment.
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Furthermore
the
amount
of
biomass that is accumulated after
the stress period and after a
recovery period of multiple days
is significantly higher for this
group of genotypes. For biomass
accumulation after the stress
period
the
effect
was
independently verified in two
consecutive
greenhouse
trial
experiments in different years
based on the data collected by
Anithakumari et al10. In both
instances
approximately
15%
more biomass was accumulated
by this group. An example for
shoot dry weight in the 2008
greenhouse experiment is given
in figure 19. This improved
biomass
accumulation
is
independent of maturity type
using the maturity type scoring
provided by Celis et al26 although
maturity is a covariate that can

Despite this, no significant effect
between the two groups was
found for tuber yield, which is
likely related to the fraction of the
CxE progeny that hardly produced
any tubers at all. This is partially
the
result
of
the
drought
treatment and is also influenced
by maturity type (early vs. late).
For both experiments very late
genotypes did not produce tubers.
A visualization of tuber yield vs.
maturity
type
for
the
two
experimental conditions is given
in figure 20. At a p-value
threshold of p <0.05 none of the
tuber related phenotypic data
could be significantly explained by
the two groups assigned based on
the correlations given in figure 18.

Figure 19 Example of fitted and observed relationship in a linear regression
model using maturity type as explanatory variable and the two groups as
factor for genotype grouping.
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Figure 20 Maturity type of the genotypes in this study vs. the tuber yield.
Maturity type is scored from 3 (very late) to 9 (very early). In blue values for
tuber yield in the control experiment is depicted and in red tuber yield for the
drought experiment.
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The GG cluster did produce more stolons after recovery from which tubers can develop so this could
indicate a positive effect on tuber yield. Therefore, although these plants showed more wilting signs
during drought which we may interpret as less tolerant, the results after recovery indicate the
opposite. Under control conditions these two genotype groups had no significant differences in
phenotypic traits for both the 2008 and the 2009 greenhouse trial validating that the response of this
group is drought specific. A globaltest was used to identify genes with distinct expression between the
two groups that may underlie the phenotypic differences. Seven genes were differentially expressed
between the two groups at a Benjamini-Hochberg corrected p-value <0.05 and a fold change
minimum of 1.5, see table 5).
Table 5 Differential expression between the genotypes within the cluster and the remainder based on the expression levels
under drought.
Potato Genome Sequencing Consortium (PGSC) annotation

Fold change

Chromosome

PGSC Gene ID Best Hit

Abscisic acid and environmental stress-inducible protein TAS14

18.8

Chr 02

PGSC0003DMG400003530

Pre-pro-cysteine proteinase

3.5

Chr 04

PGSC0003DMG400003707

Nucleoredoxin

3.2

Chr 04

PGSC0003DMG400009882

Metallothionein

2.6

Chr 09

PGSC0003DMG402008909

Conserved gene of unknown function

-2.1

Chr 04

PGSC0003DMG400007986

Lysine/histidine transporter

2.0

Chr 04

PGSC0003DMG400009969

No significant hit

-1.9

Chr 04

No significant hit

Remarkably the expression of a known drought tolerance dehydrin gene characterized in S.
lycopersicum (TAS14) was expressed at high levels in this group. Reported functionalities of dehydrins
range from membrane stabilization to radical oxygen scavenging 72. Dehydrins accumulate in various
tissues during different vegetative phases and in response to dehydration stress 72. This TAS14
dehydrin was first identified in tomato as salt tolerance gene73 and is induced by elevated abscisic acid
(ABA) levels. Overexpression of TAS14 rendered tomato plants significantly more drought tolerant in
terms of biomass production and hydration status17. In addition, salt tolerance was increased thus
establishing a role in improving osmotic stress tolerance17. Drought tolerance genes are often
accompanied by negative effects on growth or yield 8 however the constitutive overexpression of
TAS14 did not influence growth and increased drought tolerance at different severities of drought17.
Another gene expression study in potato performed experiments on a drought tolerant accession,
397077.16, and a drought sensitive cultivated variety, Canchan. This study also found that TAS14 was
up-regulated in the drought tolerant accession and was not induced by drought in the drought
sensitive variety Canchan. The CxE population seems to indicate a similar co-occurrence between this
gene and drought tolerance. The study also identified the induction of thionenins and redoxins in the
drought tolerant accession which are also among the induced genes given in table 5. The TAS14 gene,
the nucleoredoxin and the metallothionein are therefore marked as interesting candidates for
mechanisms of drought tolerance in potato. Two independent experiments, with different potato
varieties and drought conditions, identify the induction of these genes as accompanied by drought
tolerance in potato.
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Further evidence is implied by the expression QTL (eQTL) of TAS14 that maps to chromosome 2. The
location of the eQTL confidence interval maps within a phenotypic drought QTL (phQTL) for shoot dry
weight after restoring irrigation9. The exact molecular mechanism by which TAS14 operates is still
unclear though. It is known that TAS14 is of the subtype YSK 2 which are shown to bind and stabilize
lipid bilayers72. Plants suffer from membrane destabilization due to water deprivation so there might
be a relationship to membrane stabilization. Another interesting finding is the upregulation of a
nucleoredoxin and a mettallothionein known to alleviate oxidative stress 74. Five of the differentially
expressed genes map to chromosome 4, within a 3Mb interval, however no phenotypic QTLs map to
this location.
To summarize these results: Increased expression of TAS14 gene is a feature of the group of clustered
genotypes that exhibited a superior phenotype in terms of response to drought for different observed
traits. This cluster is based on the expression of all microarray probes. The underlying signaling
pathway leading to elevated TAS14 expression might also play a role in reprogramming the genome
towards drought adaptation. This hypothesis is further supported by the finding that these genotypes
cluster together under drought but not under well-watered conditions. The TAS14 gene did not induce
a yield loss in tomato nor did it induce changes in morphology 17 thus so far there is no indication that
this genes causes unfavorable traits that could hamper its use for introgression in elite cultivars.
Furthermore the gene provides flexibility drought tolerance under different environmental conditions,
including salt stress, characterizes TAS14 as an interesting candidate for further study in potato as is
also verified in another species (S. lycopersicum).

3.3.2

Principal Components Analysis

The analyses with the correlated dehydrin cluster demonstrated that the expression profile over all
probes had explanatory power for phenotypic traits and thus can be used as predictor for those traits.
However, the criteria for selecting the cluster was chosen rather arbitrarily at a 0.4 correlation cutoff
and therefore a reproducible method was applied as every new analysis would include an arbitrary
correlation threshold to assign clusters. Principal Components (PC) analysis groups highly correlated
genotypes together so the assigned cluster should be grouped as well in a PC analysis. PC analysis has
the advantage that it produces continuous PC score values for the different samples for each of the
principal component axes allowing more powerful statistical testing while reducing the complexity of
the dataset. The advantage of a continuous score instead of a binary one (part of the red cluster / not
part of the red cluster) could be that differences within the groups are also taken into account and
these differences could possibly further quantify the gene expression relationships to drought
tolerance. A visualization of PC analysis of the complete dataset is depicted in figure 21.
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Figure 21 PC analysis with the first principal component on x-axis and the second principal component on the y-axis. In
green are control samples, in red and blue drought stressed samples with the previously assigned cluster in blue and the
rest in red. Ellipses represent a 1-sigma bivariate normal data ellipse.
The differences between the control
treatment and drought treatment are
a combination of the 1st and 2nd
principal component, illustrated in
figure 21. Drought-stressed samples
are mainly separated on the first
principal component. The previously
assigned cluster with indications of a
superior phenotype in terms of
drought tolerance correlated with a
positive value for the first principal
component although there are several
exceptions. A separate PC analysis
was performed on the drought
Figure 22 PC analysis of drought expression data for the two grouped
expression data, shown figure 22,
genotypes. The group with on average high dehydrin expression coincide
which shows a similar segregation with a high value for the 1st PC.
along the first principal component.

The expression data of genotypes within the cluster (GG) indicated the TAS14 gene as a drought
tolerance candidate. The position of a genotype on a principal component is used in a similar fashion
to identify more candidates. A linear regression model using the principal component value for a given
genotype was used as predictor variable for 49 phenotypic traits. The first principal component has
significant explanatory power for many of the drought-tolerance related phenotypic traits, as shown in
table 6. The 2nd principal component did not explain any of the phenotypic traits at a p-value cutoff
<0.05 nor for drought vs. control phenotypic traits. The 2nd principal component therefore shows no
indication of a relation between the 2nd principal component and differences in phenotype that can be
linked to the gene expression in a further step.
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Table 6 Overview of phenotypic traits of which the regression coefficient significantly deviates from 0 using the first
principal component as predictor variable. Traits that were measured in two consecutive years in two independent
greenhouse drought trials with both a significant result for the regression analysis are indicated with an asterisk.

Effect of predictor on trait

F-test

Positive relationship with wilting four, six and ten days after stress initiation

P < 0.001

Positive relationship with shoot dry weight after stress period (*)

P < 0.001

Positive relationship with root fresh and dry weight after recovery period

P < 0.001

Positive relationship with plant height

P < 0.001

Positive relationship with root dry weight after stress period

P < 0.001

Negative relationship with wilting eight hours after restoring irrigation

P < 0.01

Positive relationship root length after stress period

P < 0.01

Negative relationship to the ratio shoot/root biomass after restoring irrigation

P < 0.01

Positive relationship with stolon formation

P < 0.05

Negative relationship with leaf senescence after recovery period

P < 0.05

Positive relationship with number of branches after recovery period

P < 0.05

Negative relationship with Relative Water Content after stress period

P < 0.05

Positive relationship with plant height after recovery

P < 0.05

Positive relationship with shoot fresh and dry weight after stress period (*)

P < 0.05

Positive relationship with number of branches after restoring irrigation

P < 0.05

Positive relationship with shoot fresh and dry weight after recovery period (*)

P < 0.05

Negative relationship with maturity type (increased earliness for high PC1 coordinate)

P < 0.05

The first principal component assigned similar groups based on correlation but provided a more
powerful predictor for the phenotype compared to the previously assigned groups based on the
significance of the F-test. Again, genotypes with a high score on PC1 on average has less wilting sings
during drought stress and were better able to recover after restoring irrigation. Moreover, even more
biomass traits are significantly explained by the first principal component. Phenotypic data was
collected in two separate experiments in two consecutive years and for some phenotypic traits data
was available for both experiments. Interestingly shoot dry weight after the drought treatment is
significantly positively related to the 1st principal component score value and is confirmed in
phenotypic datasets from the greenhouse trials both years. The explained phenotypic variance was
11.2% and 21.4% for the 2008 and 2009 greenhouse experiments respectively.
Additionally a weak interaction between PC1 and maturity type was found. As mentioned in the
previous chapter, maturity plays an important role in the adaptation of potato to differences in day
length at northern latitudes. Further dissection showed that the explained variance however was fairly
low at 3.8% between PC1 and maturity type. This suggests that although the 1st PC is slightly aliased
with maturity type there are likely other factors that have a far larger contribution, i.e. mechanisms
that lead to increased drought tolerance. For the cluster identified in the previous section a similar
significant relationship between the cluster and maturity type. This result, like is the case for the 1 st
PC, is caused by three very late genotypes that are in the cluster and have a high value for the 1 st PC.
Excluding these results in a p-value >0.1. The shoot dry weight multiyear result for PC1 for instance
was not significantly explained by maturity type with 0.3% and 3.0% explained variance for the 2008
and 2009 experiment respectively. Maturity type did however have a very significant effect on various
biomass traits, especially for tuber yield related traits. Only very early genotypes formed tubers and
late genotypes hardly formed any tubers in the experiment. This effect was exacerbated by the
drought treatment which unfortunately makes tuber traits unreliable to use in further analysis. In the
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QTL analysis by Anithakumari many phenotypic traits coincided with the maturity locus on
chromosome 510. Therefore although the effect of maturity type seems negligible in this analysis,
caution will have to be made in other steps to make sure the effect is not adequately explained by the
maturity locus rather.
A weakness of this analysis is that the 1st principal component under drought also has significant
predictive value for the phenotype under control conditions for several biomass traits. This indicates
that genotypic differences within this population explain a part of the variation in phenotypic traits
that is unrelated to the drought treatment structure. However, the explained variance is lower under
control conditions for all significant traits with a maximum of 10% for the shoot dry weight in the 2009
greenhouse experiment. Under drought the explained variance was 21.4%. This is also depicted in
figure 21 as the bulk of genotypes colored in red only show a minor offset in both the 1 st and 2nd
principal component and thus are relative well correlated with control conditions. Only under drought
there is a clear separation on the 1st principal component for approximate one third of the genotypes
that indicates that the expression of many genes is altered in response to drought. For the 1st PC no
significant effect was found on tuber related traits likely due to the lack of tuber formation in a large
fraction of the samples in this study. This lack of statistical power makes it difficult if not impossible
to relate tuber traits to expression data.
Overall the biomass traits that are significantly explained by the 1st PC show relationships to drought
tolerance. Overall there is positive relation between the 1 st PC and plant length and biomass
accumulation in for both shoots and roots. Furthermore, the wilting symptoms are more severe during
drought but, recovery is faster as indicated by reduced wilting eight hours after restoring irrigation.
For tuber traits there is no statistical foundation to relate expression data to phenotypic data.
An additional effort was made to identify genes that are associated with the 1st principal component. A
total of 9,072 genes had a significant predictive power at a p-value threshold of p <0.01 in a linear
globaltest regression of the 1st PC and the expression data of the samples under the drought
treatment. An overview of the twenty-five most significantly differentially expressed genes is given in
table 7. The fold change is given as indicator of up- or down-regulation of the genes in question.
Strikingly twelve out of the twenty-five are involved in a biological process that is at the basis of cell
proliferation. Replication licensing factors and Mini-Chromosome Maintenance (MCM) proteins are
essential for DNA duplication and subsequent cell division75. Multiple studies have concluded that
abiotic stress constrains the cell proliferation apparatus76.
Furthermore the DNA licensing complex ensures that the genome is only duplicated once per cell
division. The repression of these genes in genotypes that are at the right-hand side of the 1st principal
component may indicate that cell growth was effectively halted as this machinery is essential for cell
division.
Interestingly S-Phase Kinase-Associated Protein 2A (SKP2A) is induced. The protein product of this
gene is targeted for degradation by direct interaction with auxin 77. Overexpression gives rise to
increased osmotic stress tolerance induced by elevated levels of sugar through an unknown
mechanism78. Moreover SKP2A is suggested as intermediate signaling mechanism between auxin
levels and cell division77. Induction of SKP2A in leaves under drought is in agreement with the general
finding that auxin levels decrease in drought stressed tissues 79 and therefore this gene may be
considered as an interesting candidate for novel mechanisms of drought tolerance.
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Table 7 Globaltest linear regression results of the 1stprinicipal component value and gene expressions under drought. Cell
shaded in gray are genes known for their involvement in DNA replication licensing and cell proliferation.

Gene annotation

Fold change P-value Gene ID

Histone chaperone ASF1A
Nucleosome-binding protein
Replication factor A
ABC transporter family protein
DNA binding
enoyl-acpreductase
Minichromosome maintenance 4 protein
DNA replication licensing factor MCM3
Conserved gene of unknown function
Replication factor A
Minichromosome maintenance 5 protein
Histone H3.2
DNA replication licensing factor MCM7
Conserved gene of unknown function
Nucleic acid-binding, OB-fold
CDC45 (Cell division cycle 45)
Ribonucleoside-diphosphatereductase small chain
Acetyltransferase component of pyruvate dehydrogenase
Minichromosome maintenance protein 10 isoform 1
Calreticulin
F-box protein SKP2A
DNA replication licensing factor MCM8
DNA replication licensing factor MCM3
Conserved gene of unknown function

-9.9
8.0
-5.3
6.0
-8.7
-6.6
-7.5
-5.2
-13.3
-4.7
-7.6
-8.3
-8.6
-14.4
-9.8
-6.3
-9.6
-4.1
-4.2
-7.6
4.7
-3.4
-8.3
3.2

<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12
<1e-12

PGSC0003DMG400030514
PGSC0003DMG400000619
PGSC0003DMG403013782
PGSC0003DMG400007141
PGSC0003DMG400029106
PGSC0003DMG400032152
PGSC0003DMG400030968
PGSC0003DMG400008308
PGSC0003DMG400018341
PGSC0003DMG403013782
PGSC0003DMG400011837
PGSC0003DMG400025246
PGSC0003DMG400009040
PGSC0003DMG400018341
PGSC0003DMG400008876
PGSC0003DMG400027946
PGSC0003DMG400020253
PGSC0003DMG400012966
PGSC0003DMG400006190
PGSC0003DMG400002776
PGSC0003DMG400024857
No significant hit
PGSC0003DMG400008308
PGSC0003DMG400018529

A hypothesis based on this data can be that there is a mechanism by which drought is sensed at an
early stage. The early drought response signaling mechanism may stop cell division by removing the
prerequisites for DNA replication. Subsequently, these measures induce a reduction of water
consumption. Further indications of that this process is involved in the response to drought is provided
in chapter 4 where a candidate master regulator (shaded in dark gray in table 7) for drought
perception is linked to a large set of the DNA replication licensing proteins listed below through gene
regulatory network inference methods. In the following section a set of genes is selected for
regression of gene expression as predictor for various phenotypic traits through the OmicsFusion54
web application.

3.3.3

OmicsFusion quality control

In the previous section a gene set was created of candidates that are related to the 1st principal
component of the PCA on the gene expression dataset. This list is too extensive to analyze manually
comprising 9,072 probes. Additional selection was applied by selecting genes with an Inter Quartile
Range (IQR) of at least 0.58 to reduce computation time while presumably retaining the bulk of the
interesting genes. Motivation for this selection criterion is based on the robustness of IQR as measure
of variability within a dataset. Probes with an IQR of 0.58 have a fold change of at least 1.5 between
the first and the third quartile of probe intensities. The motivation for this choice is that genes showing
(variation in expression within the drought experiment between the different genotypes. These genes
will be more likely to explain phenotypic data while reducing the number of genes reduces
computation complexity. This further selection resulted in a list of 2,597 probes, which were used for
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the OmicsFusion regression analysis. As mentioned before, some of the variance captured by the first
principal component is confounded with non-drought related effects on biomass as this principal
component also explains some of the variation in control plants. The explained variance under control
was only a fraction of that under drought so this was considered a negligible factor.
Phenotypic data was corrected for maturity type to reduce the effect of drought tolerance that can be
attributed to differences in maturity. The leaf RNA that was sampled from the progeny is likely
influenced by the differences in maturity as the onset of tuberization and stolon formation is the most
critical phase for drought tolerance55 and stolon formation precedes tuberization. A model with
maturity type as predictor is used to negate the effect of maturity type by correcting for the fitted
values. By removing the effect of maturity type, the power to detect genes that improve tuber yield
under drought stress should be increased.
The univariate and penalized regression methods applied by OmicsFusion assume normally distributed
data54. Tuber yield data is related to contrasts in maturity type in this population. Early genotypes
produced vastly more tubers than late genotypes for this type of maturity type scoring method. These
early genotypes additionally have less biomass accumulation in shoot and roots which may indicate
that energy is directed towards tuber formation. On the contrary late genotypes accumulate more
biomass and fewer tubers. The resulting effect on the data distribution is shown figure 23a. After
correction the data seems more suitable for regression analysis, however for this trait, and many
others, the distribution is far from optimal. A negative amount of tubers in figure 23b implies that the
corresponding genotype performed worse than expected based on the maturity type and is merely an
indication that other factors either positively or negatively influence the tuber yield such as
environmental effects and genetic differences unrelated to maturity type.

a)

b)

Figure 23 Histogram of the number of tubers after drought treatment for the 2008 experiment before correcting for
maturity type (a) and after correcting for maturity type (b)
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OmicsFusion additionally applies
random forest regression that does
not assume normally distributed
data. It is however also fairly
sensitive
to
outliers
as
demonstrated for a probe in figure
24. Outliers in both expression
value and phenotypic trait were
likely the reason why the random
forest regression method signified
this probe as important. When
disregarding the encircled five
outliers, the data displayed little
significant relationship between
gene expression and tuber weight.
This step of visualization will
therefore
be
applied
to
all
interesting genes produced by
OmicsFusion
Another important aspect of the
expression data is that some
genes
are
seemingly
not
expressed in one group and are
expressed in another of which an
example is given in figure 25. An
explanation could be that the
microarray probe hybridization is
significantly
changed
due
to
presence of allelic variation within
the probe sequence such as the
presence of a SNP or a different
allele of the same gene27. This
effect was shown to be present for
approximately
4.7%
of
the
probes27 and visualization of the
OmicsFusion
regression
result
therefore remains an important
step
for
verifying
significant
probes. Many of the significant
relationships between expression
data and the phenotypic trait are
related to these outliers

Figure 24 Expression value of probe MICRO.3850.C1 vs tuber weight after
recovery visualized by OmicsFusion54. Red dots indicate the 94 samples.
Outliers in both expression and phenotype encircled in blue influence the
regression result.

Figure 25 Example of possible hybridization issues. Red dots represent the
different genotypes and the black line the linear regression result.
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3.3.4

OmicsFusion results

Analysis of single probes for single
phenotypic traits was considered
unsuitable
due
to
the
aforementioned
non-normality,
outliers in predictor and response,
complications with hybridization
efficiency, and small sample size.
Clustering of highly correlated
phenotypic traits was used to see if
a gene that is important for a
phenotypic trait was also important
for
another
highly
correlated
phenotypic trait. The presence of a
gene for multiple highly correlated
traits was used as ranking step to
produce a list of genes that are
more likely to be associated to the
phenotypic trait. Average linkage
clustering was based on correlations
with the R package pvclust80 as
shown in figure 26.

Figure 26 Hierarchical clustering based correlation with average linkage as
clustering criterion in R package pvclust80. Height is the respective
correlation from 0 (top) to 1 (bottom). In red are eight phenotypic traits for
tuber yield that were measured in two separate greenhouse experiments both
after the drought treatment and after the recovery treatment. In green is data
for eleven root/shoot fresh/dry weight traits for both drought and recovery.

The two encircled clusters were selected for further analysis. Encircled in red is a tuber yield group
consisting of tuber number and weight after the stress period and after recovery for the two
greenhouse experiments in 2008 and 2009. Resolution to detect genes specific for a phenotypic trait is
lost by clustering of phenotypes, the ability to detect indicators for a more general relationship to
increased biomass was assumed to increase by an increase of statistical support. A feature here is that
this is not directly related to drought tolerance but could also identify genes that are important in the
process of for instance accumulation of tuber biomass.
Clustered in the green circle are root and shoot biomass phenotypic traits measured as fresh and dry
weight for two consecutive years and before and after the recovery period. Correlations for various
other traits such as branching, stolon number, plant height, wilting symptoms, root length, root to
shoot ratio, and chlorophyll content were lower than for the traits in the two selected groups and the
choice was made to focus on the other two groups first and see if the results gave incentive to also
look into these traits. Further robustness is achieved through OmicsFusion which ranks predictor
variables by averaging ranks of the importance values of a probe across the chosen regression
methods. An important gene with a strong effect is likely to be high ranking in more regression
methods, which gives additional strength to find true relationships. The regression output of 2,597
genes is reduced to a set of likely candidates that is further analyzed. OmicsFusion ranks were limited
to the fifty most significant and sorted on number of occurrences in this list over the different
phenotypic trait, which introduces bias to general factors rather specific ones. In table 8 the genes
that are in the top fifty for more than five or four phenotypic traits are listed for root & shoot and
tuber yield traits respectively. Interestingly, two heat shock proteins are detected for tuber related
traits which builds on earlier findings that this group of proteins play an important role in adaptation to
drought stress that was applied in the experiment of Anithakumari10.
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Table 8 Genes that were in the top 50 most significantly ranked genes for more than 40% of the clustered phenotypic
traits. Genes shaded in light gray are implicated in stress tolerance in other studies. One gene that is represented in both
tuber yield and root/shoot yield is indicated with an asterisk.

Gene annotation

Root & shoot # top50

PGSC ID

Sterol glucosyltransferase
Harpin-induced 1
Arginase
14-3-3 protein 7
One-helix protein
BRASSINOSTEROID INSENSITIVE 1-associated receptor kinase 1
Galactosyltransferase family protein (*)
Purine transporter
Expansin
Gene of unknown function
Manganese superoxide dismutase
NADH dehydrogenase 1 alpha subcomplex subunit 12
Uridine kinase

7
6
6
6
6
5
5
5
5
5
5
5
5

PGSC0003DMG400024097
PGSC0003DMG401027691
No significant hit
PGSC0003DMG400006415
PGSC0003DMG400025068
PGSC0003DMG402024222
PGSC0003DMG400019731
PGSC0003DMG400009705
PGSC0003DMG400016650
PGSC0003DMG400031107
PGSC0003DMG400022448
PGSC0003DMG402000567
PGSC0003DMG400014372

Gene annotation

Tuber yield # top50

PGSC ID

TDR8 protein (mads-box protein)
Galactosyltransferase family protein (*)
Leucoanthocyanidindioxygenase - Oxidoreductase
Agamous-like MADS-box protein AGL8 homolog
Nucleoside diphosphate kinase
40S ribosomal protein S9
Homeobox-leucine zipper protein ATHB-40
Conserved gene of unknown function
Mitogen-activated protein kinase kinase kinase
Thaumatin
DNA binding protein
Zinc finger protein
Conserved gene of unknown function
Patatin B2
40S ribosomal protein S23
Histone H3.2
60S ribosomal protein L35
Serine-threonine protein kinase, plant-type
Cytoplasmic small heat shock protein class I
Glycine-rich RNA binding protein
dnaj homolog subfamily c member 28-like
1-aminocyclopropane-1-carboxylate oxidase
Actin

7
7
7
6
6
6
5
5
5
5
5
5
4
4
4
4
4
4
4
4
4
4
4

PGSC0003DMG401015205
PGSC0003DMG400019731
PGSC0003DMG400011929
PGSC0003DMG400004081
PGSC0003DMG400031166
PGSC0003DMG400023058
PGSC0003DMG400012682
PGSC0003DMG400002161
PGSC0003DMG400040547
PGSC0003DMG400004259
PGSC0003DMG400033030
PGSC0003DMG400015418
PGSC0003DMG400028535
PGSC0003DMG400008357
PGSC0003DMG400010469
PGSC0003DMG400025261
PGSC0003DMG400030185
PGSC0003DMG402030114
PGSC0003DMG400002028
PGSC0003DMG400000708
PGSC0003DMG400008599
No significant hit
PGSC0003DMG402007428

Only minimal overlap between root/shoot and tuber yield is found with only a galactosyltransferase
(PGSC0003DMG400019731) listed for both phenotypic clusters. This galactosyltransferase has not been
characterized in potato and could be involved in various processes such as protein or sterol
galactosylation. Galactosyltransferases are important for carbon translocation within plants by
galactosylation of Raffinose Family Oligosaccharides (RFO)81. These RFO sugar derivatives are
connected to drought tolerance by a possible role as osmoprotectant82. To validate the results the
regression result was visualized through OmicsFusion54 as shown in figure 27.
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The tuber related data had a small sample size as only early genotypes produced tubers and this
effectively reduced the sample size to approximately twenty under drought. As depicted in figure 27a
this poses a problem for the regression analysis and conclusions related to genes conferring drought
tolerance directly related to tuber yield are not reliable. Root and shoot biomass traits are statistically
better supported in this analysis. The regression, although influenced by outliers, shows a linear
relationship (figure 27b). Increases in expression of galactosyltransferase coincide with increased root
and shoot biomass in multiyear trials. Whether this is the result of increased drought tolerance or that
increased root and shoot biomass coincides with elevated expression of this gene cannot be
determined. Figure 27a is another example why visualization is important as the result seems mainly
driven by the strong outlier.

a)

b)

Figure 27 Visualization of the applied regression with response phenotype on the y-axis and predictor gene expression on
the x-axis for (a) tuber weight after drought and (b) shoot dry weight after recovery.
Interestingly, several known drought tolerance genes are in the list as well, shaded in gray in table 8.
A candidate gene contributing to drought tolerance in potato would be the Manganese Super Oxide
Dismutase (Mn-SOD). Drought stress is a well-known trigger for oxidative stress by restrictions
imposed on the photosystems to reduce water loss through transpiration. Overexpression of a
homologue of this gene in pea conferred drought tolerance in rice83 and superoxide dismutases in
general are instrumental to relieving
oxidative stress caused by various
environmental stresses84-85-86.Manganese
SOD are active in the mitochondria which
are believed to compensate for the
reduction of ATP production by the
photosynthetic pathway during drought86.
Besides increased protection to oxidative
stress as implied in the study in rice83 the
Mn-SOD may be instrumental to ROS
signaling that is thought to be important in
the perception of environmental stress and
subsequent activation stress response87.
The production of ROS in the mitochondria
is hypothesized to lead to a process called Figure 28 Potential signaling pathways for plant MRR.
mitochondrial retrograde regulation by Mitochondrial ROS in red is at the basis of a signal that is
87
which a ROS mediates a signal that is transferred to the nucleus and leads adaptation to oxidative stress .
carried to the nucleus and is translated to
the oxidative stress response87, depicted in figure 28.

36

A further indication of a relationship is found through the visualization tool in OmicsFusion. Two
examples for phenotypic relationships with the expression Mn-SOD are depicted in figure 30. Notably,
the eQTL of this gene is part of the eQTL hotspot on chromosome 5 that is induced in the early
drought response through a trans-eQTL9. A possible (master) regulator on chromosome five may
therefore be the inducer of the Mn-SOD gene of which the expression shows positive relationship root
and shoot phenotypic traits.

a)

b)

Figure 29 Regression plot of Mn-SOD expression vs. root dry weight after recovery (a) and shoot fresh weight after
drought (b)
In table 8 several other genes are highlighted as possible candidates for drought tolerance. Through
visualization of the regression result these could in large be attributed to outliers present in either
phenotypic or expression data. For an overview of several examples, see appendix 1
The decision was made to do no preprocessing on the data to remove outliers as this could lead to
data smoothing or manipulation. Here it was chosen to do the analysis without any such preprocessing
but to check for artifacts of the analysis afterwards. These artifacts turned out to be at the top of the
genes ranked as most interesting so this method requires a revision that addresses the problems
identified with the regression tool in this chapter. A recommendation would be not to use IQR as
selection method for OmicsFusion as this leaves the problem of large expression contrasts from
uncertain origin intact. To produce a more reliable result, the different expression groups should not
be present and display a more continuous variable although for some genes the on-off mechanism
may be the true biological sate. Finally the lack of tuber formation for a vast fraction of the samples
likely reduces the statistical power to detect relationships between gene expression and tuber related
traits.
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3.4

Conclusions

Analysis of differential expression identified the induction and repression of genes involved in the
circadian clock and is therefore indicated as a molecular mechanism that is affected by drought.
Several important genes involved in tuberization, flowering and the circadian clock are induced or
repressed under to drought based on the globaltest. This implication leads to the recommendation to
further study these genes in multiple time points to evaluate their response to drought in time and to
verify that these results are not due to a difference in RNA sampling time. The changes in the
circadian clock may also have downstream effect on the tuberization process. From another point of
view these circadian clock related genes can be studied in detail to produce lines that are optimally
adapted to the day and night rhythm and thus increasing our understanding of these genes could be
of benefit for potato breeders.
Heat Shock Proteins are an essential part of the response to drought and deserve attention for
increased drought tolerance in potato. The candidates belong to the Hsp70/hsp40 family. Gene
Ontology enrichment identified cell growth arrest by inhibition of the DNA replication licensing
machinery as important mechanism induced by drought.
Correlation clustering visualized a phenotypic cluster that had increased superior phenotype under
drought and no downside under control. A feature of this cluster is the expression of the TAS14
dehydrin that has been implied to be an important drought and salt tolerance protein in S.
lycopersicum. Certainly this gene and its regulators are recommended as targets for further research.
Principal components analysis proved to be a convenient tool to show a strong relationship between
gene expression and response to drought, The genes related to the first principal component were
analyzed by OmicsFusion regression. OmicsFusion is can be used to find candidate genes for
phenotypic traits that may be the result of increased drought tolerance. For this dataset OmicsFusion
produced a significant result for the gene expression vs. phenotypic trait regression that was likely the
result of artifacts in the dataset such as discontinuous data distribution by for example allelic or
technical variation but could also be inherent to the expression data for this experiment. Another
explanation can be that some genes are having a discontinuous expression pattern by nature. This
produces two clusters of discontinuous expression values which increases significance for the
regression result. Prudence is therefore called for in interpreting results. A solution could be to a do a
principal components analysis such as described in section 3.2.2. Subsequently an algorithm can
assign two clusters based on the data, and if the 1 sigma normal data ellipse does not overlap this
probe most likely has insufficient quality and can be discarded.
In this study only shoot and root related biomass traits were of sufficient sample size to have
statistical properties suitable for OmicsFusion. Quality control is a vital step for OmicsFusion as
technical discrepancies can produce spurious but highly significant results. Several candidate genes for
drought tolerance emerged of which a Manganese Super Oxide Dismutase is a interesting candidate
for further study for drought tolerance based on multiple findings: a) over-expression over an the pea
ortholog confers drought tolerance in rice83, b) functionality of the gene is implicated in a drought
responsive pathway that is well studied and important in the adaptation of plants to environmental
stress c), the eQTL indicates that this gene is (co-)regulated by/with the early drought response eQTL
hotspot? on chromosome 5, d) the expression of this gene four days after stress initiation is related to
phenotypic traits that are measured at a later time point and are verified in multi-year trials where
high expression of Mn-SOD coincided with increased shoot and root biomass under drought.
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4.

Genome wide regulatory response to drought

4.1

Regulatory potential of chromosome 5 in potato

Computational engineering and modeling has found its way in many aspects of society improving
efficiency by fine tuning error prone human affairs to unprecedented precision. Relatively simple
biological or molecular processes such as biomass growth or protein production can be accurately
modeled with existing techniques and has led to significant improvements in various industrial
processes. Modeling the molecular mechanisms by which a DNA sequence is converted to a
measurable trait is still primarily unresolved. The vast complexity of the intermediate steps, from
transcription to translation and subsequent protein activity, is understated by the finding that every
new discovery leads an equivalent amount of new questions in the field of genomics. The prerequisites
for modeling these complex systems are becoming more feasible everyday due to the advance of
high-throughput technologies.
Many studies in recent years have capitalized on the high-throughput datasets with success producing
new molecular insights and the identification of candidate genes for various traits 88,89,90. For gene
expression data various models have been developed with different underlying statistical methods and
different strengths and weaknesses. In a recent paper published in August 2012 Marbach et al
propose a method that combines various algorithms to model Gene Regulatory Networks (GRN) with
greater accuracy. With the lack of a gold standard in the field of GRN at present this 'wisdom of the
crowds' approach was proven to be superior to each of the algorithms alone and the influence of 'poor'
algorithms was minimal for the overall result. Combined the computational methods could predict 53
until then unknown regulatory interactions in E. coli with an experimentally verified accuracy of
43%88.
The power of these models is therefore tremendous considering molecular and experimental work can
be limited to a small subset of likely candidates with a success rate in the range of 50% for unraveling
new traits and molecular networks. The promise held by these computational technologies could
therefore greatly accelerate our knowledge of biology.
In the 'Genetic Dissection of Drought Tolerance in Potato' study of Anithakumari, , the combination of
expression and genetic data to identify expression QTL (eQTL) led to a striking finding that, under
drought specifically, many trans-eQTL map to chromosome 59, shown in figure 30. The chromosomal
area of 10 cM to which the vast majority maps is adequately separated from the chromosomal position
of the maturity QTL and its operative, CYCLIN DOF FACTOR 1 (StCDF1)66. The hotspot on chromosome
5 is mainly attributed to trans-eQTL, as depicted by the orange bars in figure 30, which hints at the
possibility of a master regulator located in this region that effects the expression of many other genes
under drought. The eQTL analysis was repeated with methods described by Kloosterman et al27 using
R package qtl91 for the variance stabilized data. The results were >99.5% similar to the results
Anithakumari produced. The eQTL analysis is therefore only very minimally affected by the problems
that a simple log transformation can induce at low probe intensities.
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Inferring gene regulatory networks was used as subsequent step to expound on the eQTL results. The
dataset itself has a good experimental setup in terms of detecting regulatory relationships. The CxE
cross can be viewed as a Mendelian randomized subtle perturbations that allows for successful
detection of gene regulatory interactions92. Interactions between genes are inferred more reliably in
gene regulatory network inference when the dataset contains samples with overexpression or
knockout genes. The contrasts that are for instance induced in a regulator can lead to contrasts in the
downstream targets of this gene. This creates a high correlation between this group (regulator and
targets) between the reference treatment and the induction treatment that increases the chance of
detecting the gene regulatory relationships. In this dataset many genes were considered differentially
expressed with relatively large fold changes between the control and drought experiment for
thousands of genes. In addition genotypic variability within the drought experiment is broad in both
gene expression and phenotypic terms, as described in section 3. These features present this dataset
as an excellent candidate for GRN analysis.
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Figure 30 Distribution of eQTLs under control conditions (a) and under drought conditions (b) with cis eQTLs in green
and trans eQTLs in orange.

4.2

Material and methods

Gene regulatory network inference was applied on the reduced dataset of expression values under
drought described in section 3.1.2 (2,597 probes) and a log-ratio dataset of differentially expressed
genes from section 3.2.2 (2,013 probes including duplicates). Data was pre-processed as described in
Chapter 2. A list of candidate regulators was assigned by selecting genes annotated as transcription
factor or annotated by GO as transcription factor. For the cy5 drought data 126 candidate regulators
and 132 for the log-ratio were assigned respectively. The listed transcription factors were used as
candidate regulators for the network inference methods. Three inference methods were applied to the
log-ratio dataset: basic Pearson correlation, Context Likelihood of Relatedness93 (CLR) and GENIE394.
Basic Pearson correlation and GENIE3 were used to infer a regulatory network based on expression
data under drought. GENIE3 can predict directionality and was thus used for this application. GENIE3
has furthermore been the most accurate predictor in various DREAM challenges (Dialogue for Reverse
Engineering Network Assessments and Methods). The Inference algorithm was applied through the
GenePattern95 DREAM network inference platform available at http://dream.broadinstitute.org/gp/pages/index.jsf
as described in88. Wisdom of the crowds approach was applied as suggested by the authors using the
AverageRank algorithm to average over different methods. The 25,000 strongest inferred relationships
were used for network analysis.

40

Inferred networks were visualized in Cytoscape v2.8.396 and analyzed with the Cytoscape plug-in
network analyzer97. The network was visualized for subsequent analysis of the genetic interactions
inferred by the different algorithms in Cytoscape. Essentially four network analyses were performed:
drought (cy5) expression data without prior information (1), drought (cy5) expression data with
transcription factors as prior information (2), log-ratio (cy5/cy3) expression data without prior
information (3), and log-ratio (cy5/cy3) expression data with transcription factors as prior information
(4). Network analyzer was used to calculate the degree of interactions and the betweenness centrality
of each node (gene) in the network. Betweenness centrality is a measure of centrality of a node within
the entire network. It is a combination of both the number of interactions of a given node and its
importance in the network by calculating how many times this node is the shortest paths between all
combinations of connected nodes. These traits were used as measure for relative importance. The
biological function of sub-networks was assayed by the GO-enrichment testing with the Cytoscape
plug-in BinGO98. Overrepresentation of GO terms within a sub-network was based on a Fisher's exact
probability test for 2 x 2 tables (hypergeometric test) with Benjamini & Hochberg False Discovery Rate
(FDR) correction and a significance level of 0.05. GO terms of all probes present on the microarray
were used as reference set for statistical GO enrichment testing. A list of 2,533 candidate eQTL
hotspot master regulators was made by selecting all genes physically located on chromosome 5 as far
as this was known for the POCI microarray, see section 2.1.3.

4.2

Results & discussion

4.2.2

Network analysis

In figure 31 the cy5 network is
visualized
with
several
coregulated
modules
clustered
closely together without prior
information in the form of which
genes are marked as regulators
and are given extra weight in the
network inference methodology.
The network analysis with prior
information is more powerful in
detecting true regulators behind
biological processes88 and is
therefore further on regarded as
a
more
precise
predicted
network. The network without
prior information, however, was
better at capturing the modular
scale-free basis of which gene
regulatory networks consist99.
Capturing
these
modular
biological processes can help in
interpreting the function. Some of
the
modules
indicated
with Figure 31 Network visualization based on the drought gene set of 2,597 probes.
arrows in figure 31 are analyzed The force directed Cytoscape layout was used to separate highly interconnected
modules within the network that likely represent co-regulated groups of genes
in the following sections.
active in a similar biological function.
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The clusters in figure 31 consist of highly similar genes, located on different chromosomes, and are
thus likely regulated within the same biological module in the network. The genes in these clusters
were selected in the transcription factors-based network to find a likely regulator for the
corresponding process. The group of heat shock protein is obviously a prominent group with respect to
drought tolerance.
The favorable characteristics of the dataset prove useful for acquiring information about genes
involved in biological processes that have no direct relationship to drought tolerance. The ribosomal
cluster might be detected because drought favors a low metabolic rate and translation is energy
consuming. The experiment thus allows detection of a broad array of biological modules within the
gene regulatory network. Within the population more drought tolerance genotypes likely have a more
active ribosomal machinery. I therefore suggest that drought can be used as method to study a
system wide response to detect genetic relationships. This may be an interesting experimental
condition to study genome wide system biology due to the vast genetic reprogramming that is induced
by drought. Furthermore drought is an easy, cheap and genome wide perturbation that allows for
detection of these kinds of out-of-the-box biological processes.

The HSP nodes in figure 31 were selected
in the transcription factor based network
to identify possible regulators of this wellknown drought-tolerance related genes. In
figure 32 the importances of the different
nodes is visualized and in figure 33 the
corresponding sub-network. At the center
of this network is an ethylene responsive
transcriptional
coactivor
(ER24,
PGSC0003DMG400029773) that is closely
related to the Transcriptional Coactivator
Multi-protein Bridging Factor 1c (MBF1).
Overexpression of MBF1 confers tolerance
to various abiotic stresses in A. thaliana100
and thus the S. tuberosum ER24 MBF1
homologue may well have a similar role.

Figure 32 Betweenness centrality (y-axis) vs. number of neighbor
nodes (x-axis). The indicated ER24 clearly stands out within the subnetwork with many interactions (x-axis) and as central hub within the
sub-network (y-axis).
Interestingly the orthologous gene of the S. tuberosum ER24, amongst other regulators, has been
implicated in heat stress response in its close relative S. lycopersicum101. Ethylene responsive factors
have furthermore been implicated in other vegetative tissues as vital heat stress alleviating factors in
S. lycopersicum102. Besides the topological network analysis signifying ER24 as most likely candidate,
the node also had more direct links with the downstream heat shock proteins than any of the other
candidates, as shown in figure 33. Furthermore it is the only regulator that has a direct link to the HSP
transcription factor that is linked to multiple heat shock proteins. A simplified version of the network in
figure 33 is given in figure 34.
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Figure 33 Sub-network of co-regulated HSPs with the direct neighbor’s as candidate regulators. Node size corresponds to
betweenness centrality, a measure of the centrality of the node within the sub-network and node color relates to the amount
of interactions ranging from few (green) to many (red).
The substantial effect of HSPs in relieving
stress
and
maintaining
cellular
homeostasis make these proteins serious
candidates for increased drought tolerance
in potato population. ER24 would therefore
be an interesting candidate for improved
drought tolerance in S. tuberosum. This is
further strengthened by the finding in
section 3.2.1 that many HSP are induced
under drought. The mechanism in which
the MBF1 gene is involved is applicable to
different forms of abiotic stress100. ER24 Figure 34 Simplified version of the sub-network depicted in figure
may also improve tolerance to other types 35.
of abiotic stress if the biological function is
similar to MBF1.
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Similar analysis for the chlorophyll
binding
cluster
yielded
an
uncharacterized
Nucleic
acid
binding
protein
(PGSC0003DMG400008150) that is
connected to each of the light
harvesting
chlorophyll
binding
proteins as shown in figure 35. The
chlorophyll a-b binding proteins act
as antenna nested within the
thylakoid membrane that transfer
electrons
generated
by
the
photosystem103. The genome wide
reprogramming that is induced by
drought influences a wide variety
of genes. This includes biological
units that are silenced due to
stress and this study shows that
these can be detected due to the
drought induced perturbation.

Figure 35 Sub-network of co-regulated chlorophyll binding protein with the
direct neighbors as candidate regulators. Node size corresponds to
betweenness centrality, a measure of the centrality of the node within the
sub-network and node color relates to the number of interactions ranging
from few (green) to many (red)

A third example of the strength of the network
inference methodology to elucidate drought
responsive networks is found in two thylakoid
membrane homologous proteins. In figure 36 two
candidate regulators for two genes that have high
sequence homology to A. thaliana chloroplast
Ribosome release Factor 1 (AtcpRF1). The three
nodes in green are two distinct genes
(PGSC0003DMG400019919 & PGSC0003DMG400004187)
with one node represented by two different
microarray probes for the same gene. The RF1
gene is integral to the chloroplast ribosome
machinery and is located on the thylakoid
membrane. The function is thought to be essential
for chloroplast development as thylakoid did not
form in the absence of RF1104. Based on network
analysis two candidates emerged, a histidyl-tRNA
synthetase and an RF2b transcription factor.

Figure 36 A small sub-network of S. tuberosum genome
homologues to genes on the A. thaliana chloroplast genome.
In red are possible regulators and in green the regulated
genes.

The histidyl-tRNA synthetase was assigned as regulator based the GO annotation, however, its
function as transcription factor is unlikely but may have another function as regulator. The other
candidate, a RF2b homologue, has been characterized as the target through which the rice tungro
virus mediates its disease symptoms105. Plants overexpressing RF2b were not affected by the disease
therefore RF2b was concluded to be essential in the mechanism through which rice tungro virus infects
host plants and displays the disease105. A distinct symptom of this virus is leaf chlorosis and that is in
conjunction with the necessity of RBF1 for chloroplast functioning. Uniting these two studies with the
interactions indicated in figure 36 may suggest that RF2b is essential for the expression of thylakoid
membrane protein RF1 which is turn essential for function and development of the chloroplast.
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The three aforementioned examples of regulators behind network modules were essentially chosen at
random as verification test to find regulators for genes of interest. The biological modules were
selected within the network based on a force-directed layout applied to the network in Cytoscape that
clusters interconnected nodes closely together. The interactions and possible regulators are not
verified experimentally in this study; however, based on literature the results are reasonable. The
analysis could be repeated for many other closely clustered genes to identify regulatory interactions.
The lack of a clustering gold standard that is specifically adapted and verified for this type of analysis
thwarts this effort although promising methods have been developed106. Further analysis was not
attempted awaiting further progress in assigning the biological modules that comprise the complete
genetic network and is beyond the scope of this study. Moreover verification for a few modules is
possible manually but will be difficult to automate. The clusters, indicated previously in figure 31,
indicate that a biologic modular processes can be identified. This demonstrated the effectiveness of
gene regulatory network analysis as a tool to identify co-regulated drought responsive genes as small
biological modules that are easier to interpret.
The influence of drought is expressed in terms of visual and measurable phenotypic effects on the
plants. The most important regulators within the transcription factor based network are likely
important in the adaptation to drought. In table 9 a list of the twelve most prominent regulators is
given for the drought dataset (cy5) and the log-ratio dataset (cy5/cy3). There is strong overlap of
important regulators in the two datasets which confirms the methodology for consistency as the
datasets do not necessarily share overlap. There is a pronounced overrepresentation of drought
response related transcription factors represented by the Homeobox-leucine zipper proteins (HB7,
HB12), heat stress transcription factor (HSFA9), Nuclear Factor Y subunit C-4, and the Abscisic acid
Responsive Element (ABRE) binding factor. The HB7 and HB12 annotated genes are homologs to
Arabidopsis AtHB7 and AtHB12 which are induced by drought and are involved in the regulation of
growth under drought stress by abscisic acid (ABA) mediated gene expression107,108,109. The HB
transcription factors, especially HB7, have a relatively high value for betweenness centrality which
corresponds to a central position with the gene regulatory network. This central position indicates that
the influence of these genes is widespread amongst many different biological sub-networks, or
modules, that comprise a gene regulatory network.
Table 9 List of twelve most influential regulators in the gene universe of the drought data set (cy5) and the log-ratio
dataset (cy5/cy3) derived from the total number of interactions in the network (degree). Betweenness centrality is given as
measure of centrality of the node within the gene regulatory network. Overlaps between the two networks in this top 12
are indicated in gray.

Drought TF based network
Annotation

PGSC ID

Degree

Betweenness centrality

Nuclear factor Y subunit C-4
Homeobox-leucine zipper protein athb-7
Homeobox-leucine zipper protein athb-12
Histidyl-trna synthetase 1
Transcription factor bhlh130-like
HMG-protein
Transcription factor RF2b
Traf type zinc finger domain containing 1
I-box binding factor
Flc-like 1 splice variant 1
Heat stress transcription factor HSFA9
ABRE binding factor

PGSC0003DMG400029106
PGSC0003DMG400012118
PGSC0003DMG400000248
PGSC0003DMG400005646
PGSC0003DMG400022058
PGSC0003DMG400008501
PGSC0003DMG400027599
PGSC0003DMG402002053
PGSC0003DMG400007603
No significant hit
PGSC0003DMG400032793
PGSC0003DMG400008011

1093
1054
885
795
779
702
700
623
606
567
556
554

0.1250563
0.11474935
0.05532354
0.05975841
0.05761177
0.052847
0.04840129
0.02755021
0.02637639
0.02082518
0.01714572
0.02134808
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Table 9 (Continued)

Log-ratio TF based network
Annotation

PGSC ID

Degree

Betweenness centrality

Homeobox-leucine zipper protein athb-7
HMG-protein
Nuclear factor Y subunit C-4
70 kDa subunit of replication protein A
Lanceolate
Homeobox-leucine zipper protein hat5-like
DNA binding protein
Transcription factor RF2b
ABRE binding factor
Homeobox-leucine zipper protein athb-12
Transcription factor
Transcription factor bhlh130-like

PGSC0003DMG400012118
PGSC0003DMG400008501
PGSC0003DMG400029106
PGSC0003DMG400024634
PGSC0003DMG400012396
PGSC0003DMG400025342
PGSC0003DMG402008010
PGSC0003DMG400027599
PGSC0003DMG400008011
PGSC0003DMG400000248
PGSC0003DMG400040232
PGSC0003DMG400022058

796
794
780
759
736
726
719
681
674
648
636
616

0.05774134
0.04233878
0.05150104
0.03623925
0.03554097
0.04081922
0.04860948
0.04920605
0.03084367
0.03673054
0.03516283
0.03698747

Heat shock transcription factors are important for activation of Heat Shock Proteins alleviating heat
and oxidative stress that induce protein misfolding and protein destabilization57. ABA-Responsive
Elements (ABRE) binding factors have an important role in the response to environmental stress 110
and multiple members of this family are a feature of drought and salt tolerant species indicating their
importance in drought tolerance111,112. Finally Nuclear Factor Y (NF-Y) subunits have been implicated
in drought tolerance in different species18.
The general outline based on these findings suggest that network analysis is able to detect regulators
involved in the response to drought which in turn might play a crucial role in activating processes that
confer drought tolerance. These genes are therefore recommended for further study. As ancestors to
drought tolerance mechanism they play a vital role in the early detection of drought subsequently
activating drought tolerance mechanisms. Understanding the function and activation of these
regulators is therefore here suggested as important topic of further study.

4.2.3

Drought response and eQTL analysis through a gene regulatory network perspective

The
eQTL
analysis
by
Anithakumari
revealed
a
regulatory
hotspot
on
chromosome
5
linked
to
drought10, as depicted in figure
37. This therefore calls for
analysis to establish whether
the eQTL hotspot is linked to
this phenotypic QTL hotspot.
The eQTL analysis a confidence
for the eQTL interval was
established by a genome-wide
1,000x permutation test to
identify the log p threshold at a
genome-wide
wide
false
discovery rate of 5%113. The
first marker on the genetic map
that surpasses this threshold is
used as start position for the
eQTL, the marker with the
highest log p value for eQTLs is
given in figure 38 and the last
marker that is above the
threshold is end marker for the
interval.

Figure 37 Genetic map of chromosome 5. Arrows indicate the maturity QTL and
its corresponding gene StCDF1 (blue) and the eQTL hotspot with a
corresponding LOD score based support interval (orange). The StCDF1 gene is
extremely important in this population with nineteen phenotypic trait QTL over
multiyear experiments mapping to its location. The eQTL hotspot has three
phenotypic QTLs for shoot biomass after a period of drought stress.
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The Cycling Dof Factor 1 (StCFD1) maps in the middle of many phenotypic QTLs under drought which
may be an indication that the differences in vegetative phase (early/late flowering) is a crucial
determinant for many phenotypic traits. A closer look at the distribution of eQTL on chromosome in
figure 41indicate that the eQTL hotspot cannot be explained by the maturity QTL and its underlying
gene, StCDF1 as the start of the eQTL hotspot is situated 20 cM apart from this gene. The marker
closest to the StCDF1 in the genetic map of Anithakumari is PotSNP702 which is situated 89,000
basepairs downstream of the StCDF1 gene. This marker anchored to the genetic map at 20 cM in the
map used for the eQTL analysis113 and the eQTL start marker for the eQTLs mapping to the trans eQTL
hotspot is situated at 24 cM (data not shown).
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Number of eQTLs

The StCDF1 gene that underlies the
maturity QTL thus has a very pronounced
influence on the phenotype with many
phenotypic QTLs mapping to this
position. The eQTL hotspot co-localizes
with three phenotypic QTLs for shoot dry
weight, shoot fresh weight and above
ground biomass for the 2009 greenhouse
experiment. The eQTL hotspots is
enriched for trans-eQTL indicating that a
gene or set of genes is or are present at
this location that regulate(s) many other
genes on other chromosomes. This
relatively loose definition of a trans-eQTL
implicates that the total amount of transeQTLs is likely even higher than is
presented in figure 32.
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Figure 38 Distribution of trans eQTL over chromosome 5. There is an
accumulation of eQTL peak LOD between 40 and 50 cM. Colors
represent the start of an eQTL interval (green), the location of eQTL
peak LOD score (red), and stop position of an eQTL interval (blue).

In agreement with the trans-eQTL criterion all genes present on chromosome 5 were considered
possible candidates for the regulation of the eQTL hotspot. Although the eQTL hotspot was more or
less confined to a 10 cM region between 40 cM and 50 cM for the eQTL peak LOD score as shown in
figure 38, the eQTL interval is relatively large ranging from approximately 24 cM to 64 cM based on
permutation test for a 5% genome wide false discovery rate. This lack of resolution was an additional
reason to select all genes on chromosome 5 as possible candidates. The vast accumulation of transeQTL, defined as expression linkage to another chromosome, to a 10 cM interval indicates the
presence at this locus of one or more very important regulators for the early drought response10-113.
The accuracy of the approach to detect regulators in a scale free network was assumed adequately to
attempt to find a master regulator for the early drought response located on chromosome 5 in S.
tuberosum113 based on the results in this section.
A total of 2,533 POCI microarray probes physically mapping to chromosome 5 were selected as
possible candidates. The network was limited to the 25,000 most confident edges based on the
confidence measure averaged over the different network inference algorithms. This reduced the
amount of genes in the network to 1,512 (75%) for the log-ratio data (cy5 / cy3) and 1,997 (77%) for
the drought data (cy5). In table 10 the top three genes located on chromosome 5 with largest
regulatory potential is given for the four networks that were constructed: drought data with and
without transcription factors as prior information and log-ratio data with and without transcription
factors as prior information. One gene in particular scored high in all four networks
(PGSC0003DMG400029106) which is with 92% similarity a homolog of a predicted nuclear transcription
factor Y subunit C-4 (NF-YC) in S. lycopersicum.
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Table 10 Overview of top 3 genes located on chromosome 5 with the most of interactions (degree) with other genes in the
network as measure of regulatory potential.

Annotation

Degree

eQTL

PGSC ID

1068
559
430

Chr 5
NA
NA

PGSC0003DMG400029106
No significant hit
PGSC0003DMG400023341

780
601
409

Chr 5
NA
5

PGSC0003DMG400029106
PGSC0003DMG400023341
PGSC0003DMG400017445

162
105
93

NA
Chr 5
NA

PGSC0003DMG400030514
PGSC0003DMG400029106
PGSC0003DMG400027196

78
73
73

Chr 5
NA

PGSC0003DMG400029106
PGSC0003DMG400023523
PGSC0003DMG400030514

Cy5 transcription factor network
Nuclear transcription factor Y subunit C-4
Flc-like 1 splice variant 1
AG-motif binding protein-1

Log-ratio transcription factor network
Nuclear transcription factor Y subunit C-4
AG-motif binding protein-1
DNA binding protein

Cy5 network
Histone chaperone ASF1A
Nuclear transcription factor Y subunit C-4
Protein phosphatase 2C

Log-ratio network
Nuclear transcription factor Y subunit C-4
Histone h4
Histone chaperone asf1b

NA

Further investigation of the NF-Y subunit C (NF-YC) showed that it had the highest measure of
betweenness centrality in both the cy5 and log-ratio based transcription factor network and is
therefore at the very center of the gene universe. The expression QTL of this gene furthermore maps
to the marker R1 that is situated at 40 cM on chromosome 5 in the genetic map presented by
Anithakumari113. This location coincides with the location at which the majorities of trans-eQTLs on
chromosome 5 have their peak LOD score, see figure 38.
Figure 39 and 40 visualize how the network nodes were clustered with nodes with highest
betweenness centrality in the center through the Cytoscape layout function. Interactions of the NF-YC
are depicted in cyan and node size is proportional to the amount of edges (degree). The NF-YC is
clearly located at the center of the network and has interactions in all directions where a position at
the centre indicates a relatively high value for betweenness centrality. These interactions are directed
towards various different modules of which several were characterized in the previous section. A GO
enrichment on the nodes via the BinGO Cytoscape plugin revealed that the direct neighbors of NF-YC
are involved in cell division, transcription, changes in developmental stage, and the abiotic stress
response.
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Figure 39 Network visualization of the cy5 network without prior information. Genes (nodes) are represented by orange
dots and the interactions of the NF-YC (PGSC0003DMG400029106) are depicted in cyan. Node size corresponds to
amount of interactions (edges) that a note comprises.
The NF-YC was the node with the
highest betweenness centrality
and the node with highest
amount of interactions for the
cy5 transcription factor based
network, shown in figure 40, and
the
log-ratio
network
(not
shown). No other candidate stood
out as clearly as the NF-YC.
Furthermore, it was the only
node that had an eQTL mapping
to the position of eQTL peak on
chromosome 5 and scored high
for centrality in the network
(betweenness centrality) and the
number of interactions (degree).
Figure 40 Network visualization of the cy5 transcription factor network. Genes
(nodes) are represented by orange dots and the interactions of the NF-YC
subunit (PGSC0003DMG400029106) are depicted in cyan. NF-YC node is
depicted in yellow. Node size corresponds to amount of interactions (edges) that
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a note comprises.

To test for an effect of the
number
of
edges
the
degree
of
NF-YC
was
calculated
for
different
numbers of total edges
shown in figure 41. With a
correlation of 0.96 between
total
interactions
and
interactions of the NF-YC it
is safe to say that the
effect of the number of
edges within this interval is
negligible in its network
importance
although
a
higher number of edges
was not tested so it is
unclear whether the linear
relationship continuous.

Nr. of interactions of NF-Y

The cutoff for the number of edges was set rather arbitrary at 25,000 as this was still relatively simple
to handle computationally and there is no statistical method available at this time point to provide a
confidence measure for an interaction between two genes (edge) 94. The confidence of an interaction
was based on the averaged value between the different algorithms that assigned strengths to an
interaction, either based on correlation (Pearson), mutual information (CLR) or a random forest
predictor (GENIE3). A nice feature of the GENIE3 random forest method is that it allows directionality
as every interaction between two genes has two distinct values for strength. The strongest interaction
of a duplicate interaction was retained. However no statistical test is developed yet to test the
confidence in terms of a p-value for an interaction94 so it is impossible to determine with confidence at
which point to set the total number of edges.
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400
200
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0
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20000
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Interactions in the network
Figure 41 Plot of the total amount of edges that were included in the network ranked
on relative interaction strength (y-axis) versus the amount of edges that link to NF-YC

The NF-Y complex is a highly conserved nuclear transcription factor complex in eukaryotes of which
approximately ~10 different gene family members encode each subunit in higher plants114. This
complex regulates a vast array of biological processes through specific binding of CCAAT motifs in the
promoter region of a large number of genes. More and more target genes of the NF-Y complex that
are discovered that are associated to developmental stages and stress related responses for t114. The
NF-Y complex functions as a heterotrimeric complex with the A, B, and C subunit as single
components. The B and C subunit are distinct in the sense that they feature a Histone Fold Domain
(HFD); this HFD domain is vital for DNA binding and the formation of the heterotrimeric complex 115.
Further dissection of the network revealed other members of the NF-Y complex as important nodes in
the network. These included NF-Y subunit A3, A4 and A5 (PGSC0003DMG400006863,
PGSC0003DMG400007350, and PGSC0003DMG400000272 respectively). The eQTL of the YA3 and YA5
NF-Y subunit A genes mapped to the physical position of NF-YC on chromosome 5 through a trans
eQTL. This indicates that within this population the nuclear factor Y complex could well be a crucial
determinant in the early response to drought and that the main determinant within the CxE population
is the NF-Y C subunit. Leaves for RNA extraction were sampled four days after stress initiation at
which plants showed the first wilting symptoms. The network analysis suggests that NF-YC may be
crucial in the perception of drought and may be the master regulator that activates the genetic
reprogramming that leads to differential expression of thousands of genes under drought compared to
control.
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Another distinct hub in the network was annotated as a gene encoding a High Mobility Group protein
(HMG). The HMG protein interacts with nucleosomes, transcription factors and histones and is involved
in the adaptation to environmental changes116. HMG regulates gene expression through these
chromatin structures and its induction under drought indicates it might have an essential role in
synchronizing the transcriptional response that is required to adapt to water deprivation. Based on the
function of HMG in other species in genetic reprogramming one could speculate this HMG gene has a
similar role in reprogramming the genome towards unfavorable environmental conditions that require
flexibility.
Furthermore the eQTL of this gene maps to the NF-YC position. The location of the HMG eQTL under
drought may indicate that it has a role as intermediate in the regulation of the response to drought.
Under control conditions the NF-Y subunit C is expressed at relatively high levels. The perception of
drought leads to down regulation of NF-YC and the up regulation of various NF-YA subunits. This
coincides with the induction of HMG, which is an important hub in the network with a trans-eQTL
positioned within the eQTL hotspot. This gene is known to be important in rapid adaptation to
environments and facilitates the conversion between active and inactive chromatin domains116.
Drought has a profound influence on plants by adversities in cellular homeostasis and the adaptation
to this environment requires adaptation in terms of water consumption. Based on these presumptions
an NF-YC early drought response model is proposed as shown in figure 42.

Figure 42 Model for the NF-Y complex function under control (left) and under drought (right). Arrows indicate induction and
bars repression. The NF-Y subunit C may be part of the NF-Y complex that is indicated as linked to DNA replication licensing,
essential for cell division. Under drought this NF-Y complex may undergoe changes with repression of the NF-Y subunit C and
induction of NF-Y subunit A3, A4 and A5. The induction coincides with induction of HMG, a vital chromatin associated protein
that assists translation prepares DNA for transcription. The NF-Y complex is suggested to undergo conformational changes
through differences in expression of the various subunits. The change in the NF-Y complex is the signal that leads to cell growth
arrest, activation of drought response genes and changes in the circadian clock.

Multiple family members of the nuclear transcription factor complex are associated with drought
tolerance in both Arabidopsis thaliana and Zea mays manifested through decreased wilting and
maintenance of photosynthesis under drought stress18,117,118. Dissection of the most confident
interactions of NF-YC within the network resulted in a list of genes involved in DNA replication
licensing as is given in table 11. The DNA replication licensing machinery is seemingly affected by NFYC expression, more specifically when NF-YC is expressed DNA licensing is allowed and the MiniChromosome-Maintenance (MCM) proteins are expressed. NF-YC was down regulated under stress and
this coincides strongly with down regulation of the cell proliferation machinery. In section 3.2.2 there
was a clear overrepresentation of genes involved in the DNA replication licensing mechanism under
drought. The expression differences between control and drought indicate that this mechanism is
repressed under drought. It seems this is directly regulated by the master regulator on chromosome
5. Furthermore the NF-Y complex is a known regulator of cell division114. What is also interesting is the
Ci21A (named Asr1 in tomato) transcript (table 11) that accumulates under drought119 and is linked to
hexose uptake and tuber formation120. The eQTL Ci21A links to the NF-YC chromosomal position,
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which is an indication that it may be of influence in the NF-YC early drought response that is
suggested in this study.
Table 11 The top 10 most confident interactions of NF-YC with other genes in the network based on expression data
under drought. Shaded in gray are genes involved in DNA replication licensing as pre-replication complex.

Annotation

PGSC ID

eQTL location

Mini-chromosome maintenance 4 protein
Mini-chromosome maintenance protein 10 isoform 1
DNA replication licensing factor MCM3
DNA replication licensing factor MCM7
Conserved gene of unknown function
Ci21A protein
Unknown
Mini-chromosome maintenance protein MCM6
Aspartic proteinase nepenthesin-1
Mini-chromosome maintenance factor 10 isoform 1

PGSC0003DMG400030968
PGSC0003DMG400006190
PGSC0003DMG400008308
PGSC0003DMG400009040
PGSC0003DMG400006588
PGSC0003DMG400006662
No significant hit
PGSC0003DMG400013633
PGSC0003DMG400037894
PGSC0003DMG400002190

NA
NA
NA
NA
NA
Chr 5
NA
NA
NA
NA

Analysis of differential expression in section 3.2.2 indicated the involvement of the circadian clock in
relation to drought stress. The NF-Y transcription factor complex subunits B and C are implicated as
mediator between CONSTANS like proteins and binding to CONSTANS targeted genes121. CONSTANSlike proteins lack a specific DNA binding motif and molecular studies showed that a NF-YC subunit
provided this function for a CONSTANS-like protein in yeast by a direct interaction122 that was
subsequently shown to regulate flowering in A. thaliana121. In this study the proposed mechanism
involves replacement of the NF-Y subunit A by a CONSTANS protein and this forms a new CO/NFYB/NF-YC complex.
This candidate master regulator, the NF-YC subunit, therefore displays multiple the properties that
would be expected of a possible master regulator: (a) in the CxE population NF-YC is physically
located in and maps within the trans-eQTL hotspot, (b) the main changes that are triggered upon
drought include major adjustments in the circadian clock, cell proliferation, and drought stress
response in which all three NF-Y has been experimentally implicated in other species, (c) gene
regulatory network analysis pinpoints the NF-YC gene as one of the major hubs and it is located at
the center of this gene universe, (d) other subunits of the heterotrimeric NF-Y complex are major hubs
within the predicted network and genetically map to the NF-YC location through the corresponding
eQTL. Together this provides a strong case for the NF-Y complex, with NF-YC as main determinant, as
regulator of the early drought response in this potato population.
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4.3

Gene Regulatory Network Analysis Summary

Gene regulatory network analysis, relatively simply applied in this study on only transcriptional data,
proved to be successful in detecting regulatory relationships with relationships that are confirmed by
other studies. The progress that is made in this field could greatly benefit the understanding of
molecular mechanisms by providing strong candidates for biological modules in the gene regulatory
network. This can provide new leads to candidate genes for regulators of important biological
functions as genes are targeted with a high accuracy of success as was demonstrated by Marbach et
al88. In the future this could be an integral step in prebreeding programs to select for traits of interest
and have increased understanding of the underlying biological mechanisms. Potato is, however, a
considerably more complex organism with post-transcriptional regulation and vastly more complex
feed-back loops as compared to the bacteria with which the method was verified. The results
nonetheless indicate that this methodology is very much applicable to higher eukaryotes as well. Even
larger datasets combined with fine-tuned inference algorithms might in the future be able to predict
gene regulatory interactions with superior accuracy. At present the wisdom of the crowds approach,
averaging information from various sub-optimal algorithms, seems a way forward. Moreover the
incorporation of other ~omics datasets could even further increase accuracy. In this study a candidate
was identified for the early drought response that is located in a chromosomal area identified by
Anithakumari in her studies of genetic dissection of drought in potato. This NF-Y subunit C entails all
the features that are expected of a master regulator. Studies in multiple species identified the NF-Y
heterotrimeric complex as essential regulator of biological effects induced by drought and could
furthermore induce drought tolerance and is thus a recommended gene for further molecular study.
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5.

Recommendations

At present the output of high-throughput data in biology by far exceeds our capability of extracting
useful information. This study can be used to evaluate different analysis methods for strengths and
weaknesses in the field of genetical genomics. Several methodologies are promising in the field of
plant breeding and might be very useful to identify genes for drought tolerance. In this study
clustering, principal components analysis, eQTL analysis, robust regression through OmicsFusion and
gene regulatory network analysis emerged as powerful methods.
The main recommendation would be is to have a focus on combining various analysis methods into
pipelines to augment different methods. The network analysis for instance proved a good combination
with eQTL analysis. Neither of them alone could identify one gene out of over 2,500 candidates that
regulates the drought response. The genetic map based eQTL approach and regulatory network
reconstruction combined, however, was able to pinpoint a single strong candidate.
These methods can be applied at an early stage in even complex and quantitative fields of research to
acquire plentiful candidates for further analysis with relatively good literature based accuracy.
Experimental proof is still scarce for a complex eukaryote like S. tuberosum, therefore some of the
methods have yet to be validated. The potential is however immense as the approach can greatly
improve efficiency in molecular laboratory studies by reducing target genes to only a few. Drought
furthermore provided a method to study many genes in one go. Drought can thus be used as tool in
systems biology to attain the induction or repression of hundreds if not thousands of genes by which
subsequently genetic interactions can be inferred.
For the CxE potato population drought tolerance genes in different categories are presented as
candidates for further study:


The

central

to

the

circadian clock and flowering time related gene ELF4
in conjunction with the COR27 homolog (PGSC0003DMG402007970),
cellular homeostasis under water deficit through dehydrin TAS14

(PGSC0003DMG400001221)



Maintenance

of

(PGSC0003DMG400003530



Oxidative

stress

alleviation

through

Manganese

Superoxide

Dismutase

(PGSC0003DMG400022448)



Heat stress mitigation through the DnaJ family Heat Shock Proteins (Hsp70/Hsp40 family)
(PGSC0003DMG400030542, PGSC0003DMG400028488, PGSC0003DMG400006735)








ER24 as Heat Shock Protein regulator (PGSC0003DMG400029773),
The homeobox-leucine zipper family (HB) as essential regulators of the drought stress
response in potato (PGSC0003DMG400012118, PGSC0003DMG400000248)
The NF-Y subunit C (PGSC0003DMG400029106) candidate master regulator of the early drought
response closely related to the DNA replication licensing machinery.
The NF-Y subunits A3, A4 and A5 (PGSC0003DMG400006863, PGSC0003DMG400007350,
PGSC0003DMG400000272) as activators of the drought response assisted by the High Mobility
Group protein (PGSC0003DMG400008501) that enables the genetic reprogramming through
chromatin silencing and activation.
Various genes of unknown function in tables 2, 7, 8, and 10 that might constitute new drought
tolerance mechanisms unknown at present.
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Appendix 1
Another possible candidate is the light stress
induced one-helix protein. One helix proteins are a
subfamily of Early light induced (Elip) proteins that
accumulate during light stress and are present on
thylakoid membrane123. These proteins generally
bind chlorophyll but are actively involved in
photosynthesis. Plants suffering from water
deprivation close their stomata to reduce water
loss. Light is however still captured which leads to
the formation of radical oxygen species due to the
lack carbon dioxide which would under normal
conditions be reduced in an anabolic pathway. The
exact function of this family is believed to prevent
ROS formation by chlorophyll binding or by
replacing the role of carbon dioxide as electron
sink.
The observed relationship is, however,
influenced by some genotypes having nearly no
hybridization to the microarray probe, and by a
negative outlier, so that this result could easily be
a technical artifact rather than a biological
Figure 43 Regression plot of one-helix protein expression vs.
phenomenon. The two groups in combination with shoot fresh weight after recovery.
the outlier have a pronounced effect on the
regression coefficient and its significance.
Essentially the other candidate genes that scored
high in table 8 had a similar problem of the onand off switch depicted in figure 43 that lead to a
high rank in OmicsFusion. The regression results
seemed more or less based on the outlier in the
upper right corner in figure 44. For the
Leucoanthocyanidin dioxygenase in table 8 there
are more data points that confirm the trend,
however, the majority of samples had very little
tuber formation. This gene is responsible for the
production of anthocyanins in response to stress.
This gene would be a good candidate for drought
tolerance but the data is rather poor and not in
strong support of a one-to-one relationship to
drought tolerance.

Figure 44 (top) HB-40 homologue expression (x-axis) vs.
tuber yield after stress (y-axis) .
(bottom) Leucoanthocyanidin dioxygenase homologue
expression (x-axis) vs. tuber number after stress
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