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Abstract

The yeast-like fungus Aureobasidium pullulans is one of the most often found yeasts in the en-
vironment. In addition to various biological applications, it is used as a biocontrol yeast in
agriculture and has shown to be resistant to many fungicides. Extensive studies into A. pul-
lulans, highlight the need to better understand the underlying mechanisms of its properties,
such as the antagonistic activities against plant pathogens. However, high-quality sequencing
and genome annotation pipelines left many gene functions yet unidentified. In order to estab-
lish new methods to extend annotations for both genes with and without known function, this
thesis aims to use growth curve modeling as the phenotype for genome-wide association stud-
ies. For this, 31 A. pullulans isolates were grown in 61 different culture media and associated
with all the unique single nucleotide polymorphisms within that population. As expected,
generalized linear models were insufficient to model growth curves, failing to capture most
of the well-known phases of population growth. Even though the exponential growth model
was fast to be evaluated and easy to interpret, it failed to capture unusual growth patterns
and most likely had false positive discoveries. On the other hand, the gamma location scale
generalized additive model fitted any growth pattern well but at the cost of a long com-
putation time. Evaluating this model separately for each media shortened the computation
drastically, and fitting it on the residuals of a global marker generalized additive model re-
duced the number of global growth effects obscuring significant marker media interactions.
Due to the population structure of the 31 A. pullulans isolates, all methods found many false
positive media-marker interactions associated with growth. Implementing genomic control
with the genomic inflation factor specifically for each media reduced the number of positives.
One of the most promising genes that were identified was a carboxylesterase with three single
nucleotide polymorphisms that negatively affected growth in L-Malic Acid. Also, the expo-
nential growth model found genes involved in growth in D-Galactose and D-Mannitol, among
others. This thesis illustrates the potential of including the genotype in growth curve model-
ing to find new genes associated with growth while highlighting the need for experimental
confirmation to identify true causal relationships between genes and phenotypes.
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Chapter 1

Introduction

Aureobasidium pullulans is a yeast-like fungus that has been studied extensively, is used as a
biocontrol agent in agriculture, has broad biotechnological applications, and exhibits fungicide
tolerance. However, the genome of this species still lacks a functional annotation for many
of its genes. To better understand the mechanisms of action for this fungus, it is essential to
establish methods to annotate genes further. For this master thesis, we hypothesize that:

It is possible to use growth curves as a phenotype for a genome-wide association study
to identify genes involved in growth in A. pullulans.

To test the hypothesis, the genome data from 31 A. pullulans strains were analyzed with
SPAdes and PhaME, two bioinformatic workflows to obtain single nucleotide polymorphisms
(SNPs) in those isolates from raw sequences (see Section 2.1.1). This SNP data served as the
genotype for this thesis’s genome-wide association study (GWAS). On the other hand, growth
data were collected with BioLog plates, a high throughput method to obtain optical density
(OD) measurements over time for many different growth culture media simultaneously (see
Section 2.2). The phenotype for the GWAS was this OD measure for which a growth curve
model suitable for all conditions was developed. However, the best model for a subset of
conditions had to be chosen since assessing models for all media and SNPs would be too
laborious. The genotype and phenotype were linked for the GWAS by including the SNP
status as a covariate in these models.

Although A. pullulans was indicated to have a high amount of recombination and a low
amount of population structure, controlling false positives with a genomic inflation factor was
necessary. Since a GWAS in clonal organisms is only associative, testing the hypothesis for
causal association was difficult. However, our annotated high-quality A. pullulans reference
genome could be used to check for true association. The functions of annotated genes with
significant SNPs were investigated to see if they matched the effect of their SNPs. Even
though promising candidate genes were found, this approach remained inconclusive, and
other computational or experimental techniques are needed to test the hypothesis further.
The goal was to identify a comprehensive method to find true associations of genes with a
complex trait in A. pullulans. This method applies to other clonal organisms alike and could
be used to identify and characterize genes and their functions not yet annotated by other
methods.

Nevertheless, before going into more detail about the findings of this thesis, it is essential
to fully understand the biological and statistical background explained in Chapter 2. The ex-
perimental and statistical methodology is explained in Chapter 3 so that the statistic workflow
is reproducible and the experiments can be repeated. Finally, after a detailed explanation of
all the key findings (Chapter 4), a brief conclusion of the work is presented (Chapter 5), also
highlighting further steps in uncovering gene functions in A. pullulans.
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Chapter 2

Background

In the following sections, the biological background of the data and the statistical framework
on which the data analysis is based, are explained in detail. The section aims to inform both
the statistician and the biologist on the biological importance of this research and the basic
statistical methodology to analyze the data, respectively.

2.1 The yeast-like fungus Aureobasidium pullulans

Aureobasidium pullulans is commonly found in soil, water, and on various plant surfaces
(Magoye et al., 2020; Hilber-Bodmer et al., 2017). It exhibits yeast-like and hyphal growth,
hence its classification as a yeast-like fungus (Slepecky and Starmer, 2009). Interestingly, A.
pullulans can grow in a large variety of different environments, including extremes such as hy-
persaline or glacial habitats (Gostincar et al., 2019). For industrial and biomedical applications,
A. pullulans is known for its ability to produce the polysaccharide pullulan, which can be used
to generate eatable films (Gaur et al., 2010). In agriculture, A. pullulans is considered a biocon-
trol fungus. Several studies have reported A. pullulans’ potential as a biocontrol agent against
various plant pathogens such as Fusarium and Botrytis (Gaur et al., 2010; Hilber-Bodmer et al.,
2017). In addition to direct competition for nutrients, A. pullulans produces a range of bioactive
compounds, including enzymes and volatiles, that may play a role in inhibiting the growth
of these pathogens (Gaur et al., 2010; Rueda-Mejia et al., 2021). Moreover, A. pullulans has
proven to be highly tolerant to many commonly used fungicides in both agriculture and clin-
ics (Magoye et al., 2020, 2023). The genome of A. pullulans has been sequenced and annotated,
providing insights into its genetic makeup and laying the foundation for various applications
(Rueda-Mejia et al., 2021). However, many gene functions remain unidentified. The first steps
to understanding the genetic bases of A. pullulans growth in different environments and con-
ditions showed that a clinical subpopulation of A. pullulans had a lower fungicide tolerance
(Magoye et al., 2023). Further investigation of the differential growth of A. pullulans harbors
a large potential for uncovering methods of pathogen inhibition, fungicide tolerance propa-
gation, habitat adaption, and many more, highlighting the need for methods to understand
general growth patterns and their genetic bases in A. pullulans that may also apply to many
other similar fungi.

2.1.1 The genome of Aureobasidium pullulans

The genome of A. pullulans is estimated to be between 28 and 29 megabases, with over 10’000
potential protein-coding genes. One A. pullulans isolate was sequenced using PacBio Sequel
long reads with high coverage (Rueda-Mejia et al., 2021), and genes were annotated with the
aid of other closely related high-quality genomes, which are all publicly available at Myco-
cosm (Grigoriev et al., 2012). Nevertheless, over one-fourth of the genes remain functionally
unidentified, and other methods are needed to gain a deeper understanding of those genes.
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Interestingly, hydrolases and oxidoreductases, of which both may play a role in the antag-
onistic activity, are over-represented in the A. pullulans genome compared to closely related
species (Rueda-Mejia et al., 2021). Furthermore, comparative genomics studies have revealed
large diversity among A. pullulans strains throughout various habitats. Genomic analysis has
provided insights into the reproduction of A. pullulans, indicating a high amount of recom-
bination and a low amount of population structure. Both of these traits are beneficial for
genome-wide association studies (Gostincar et al., 2019). Moreover, it was shown that the
CRISPR/Cas9 system could be used to edit specific genes in A. pullulans, which may be used
to analyze gene functions (Zhang et al., 2019).

The decreasing cost and fast DNA sequencing technologies made it easier to obtain ge-
nomic data, and publicly available software such as SPAdes has emerged to analyze the vast
amount of DNA sequences available. SPAdes provides various pipelines for genome assem-
bly and is capable of implementing reads from different sources such as Illumina or IonTor-
rent. The algorithm has four major stages. First is the assembly graph construction, where
a multisized de Bruijn graph removes bulge/tip and chimeric reads and generates distance
histograms from bireads. Second, the distance histograms and paths in the assembly graph
derive estimated distances between k-mers. The construction of the paired assembly graph
is the third stage. Finally, contigs are constructed by backtracking graph simplifications. Al-
though SPAdes performs well for fungal and bacterial species, it is not intended to be used
for large genomes such as those of mammalians (Prjibelski et al., 2020). Contigs, on their own,
however, do not carry information besides the sequences of the assembled reads. Again, there
are multiple ways to annotate genomes further. One of these is the alignment to an annotated
reference genome of the same species. PhaME is a bioinformatics workflow to accomplish this
for microbial genomes. Besides contigs, PhaME can also align raw reads or whole genomes.
For contigs, the workflow aligns the entire contigs utilizing the NUCmer program. Next, the
single nucleotide polymorphism (SNP) and gap coordinates for each contig are used for a
core SNP database. Given that an annotation file of the reference genome is available, the core
SNPs are split into coding sequence (CDS) and intergenic SNPs. Additionally, the alignments
are used for phylogenetic tree construction by various methods, such as RAXML, FastTree, or
IQ-TREE. The workflow also includes the PAML and HyPhy packages, which can be used to
test for selective pressures on the CDS SNPs (Shakya et al., 2020).

2.2 High throughput growth assays

In contrast to genome sequencing, phenotypic data is much more laborious to generate, al-
though there are methods for a more high-throughput approach. Biolog YT MicroPlates are
most used to identify and characterize yeast species based on their metabolic properties. As a
high-throughput assay utilizing 96-well plates with a different substrate in each well, it allows
the simultaneous testing of multiple growth phenotypes. The substrates include amino acids,
carbohydrates, and other organic compounds that can be metabolized more or less well, de-
pending on the yeast species. A colorimetric assay can detect growth with these substrates.
The diverse substrate panel of these plates makes them ideal for studying the physiology and
metabolism of different yeast species under different growth conditions in a high-throughput
manner. This allows the rapid identification and classification of yeast species based on their
metabolic profiles and can also be used in microbiology research to study yeast metabolism,
evolution, and adaptation (Biolog, 2018).

2.3 Exponential growth in liquid media

Exponential growth is often observed in natural systems, such as population or bacterial
growth. One way to model exponential population growth is by using the Gompertz or
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logistic function (Buchanan et al., 1997)

y(t) = aexp(—bexp(—ct)),

where y(f) is the quantity being measured at time t > 0, a is the initial value of y, b is a
constant related to the scale of the growth, and c is a constant related to the growth rate.
Alternatively,
b — K
y(t) = 1+ Aexp(—rt)’

is a special case of the Gompertz function with b = 1 that has been widely used in population
modeling (Rockwood, 2015). In Equation (2.1) K is the carrying capacity or the maximum
limit that the quantity can reach, A is a constant related to the system’s initial state, r is the
intrinsic growth rate of the system, and ¢ > 0 is time.

This function is handy in situations where the system’s growth rate slows down as it
approaches its carrying capacity, a common phenomenon observed in many natural systems.
For growth experiments, often A = (K —y)/(yo) is used where y is the state of the system
at time point 0, resulting in equation

2.1)

K
T o) +

The advantage and, simultaneously, the disadvantage of this model is the low number of pa-
rameters to be estimated. The experiment often defines the initial value and thus does not
necessarily need to be estimated, leaving the model with only two parameters that possibly
depend on covariates and predictors. These few parameters make the model very easy to in-
terpret. However, the model is therefore not very flexible and fails to capture unusual growth
patterns that may arise due to metabolic pathway changes or death during an experiment.

2.4 Generalized linear model

Generalized linear models (GLMs) are a broad class of regression models extending the tra-
ditional linear regression model to allow for more flexible and complex relationships between
the response and predictor variables. Unlike linear regression, GLMs can handle response
variables that are not normally distributed, such as binary, count, or categorical data (Nelder
and Wedderburn, 1972). The general form of the GLM is

S(E(Y[X;)) = Bo+ Zﬁin‘, (2.3)

with the link function g(.) (also see Section 2.7) relating the predictor variables X; to the
expected value of the response variable Y. By is the intercept and B; are the coefficients of
the predictor variables. GLMs provide a flexible framework for modeling various response
variables and remain easy to interpret. However, the relationship between predictor and
response variables is assumed to be linear, which can lead to bias when a relationship is not
truly linear (Figure 2.1).

2.5 Generalized additive models

The main advantage of generalized additive models (GAMs) in comparison to GLMs is that
the relationship between a predictor variable and the link function transformed expected value
of outcome variable does not have to be linear. Instead, the relation ship can be any smooth
function of its predictors (Hastie and Tibshirani, 1990). Such that:

S(E(Y|X;)) = so + Zsz‘(Xz'),
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where the link function is given by g(.) (see also Section 2.7), the global intercept by sy and
the corresponding smooth function s; for the predictor X; (further explained in Section 2.8).
Naturally, a GAM is not limited to complex smooth functions but can easily be expanded with
linear terms and interactions. For example, factor variables or predictors with a known linear
relationship can be included resulting in the form:

SE(Y[Xi)) = so+ ) _si(Xi) + ) _0;Xiy, (2.4)
i i

where 0; are the coefficients of the predictor variables X;,; with linear relations ship to the
outcome variable similar to Equation (2.3). Additionally, interactions between factor vari-
ables and continuous variables can be included by defining X; as dependent on those factor
variables (further explained in Section 2.8) (Clark, 2012; Wood, 2017).

2.6 A comparison of GLM and GAM for growth data

In order to provide an example for the comparison between a GLM and a GAM, data was
generated using Equation (2.2) in Section 2.3 with Ny = 0.1, r = 5 and K = 3; the effect of
group 2 on r is —2 and +1 on K, illustrated in Figure 2.1. Especially for group 1, the linear
model fails to capture the relationship at early time points. The slope of the linear model
for group 1 suggests a smaller growth rate than for group 2. However, the actual growth
rate of this group is large but can not be captured because of the low capacity. Of course,
the big advantage of the linear model is that the two groups can be easily compared. In the
case shown in Figure 2.1, this would lead to the conclusion that group 1 has a higher initial
density but a low growth rate, while the opposite would be concluded for group 2. However,
they had the same initial density, and group 1 had a higher growth rate. For the GAM, on
the other hand, the difference between the two smooth curves over time can be calculated
to visually inspect the differences between the two groups, as shown in Figure 2.2. The
confidence intervals can be used to identify approximate periods with a significant difference
between the two groups (Figures 2.1 and 2.2).

2.7 Distribution families and link functions

In Sections 2.4 and 2.5, the general forms of the GLM and GAM were introduced (Equations
(2.3) and (2.4)). In these equations, the link function g(.) and the expected value should be
chosen dependent on the data. The normal distribution is often used to model the expected
value and the identity for the link function. However, in many cases, the assumption of a
normal distribution is unjustified. For example, the absorption value measured in growth
experiments is bound by 0, and the variance will depend on the value. High absorption tends
to have higher variance compared to lower absorption. Additionally, the variance also differs
over time. Initially, the variance will be low, especially when the common experimental setup
of a fixed cell density is used. As the cells begin to grow, the variance will increase due to fast
and slow-growing cells; after reaching capacity, the variance will again decrease because the
process becomes stationary. Taken together, this makes growth curves very tricky to model
correctly. One model that takes many factors into account is a Gamma-location-scale GAM
(GlsGAM) (Wood et al., 2016). Specifically, the log mean (u) and the log scale (¢) parameter
are estimated separately with a different set of predictors resulting in

log(p) = So,u + Zsi,y (Xi) + gj,yXi+jr

log(¢x;) = sop + Zsi,qb(Xi) + 0,9 Xiy -
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Figure 2.1: Differences between a GAM and GLM. Exponential growth is simulated with 200 data points using
Equation (2.2) described in Section 2.3. The solid lines are the fits from the normal GAM, the dotted line from
the GIsGAM, and the dashed line from the GLM.
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Figure 2.2: Differences of smooths form the GAMSs of the simulated data form Section 2.6. The y-axis is the
difference between y(t) of the two groups, and time is on the x-axis. The dotted line is the difference from
the normal GAM, and the solid line is from the GIsGAM. The shaded areas are the respective pointwise 95%
confidence intervals. The dashed line indicates no difference between the two groups.
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The response variance is the squared mean multiplied by the scale parameter (Wood et al.,
2016). Since the scale parameter is estimated separately, the variance can change depending
on predictor variables while still depending on the mean. The dotted lines in Figure 2.1 show
the GIsGAM compared to the normal GAM and the linear model. Mainly in the beginning
at low t values, this model fits the data much better, and the crossing point seems to have
shifted. Figure 2.2 shows the difference between the smooth functions for the normal GAM
and the GIsGAM. The normal GAM has a broader confidence interval, which crosses 0 around
t = 3, whereas the location scale model does not to the same extent. Since, at this point, the
capacity is reached and group 2 has a higher capacity, the model should detect a difference at
that point.

2.8 Smooth functions in modeling

The basic idea behind smooth function modeling is to find a mathematical function that closely
approximates the observed data points while at the same time not over-fitting to the data.
One common approach for achieving this is spline interpolation, which involves constructing
a piecewise polynomial function that smoothly connects the data points. Splines are often
used because they can approximate the underlying data while ensuring that the function is
smooth and continuous. While keeping the notation from Equation (2.4), a general form of
the smooth function can be written such that:

K;
si(Xi) =) Bibi(Xi), (2.7)
k=1

where the by (X;) are the basis function with the corresponding parameters S;; to be estimated
during model fitting. K; is the number of basis functions of s;, thus corresponding to the
wiggliness. A too-large value for K; would overfit the data. Therefore, when estimating Bj,
wiggliness is penalized in the likelihood estimation such that I,(B) = I(B)— penalty.

As an example of a smooth function with a specific number of basis functions, the basis
functions can be split as follows:

b (Xi) = 1,bp(X;) = Xi, ..., by (Xi) = X]

bir42)(Xi) = (Xi —=k2)is o bigm1y (X3) = (X — k1)
with:

l (Xi — ki)', if X; > kj
(Xi —kj)y =
0, otherwise,

where | defines the polynomial degree and m defines the number of knots k; on the interval
on X; with ky = min(X;) and k,, = max(X;). Therefore, the number of basis function K;
defines the number of knots on the interval of observed X; such that K; = (I +1) + (m — 2)
with larger K; corresponding to a smaller interval of X; represented by a basis function (Clark,
2012; Wood, 2017).

As an example, the data generated in Section 2.6 is used again with colored polynomial
spline basis for group 1 (Figure 2.3). Often the cubic form of the polynomial spline basis
function is chosen. As a result for this example with =3 and K; =6, m = 6 —3+ 1 = 4 with
ki1 = 0 and k,, = 4. Then the ; coefficients can be estimated based on the data and then the
weighted sum (Equation (2.7)) of the functions results in the smooth function s;. This process
can be repeated for the group 2 or any other factor-level covariate in the same manner.
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Figure 2.3: Polynomial spline with | = 3 and K; = 6 as described in Section 2.8. Simulated data points from
group 1 (see Section 2.6) are shown in black, basis function by, ..., bk, and the weighted sum of those functions
with the estimated By in the different colors.

2.9 Genome-wide association studies

Genome-wide association studies are a popular method used in genetics to identify genetic
variations associated with complex traits. Typically, the genomes of many individuals are
compared to identify SNPs. Then the association of the trait in question and the SNPs are
tested. Identifying such SNPs can help pinpoint the location of genes that contribute to a spe-
cific phenotype. GWAS can be performed using different types of phenotype data, including
binary (e.g., affected vs. unaffected) and continuous phenotypes (e.g., height, growth, weight,
blood pressure, and so on) (Collins and Didelot, 2018; van Rossum and Kruijer, 2022).

The basic approach to performing a GWAS with continuous phenotypes involves testing
each SNP in the genome for association with the phenotype of interest. This association is
typically done using linear regression models, where the SNP (or genotype) is used as a co-
variate for the outcome variable (i.e., the phenotype). The regression models can be adjusted
for confounding factors such as age, sex, and ancestry to control for potential sources of vari-
ation (Kang et al., 2010). Therefore, a GWAS is nothing more than estimating the coefficients
of Equation (2.3) where E(Y|X) is the phenotype given the genotype and possible other co-
variates. The estimation process can then be repeated for every SNP where the genotype is an
ordered categorical variable indicating how often the SNP is present in the genome (i.e., 0 or
1 for haploid organisms and additionally 2 for diploid organisms and so on). Of course, the
limitations are the same as discussed in Section 2.4, which might make it more feasible to use
a GAM instead of a GLM, as described in Section 2.5. It is important to note that estimating a
GAM needs significantly more computational power than a simple GLM. Usually, this is not a
problem when calculating a single model. However, a model for each SNP has to be estimated
in a GWAS, which is usually thousands of models. Furthermore, many association tests in-
crease the computational load and lead to false positive discoveries due to multiple testing.
Therefore, the resulting p-values of a GWAS need to be adjusted to account for that. There are
multiple ways to reduce the number of false positives from the very conservative Bonferroni
correction (Bonferroni, 1936) to the much more liberal false discovery rate adjustment with
the Benjamini and Hochberg procedure (Benjamini and Hochberg, 1995).

9
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2.10 Genomic inflation factor

The genomic inflation factor, denoted by A, measures the extent to which the observed test
statistics in a GWAS deviate from what would be expected under the null hypothesis of no
association such that

med >

o

where med 2 represents the median of test statistics for all genetic variant being tested for as-
sociation with the outcome variable. The expected test statistics (X%{O) are calculated assuming
no association between the genetic variant and the outcome variable based on that variant’s
sample size and allele frequency.

Therefore, if the genomic inflation factor is 1, there is no evidence of population stratifi-
cation that could inflate the test statistics. However, if the genomic inflation factor is greater
than 1, it indicates some degree of inflation in the test statistics. In other words, if the genomic
inflation factor is larger than 1 it is likely, that some found associations are based on sampling
rather than on true association.

To adjust for population stratification, one can scale the test statistics by the inverse of the
genomic inflation factor, also known as genomic control, such that:

A=

, (2.9)

=2
2 _ X
Xadj = I (2.10)
where the adjusted test statistics, )Eg gy are then used to calculate p-values and make inference

about the association between the genetic variant and the outcome variable. Therefore, the
genomic inflation factor measures the extent to which population stratification affects the
results of a GWAS (Devlin and Roeder, 1999).

10



Chapter 3

Methods

This chapter describes the experimental methods used for data generation and the statistical
methods. All relevant details are included for reproducibility, and the corresponding script or
previous work is referenced. The choice of methods is not part of this chapter but is described
in detail in Chapter 4.

3.1 Culture conditions

All isolates were maintained on potato dextrose agar (PDA, Difco, Chemie Brunschwig AG)
at 22°C. For Biolog experiments, liquid cultures grown overnight at 22°C in potato dextrose
broth (PDB; Becton, Dickinson and Company, Le Pont de Claix, France) were used.

3.2 Strains isolation

All 31 A. pullulans strains used during this study are listed in the supplementary Table S1 and
have been characterized in the past (Magoye et al., 2020, 2023).

3.3 Biolog plate assay

Overnight cultures were washed three times with sterile water before cell density was adjusted
to 0.1 optical density at 600nm (ODggp). According to the manufacturer’s description, 100 ul
of the adjusted suspensions were added to each of the 96 wells of a Biolog YT plate (Biolog,
2018). ODggp was measured for every well immediately after preparation (time 0) and after
1, 2, 3, 4, and 7 days using a microplate reader (Spark, Tecan Life Science AG, Méannedorf,
Switzerland) (the exact time points can be found in the raw data files on git' which can be
loaded and consolidated with the 01_Data_loading.Rmd> R code). Before each measurement,
plates were shaken vigorously and incubated at 22°C between measurements. This process
was repeated for each of the 31 isolates two times. The experiment was performed in different
weeks in three batches, each containing a random selection of isolates and replicates.

3.4 SNP data generation

3.4.1 Sequencing

Genomic DNA was extracted as previously described (Rueda-Mejia et al., 2021), and whole-
genome sequencing (150bp paired-end reads) was performed at BGI Genomics. The refer-
ence isolate A. pullulans NBB 7.2.1 was initially isolated from a soil sample and characterized

! https://git.math.uzh.ch/rf-all/MSc_Thesis_LN/-/tree/main/Data
Zhttps://git.math.uzh.ch/rf-all/MSc_Thesis_LN/-/blob/main/R/01_Data_loading.Rmd
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by genome, transcriptome, and secretome analyses (Rueda-Mejia et al., 2021; Hilber-Bodmer
et al., 2017) and is available at the joint genome institute (JGI) (Grigoriev et al., 2012). Sequenc-
ing reads of the other isolates have been deposited at NCBI in the bioproject PRINA897728,°
under the accession number SAMN31580265.* The reference genome and its annotations are
available at JGIs mycocosm with the sequence® and the annotations,® respectively.

3.4.2 SPAdes

The raw reads were used as the inputted for the assembly pipeline SPAdes (Prjibelski et al.,
2020). The program was downloaded and run according to the instructions on the SPAdes git
hub repository.” A control file on how SPAdes was run can be found on git in the R folder with
the name bash_assemblies.sh.® No additional parameters were set apart from the default.
The resulting contigs were then used as the input for PhaME.

3.4.3 PhaME

PhaME version number 1.0.2 was downloaded and installed according to the PhaME git repos-
itories’ instructions (Shakya et al., 2020). The contigs from SPAdes and the reference genome
from the JGI were used as the input.

On git, our control file (221122_phame_environment_final_RaxML.ct1)!? can be found in
the folder R. Briefly, SNPs were divided into CDS and non-CDS SNPs, and the method for
the combination of complete genomes and contigs was used. The phylogenetic tree was
constructed with the RAXML using bootstrap with N = 100. No post-selection was performed,
the genetic code was set to eukarya, and the linear alignment coverage against reference cutoff
was set to 0.001.

3.5 Statistical models

3.5.1 Exponential growth models

For the exponential growth model, the function SummarizeGrowth() from the growthcurver
package (Sprouffske, 2020) was used initially to calculate growth rate, capacity, and initial
absorption for each set of covariates. To combine all the covariates in a single model, the
SummarizeGrowth() function, which uses the nl1sLM() function from minpack.lm package
(Elzhov et al., 2022) was adjusted to include them all. The exact function can be found in
Section A.1. The function was applied for each marker separately and had the final form de-
scribed by Equation (4.1). For the growth rate f(r), an effect for each media, each media and
marker interaction, and the presence of D-Xyloses were estimated and included in the model.
For the capacity f(K) an effect for each media was estimated. Finally, for the initial absorption
value f(yo), an effect for batches 2 and 3 was included (batch 1 was induced in the intercept).
The absence of the marker and alpha-D-glucose were also included in the respective intercepts.
The effect of all parameters, including intercepts, were reported together with the residual de-
grees of freedom and their p-values for further significance evaluation. The model was run on

Shttps://www.ncbi.nlm.nih.gov/bioproject/PRINASI7T728

*https://www.ncbi.nlm.nih.gov/biosample/SAMN31580265/

Shttps://genome. jgi.doe.gov/portal/AurpulNBB1/download/AurpulNBB1_AssemblyScaffolds_
Repeatmasked.fasta.gz

Shttps://genome. jgi.doe.gov/portal/Aurpul NBB1/download/Aurpul NBB1_GeneCatalog_20190122.gff3.
gz

7https://github.com/ablab/spades

8https://git.math.uzh.ch/rf-all/MSc_Thesis_LN/-/blob/main/R/bash_assemblies.sh

Shttps://github.com/LANL-Bioinformatics/PhaME

10https://git.math.uzh.ch/rf—all/MSc_Thesis_LN/—/blob/main/R/221122_phame_environment_final_
RaxML.ctl
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12 cores simultaneously. Some models failed to complete; those can be reproduced and fur-

ther investigated by reevaluating the code segment on 05_expGrowth_singleMediaGlsGAM.Rmd
11

on git.

3.5.2 GAM

For the GIsGAM, the function gam() from the mgcv package (Wood, 2011; Wood et al., 2016;
Wood, 2004, 2017, 2011) and the family was specified to gammals(). For the smaller model
(6 media and 5 markers), the experimental batch was included as a linear term, and for
each media marker interaction, a smooth term depending on time was used. Additionally,
a smooth effect for D-Xylose addition and a linear term for each media marker interaction
was also included. The maximum K for all smooths was set to 7. The formula for the scale
parameter was identical, except that the linear term for the media marker interaction was not
included. The model was estimated for each marker separately.

For the GIsGAM fitted on the residuals of a global model, first, the global model was
calculated using a normal GAM with a smooth effect for the absence or presence of the marker
and a linear term for the experimental batch. For this, a log link function was used. After back
transforming the residuals, a GIsGAM with the same parameters as above, however, without
any media or batch effect, was fitted on the residuals for each media separately. The whole
process was repeated for every marker, and the residual degrees of freedom, marker effect,
and p-value for each media were reported to evaluate their significance. The code can be
found in section A.1. Some models failed to converge; those can be reproduced and further
investigated by reevaluating the code segment on 06_G1sGAM_backfitting.Rmd on git.!?

3.6 SNP filtering and marker generation

To filter the SNPs for unique markers, the statgenGWAS package (van Rossum and Krui-
jer, 2022) with the function codeMarkers() was used to obtain random SNPs, which all
had a unique pattern of occurrence in the 31 isolates. The exact code can be found in the
03_SNPs_consolidation.Rmd'® and 04_SNP_filter_and_growthcurverGWAS.Rmd!* scripts on

git.

3.7 Significance testing

For all methods without genomic control, the alpha level for signification testing of the mark-
ers was set to 0.001, and Bonferroni correction was used to adjust for multiple testing. Ge-
nomic control was applied in both the exponential growth model and the GIsGAM. For this,
the residual degrees of freedom were calculated for each media, and with it, the genomic
inflation factor was calculated according to Equation (2.9) and applied as in Equation (2.10)
to adjust the p-values. In the GIsGAM, each media was tested separately and the Bonfer-
roni method for multiple testing was also used. The alpha level for significance in methods
adjusted for population structure was set to 0.05. Because global growth effects were not of
interest, significant markers present in multiple media were removed from the exponential
growth. The exact code can be found in the 07_Genes_with_sigSNPs.Rmd" file on git.

11https ://git.math.uzh.ch/rf-all/MSc_Thesis_LN/-/blob/main/R/05_expGrowth_singleMediaGlsGAM.
Rmd

12https ://git.math.uzh.ch/rf-all/MSc_Thesis_LN/-/blob/main/R/06_GlsGAM_backfitting.Rmd

Bhttps://git.math.uzh.ch/rf-all/MSc_Thesis_LN/-/blob/main/R/03_SNPs_consolidation.Rmd

4https://git.math.uzh.ch/rf-all/MSc_Thesis_LN/-/blob/main/R/04_SNP_filter_and_
growthcurverGWAS .Rmd

Bhttps://git.math.uzh.ch/rf-all/MSc_Thesis_LN/-/blob/main/R/07_Genes_with_sigSNPs.Rmd
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Chapter 4

Results

4.1 Data summary

The basis for this thesis are 31 A. pullulans isolates from various agricultural origins (Magoye
et al., 2020). As described in Chapter 1, the goal is to find methods that can accurately link
the growth phenotype to the genotype of these isolates.

4.1.1 Phenotype

The phenotypical data consisted of the ODgyy measurements from the A. pullulans isolates
grown in 61 different media. As expected, all isolates grew normally in Glucose, reaching
the stationary phase after 2 to 3 days (Figure 4.1 top left). On the other hand, there was no
growth in pure Water without any carbon source (Figure 4.1 bottom right). In other media,
growth was observed to vary, where some isolates grew better or worse than others, indi-
cated, for example, by the growth of different isolates in Dextrin and D-Galactose (sugars),
L-Proline(amino acid) and D-Sorbitol (alcohol) (Figure 4.1). In total, 32 sugar-, 18 acid-, 9
alcohol-, and 3 other media were tested (for the exact media, please refer to Biolog (2018)).

4.1.2 Genotype

As described in Section 3.4, the genomes of the A. pullulans isolates were sequenced, assem-
bled by SPAdes, and analyzed by PHaME. Figure 4.2 shows a graphical representation of the
summary statistics from PHaME. The reference genome had a length of 28'411'403 base pairs
in 12 contigs (outermost circle of Figure 4.2) and the core genome was 25'146'701 base pair in
length which corresponds to 88.51% of the whole genome. PHaME identified 1'226'483 SNPs,
of which 675828 were located within CDSs. The relative SNP density was higher in later
contigs and towards the beginning and end of a contig which was expected because of higher
recombination, lower gene density, and lower sequencing accuracy in these regions (Figure 4.2
second circle). For the same reasons, coverage of the 30 A. pullulans isolates against the ref-
erence genome was lower towards the later contigs and contig ends (Figure 4.2 innermost
circle). After filtering the SNPs, 3979 were identified as unique markers, patterns of absence
or presence of an SNP in isolates, which were used for the GWAS.

To summarize, over a time course of 7 days, ODggg of 31 A. Pullulans isolates in 61 media
was recorded, resulting in a total of 34656 data points as the phenotype. On the other hand,
for the genotype, 1'226'483 SNPs spread out through the genome with 3979 unique pattern of
occurrence in the different isolates (markers) were found.

4.2 Model selection

In Chapter 2, multiple ways of modeling growth data were introduced. In this section, the
model fitting parameters of those methods are discussed. Specifically, in Section 2.9, the
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Figure 4.1: ODgog (y-axis) of all 31 A. pullulans isolates (colors) in 6 out of 61 different media over the time
course of 8 days (x-axis). In Glucose (top left panel), after two days, most isolates reach the maximum capacity,
whereas no growth is observed in water (bottom right).

possible implementation of a marker as a covariate was described; however, with a total of
3979 markers, evaluating each model was deemed too laborious. Additionally, some models
already needed a lot of computation time which grew exponentially with every included
media. Therefore, a random selection of markers was used for model selection, and only the
6 media discussed in Section 4.1.1 were evaluated in the model.

4.2.1 Covariates

In addition to the markers, the different media, and the time point, many more parameters
could be included in the models. First, probably the most relevant covariant, D-Xylose, a
sugary media component shared by 12 wells in the growth plates, could potentially be used
as another carbon source for growth, especially in media where growth was slow. Second,
as described in Section 3.3, the experiment was conducted in 3 batches. Therefore, some of
the technical variability could be explained by including a batch effect in the model. Further
covariates, such as the origin of the isolates (leaves, flowers, soil) or media type (sugar, acid),
were not tested.

4.2.2 Exponential growth model

As mentioned before, the exponential growth model commonly used has three parameters
(Equation (2.2)) that depend on explanatory variables. First, the model was constructed such
that for each covariate, the growth rate r, the capacity K, and the starting absorption yo were
estimated separately. Due to the low flexibility of the model, some values were unrealistically
high, with maximum values reaching 176 for r and 54'447'233 for K. Nevertheless, most
estimates were in a reasonable range (Figures S1 and S2). However, another problem that
arose from estimating the parameters for each set of covariates separately was that the GWAS
would be conducted on estimated values already containing errors which can lead to bias.
In order to overcome these issues, the effect of the markers and any other covariate could
be estimated directly while estimating the parameters of Equation (2.2), resulting in a new
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Figure 4.2: Circos plot of the reference A. pullulans (NBB 7.2.1) genome. The outermost circle represents the 12
contigs (Chromosomes) with their respective length and the middle circle indicates the relative SNP density with
significant SNPs from the back-fitted GIsGAM represented as dots of different colors for the different media. The
innermost circle is the coverage of each of the 30 isolates in different colors, with low coverage closer to the center.

Equation:

_ £(K)
1+ (e exp ()’ v

with:
f(K) = Ko+ }_ B Xk,
fyo) =wo+ Z_Z:ﬁyoi Xy,
f(r) =Ko+ l;ﬁan

where each of the parameters had its own set of predictors X with the corresponding coef-
ficients B, this model gained much flexibility, and the effect of the markers could directly be
calculated by including them in the predictor variables. However, increasing the parameters
also led to an increase in the time needed to estimate the model. Since the model needed to be
calculated for every one of the 3979 unique markers (see Section 2.9), modeling time could be-
come limiting. Nevertheless, this model had considerably fewer parameters than the GIsGAM
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with factor-level smooths. Still, it saved much time to carefully consider which parameters to
include beforehand.

First, f(yo) was set to 0.1 as by the experimental design (see Section 3.3), and thus nei-
ther markers nor any other covariate should have affected f(yo). However, there are always
measurement errors when setting up the system; hence, the batch in which the experiment
was conducted was included as an effect on f(yo) to capture technical errors from one ex-
periment to the next. Second, the capacity K was mainly influenced by the growth media,
indicated, for example, by organisms not being able to reach a cell density-based capacity
when growth was poor (Figure 4.1, i.e., Water and L-Proline). On the other hand, in media
where good growth was observed, capacity could depend on the isolates, specifically, how
strongly they inhibit each other due to density or competition for nutrients. However, most
often, capacity was similar between isolates when good growth was observed (Figure 4.1,
i.e., alpha-D-Glucose). Therefore, in f(K), the media was included as a confounding factor.
Last, for growth rate r, which was of most interest to capture differential growth, the effect of
the marker interactions with the different media were used as predictor variables. Also, the
presence of D-Xylose was included in the growth rate as a confounder because, as mentioned
before, this is a sugar and thus drastically changed growth, especially in media without a
sugar carbon source. Taken together, Equation (4.1) was used for the model formulation of
the exponential growth model with Xk, the different media, Xy, the different experimental
batches, and f(r) ~ D-xylose + marker X media.

This model fitted the data well for standard growth patterns seen in Glucose; however,
the low flexibility is apparent, especially in media where unusual growth patterns were ob-
served (Figure 4.3). For example, the model overestimated the growth in dextrin during the
intermediate time points (2, 3, and 4 days). Nonetheless, compared with the GLM, the ex-
ponential growth model explained the deviance well. On average, the models had a residual
standard error of 0.15 on 5032 degrees of freedom, and there seems to be almost no struc-
ture left in the residuals. As expected, the Q-Q plot indicates a non-normal distribution with
heavy tails (Figure S6). The exact script for model selection can be found on git with the name
05_expGrowth_singleMediaGlsGAM. Rmd.!

423 GLM

The outcome variable of growth data (ODgg) is bounded by 0 and tends to have increasing
variance with increasing outcome values (see Section 2.7). Therefore, for the GLM, a gamma
distribution for the error and the inverse link function was chosen. The covariates, as dis-
cussed before, were included in the model such that the resulting final formula had the form:

¢(ODggp) ~ Time + Media X batch 4 Time X Media X marker + D-Xylose,

As expected, modeling the data with a GLM did not work well. Especially in media with
common growth patterns, the GLM overestimated the initial absorption, underestimated the
growth, and again overestimated the stationary phase (Figure 4.3, i.e., alpha-D-Glucose). This
effect was lessened in media with more unusual growth patterns (Figure 4.3, i.e., L-Proline).
On average, the GLMs could only explain 57.69% of the deviance with 5017 residual degrees
of freedom. Additionally, the residuals had a remaining pattern, and the Q-Q plot had a
heavy tail (Figure S5). The exact script for model selection can be found on git with the
name 05_expGrowth_singleMediaGlsGAM.Rmd.> Since the GLMs for other markers showed
comparably bad model fits, the GLM was not further investigated, and it only served the
purpose of a well-known model as a comparison in other sections.

1https ://git.math.uzh.ch/rf-all/MSc_Thesis_LN/-/blob/main/R/05_expGrowth_singleMediaGlsGAM.
Rmd

2https ://git.math.uzh.ch/rf-all/MSc_Thesis_LN/-/blob/main/R/05_expGrowth_singleMediaGlsGAM.
Rmd
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Figure 4.3: The three models, exponential growth (Equation (2.2)) (solid line), GIsGAM (Equation (2.4)) (dotted
line) and GLM (Equation (2.3)) (dashed line). A selection of 4 out of 6 media, on which model selection was
performed, is shown. The GLM does not fit the data well, the exponential growth model is not flexible enough
for some patterns, and the GIsGAM might be too flexible at some points. Only one marker is shown, which is
representative of the others.
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4.2.4 Gamma location scale GAM

As the most complex model, the GIsGAM triumphs with its flexibility (Section 2.5). However,
building a GIsGAM is not straitforward with so many covariates. A smooth function of
time for each combination was needed to test the interaction between media and marker.
Therefore, in Equation (2.4), Xy, g, is the vector of time points given a specific combination
of all media (m;) and marker (gx), where the marker can be either absent or present. For
the remaining two parameters (batch and D-Xylose), a fixed effect and an additional smooth
effect were included, respectively. In the GIsGAM, mean and scale are estimated separately,
with a separate set of predictors (see Section 2.7). Therefore, to estimate the scale parameter,
the same predictors were used for the mean resulting in a set of Equation:

log(,u) =Sou t+ Z Sy x gt (Xt\mjxgk)eb;,yxb, + Sdp,y(Xt\dp)
(mjxgk)

log(¢) = so,p + 2 Sijgk,tp(Xt\mjxgk)gbl,q)Xbl + Sdp,(p(Xt\dp)/
(mjxgx)

where b; are the three batches the experiment was conducted in and d, the absence or presence
of D-Xylose in the media. To estimate the number of basis functions for a smooth penalized
likelihood was used (Section 2.5). However, due to the structure of the growth data (one
measurement every day), wiggliness between measurements sometimes increased model fit
more than penalized and thus, after trying different thresholds for K; (Equation (2.7)), 7 was
chosen, compromising between flexibility and too high wiggliness (data not shown). Model
diagnostic showed a good fit with an average of 71.36% deviance explained. Furthermore,
the Q-Q plots had almost no heavy tails, and there seemed to be no structure left in the
residuals (Figure S3). The exact script for model selection can be found on git with the name
05_expGrowth_singleMediaGlsGAM.Rmd.> Considering the model on the selected subset of
data, it fitted well, whereas, for example, in Glucose, it captured the steep growth rate and
the high absorption on day 3. On the other hand, at later time points, a potentially too high
wiggliness was observed (Figure 4.3 top left). In sorbitol, however, the higher flexibility of this
model made it possible to increase the difference between the mean dependent on the marker
during intermediate time points (2, 3, and 4 days), while decreasing it again towards the end
of the measurement period (Figure 4.3 top right).

4.2.5 Modeling time

Table 4.1: Approximate computation time for the different models and the same subset of the data in seconds. The
2 media GIsGAM was the same model as the GIsGAM but only including 2 instead of 6 media

Model Time [s]
GLM <1
exponential growth 2
GIsGAM 2000

2 media GlsGAM 80
back-fitted GIsGAM 100

Since the model for the GWAS had to be calculated for every single marker, the time
for it to complete was an essential factor. For the three models tested in this section, the
GLM was calculated the quickest to complete(< 1 seconds). The exponential growth model
still took only a few seconds (2 s), whereas the GIsGAM needed roughly 2000 seconds for

3https ://git.math.uzh.ch/rf-all/MSc_Thesis_LN/-/blob/main/R/05_expGrowth_singleMediaGlsGAM.
Rmd
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completion (Table 4.1). Considering that those models were only evaluated on a subset of
the data (5 markers and 6 media), modeling time was going to increase even further with all
media included, as evident from the drastic reduction in modeling time when the media of
the GIsGAM were reduced to only two (80 seconds, Table 4.1). Therefore, the GIsGAM model
including all media, would take months to run for all markers, and thus, for this thesis, a
GlsGAM including all media at once was not feasible.

4.2.6 Back-fitting a G1IsGAM

Because the global growth effects of the markers were not a primary interest in this thesis,
modeling time could be reduced by fitting a GIsGAM for each media and marker separately.
However, there was evidence that markers with a global growth effect showed significance
in multiple media, inflating the number of positives with irrelevant markers (Figure S7 with
22'705 out of 23/435 markers showing significance in more than one media). To reduce false
positives, a global marker model was back-fitted for each marker before the GIsGAM for each
media was run on its residuals. For the model formulation of the global model, a normal
GAM on the log-transformed data with smooths dependent on time, the absence or presence
of the marker, and a linear effect for the experimental batch were used, resulting in

10g(ODg00) = 50 + Y 5, (Xt1g,) + 0, Xp,- (4.3)
8k

The model on the residuals was the same as in Equation (4.2); instead of a media marker
interaction, the model was evaluated for each media separately. Because D-Xylose addition in
the media might have a different effect depending on the media, specifically if there is another
sugar present. This covariate was not included in the global model, but in the GIsGAM on the
residuals. The typical growth curve form was lost in the visualization because most of this
structure can be captured by the global model and thus was no longer present in the residuals
(Figure 4.4). Nevertheless, meaningful differences from global growth could still be captured,
indicated by the increase in Glucose at time points 2, 3, and 4 days similar to Figure 4.3. On
average, the global models were able to explain 50.67% of the deviance, and the corresponding
GlsGAMs on its residuals could explain 23.78%, with large differences depending on the
media. Taken together, this is slightly less than the models on all media combined (71.36%).
Also, the diagnostic plots were comparable to the GIsGAMs with all media, considering that
only data points from one media were part of each diagnostic plot (Figure S4). Most notably,
the modeling time drastically decreased compared to the full GIsGAM to only 100 seconds
(Table 4.1). Therefore, it was possible to run this model on the complete data set within the
scope of this thesis. The exact script for model selection can be found on git with the name
07_Genes_with_sigSNPs. Rmd.*

To summarize model selection, both the exponential growth model as well as the GIsGAM
fitted a subset of data well, and as expected, the GLM faired poorly in comparison. Even
with many parameters, the exponential growth model was quickly calculated, whereas the
GlsGAM took a lot of time. An issue that could be solved by back-fitting global marker
models and running the GIsGAM on its residuals for each media separately.

4.3 GWAS

Both the back-fitted GIsGAM and exponential growth model were fit on the whole data set
containing 3979 markers and 61 different media, resulting in a total of 242’719 media-marker
interactions of interest. In the GIsGAM, an additional fixed effect for those interactions was
introduced to capture significant results easier. For both models, a low percentage failed to
converge or had other issues (data not shown). The errors were reported in the resulting

‘https://git.math.uzh.ch/rf-all/MSc_Thesis_LN/-/blob/main/R/07_Genes_with_sigSNPs.Rmd
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Figure 4.4: The GIsGAM run for each media separately on the residual ODggq (y-axis) of a global marker model
(Equation (4.3)). The data shown correspond to a single marker representative for others; only two of the six
media are shown.

data set of effects and p-values for the corresponding media-marker interaction. However,
no further investigation was conducted into the nature of those errors; those media-marker
interactions were excluded from downstream analysis.

43.1 GIsGAM GWAS

Running a GIsGAM on every media separately resulted in a total of 23435 significant markers
after Bonferroni correction, which is 9.7% of media-marker interactions (Figure S7). As men-
tioned before, some of those significant results were due to general growth effects of markers,
therefore showing significance in many media, inflating the number of positive media-marker
interactions. As a consequence, the GIsGAM on the residuals of the global growth model
(Equation (4.3)) resulted in much fewer significant media-marker interactions, specifically
8076 of which 4174 were shared with the previous GIsGAM (Figure S7 green and blue cir-
cle). As described in Section 4.1.2, those significant markers stand for many more SNPs with
the same pattern of occurrence in the different isolates of A. pullulans. As an example, the
8076 significant markers from the back-fitted GIsGAM corresponded to 5'135'191 SNPs in the
whole genome, of which 848512 lead to an amino acid change in 9168 different genes (Ta-
ble 4.2). Therefore, the GIsGAM on the residuals of a global model found a significant SNP
with amino-acid change in almost every gene in the A. pullulans genome, which was strong
evidence that many false positive results remained even after adjusting for multiple testing.
These false positives may result from the population structure of the isolates; hence genomic
control in the form of the genomic inflation factor (see Section 2.10) was used to correct for
possible population structure. The inflation factor for each media was calculated separately,
and the p-values were adjusted accordingly (as described in Equations (2.9) and (2.10)). This
genomic control drastically reduced the number of significant markers and resulted in only
34 genes containing significant SNPs, of which 12 had a functional annotation (Table 4.2).
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Table 4.2: Number of significant marker-media interactions and the number of affected genes for the GIsGAM
back-fitted on the global model and the exponential growth model. For both of them, in the second column,
genomic control with the genomic inflation factor was applied.

Model GIsGAM Exp growth mod

genomic control no yes no yes
Significant Markers 8076 44 45987 343
Total SNPs 5135191 607 18630508 260607
With AA change 848512 63 3049228 43749
Genes 9168 34 9375 6970
annotated genes 5130 12 5249 3886

4.3.2 Exponential growth model GWAS

The exponential growth model resulted in an even larger amount (45'987) of significant mark-
ers than the GIsGAM without back-fitting, of which 17979 were shared between the two (Fig-
ure S8). Most likely, many of those markers were false positives due to population structure
or had a global growth effect. Similarly, as in the GIsGAM, genomic control reduced the num-
ber of significant markers drastically, and in addition, only markers present in a single media
were considered to reduce global growth effects, resulting in 343 significant markers only.
Surprisingly though, not a single marker was communally found to be significant in both
the GIsGAM and exponential growth model when genomic control was applied (Figure 4.5).
Furthermore, the number of SNPs that shared a pattern of occurrence with the significant
markers was much larger than in the GIsGAM, indicating that the exponential growth model
found SNP patterns to be significant, which are more common in this population of A. pullu-
lans. Therefore, the number of genes affected by these SNPs remained relatively large, with
6970 genes, of which 3886 were annotated (Table 4.2).

Taken together, without genomic control, both GIsGAM and exponential growth models
found many false positive media-marker interactions affecting growth. Controlling those false
positives with the genomic inflation factor greatly reduced the number of significant mark-
ers. However, the GIsGAM and the exponential growth model found different media-marker
interactions affecting growth.

4.4 Gene identification

To determine if the SNPs with significant association with growth were true positive results,
the genes they were a part of were investigated in more detail. Even though experimental
techniques such as heterologous expression and even computational methods (for example,
predicting protein folding) could be used to study genes not yet annotated, those genes were
not further looked at, but rather, the focus was put on genes that already had an annotation.

4.4.1 Genes identified with the GIsGAM

As mentioned before, there were 12 genes with annotation identified to be associated with
growth by the GIsGAM fitted on the residual of a global model. These genes were found to
be associated with 3 different media or, more specifically, 8, 3, and 1 genes were associated
with growth in Acetoin, Quinic-acid, and L-Malic-acid, respectively. Those genes originated
from 3 different markers, of which only one, associated with differential growth in L-Malic
acid, was present in more than one isolate. Revisiting the growth data of this marker in malic
acid, a very typical growth effect can be observed. Without the SNPs, growth was increased
during the intermediate time points (after 2, 3, and 4 days), indicating a higher growth rate.
However, in the end, the growth again became more similar, which was evidence of similar
capacity even though substrates could be utilized differently (Figure 4.6). L-Malic acid is part
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Fiqure 4.5: Venn diagram of significant markers from the back-fitted GIsGAM and the exponential growth model
both with (orange and pink respectively) and without genomic control (green and purple). Most of the significant
markers were uniquely found by each model, and there was no overlap of significant markers found with the two
models under genomic control.

Backfit GIsGAM

of the citric cycle, the main source of NADPH unitized to produce ATP in cells and, there-
fore, could drastically alter their metabolism. The gene associated with differential growth
in L-Malic acid was a carboxylesterase (Table 4.3), which is an enzyme that catalyzes the
hydrolyzation of carboxyl-ester bonds and thus is involved in many metabolic and anabolic
processes. Furthermore, there were 3 SNPs in this enzyme, all present in the same subset of
isolates. They changed one asparagine (N) to a threonine (T), a serine (S) to an arginine (R),
and a histidine (H) to a lysine (K). N, T, and S are polar amino acids, and R, H, and K are basic
amino-acid; therefore, only the change from S to R shifted the general biochemical property
of that amino acid. Nevertheless, it is difficult to conclude any functional changes without a
much more detailed investigation into this gene, which was beyond the scope of this thesis.

Interestingly, two different sugar transport were associated with differential growth in
Quinic acid, a compound found in plants such as coffee (Table 4.3). Since Quinic-acid forms
chair structures the same way sugars do, these transporters may be involved in how this
compound is taken up. In Acetoin, proteins connected to protein and DNA modifications,
such as the kinase, the methyltransferase, and the DNA binding protein, were found to be
associated with growth (Table 4.3). Acetoin is used by some fermenting bacteria as external
energy storage (Gossauer, 2006) and thus might be used by yeasts in the same way since
proteins that modify DNA and other proteins hint towards metabolic pathway changes in
those yeasts that were growing better in Acetoin. Nevertheless, association with growth in
both Acetoin and Quinic acid was based on markers present only in a single Isolate, and thus
there were few data points as bases (Figures S9 and S10).

4.4.2 Genes identified with the exponential growth model

Section 4.3.2 discussed that none of the markers significantly associated with growth in spe-
cific media from the GlsGAM matched those found with the exponential growth models. Also,
evaluating those significant markers for the exponential growth model led to 3886 genes. Even
though these are too many genes to be looked at individually, some might give insight into
whether or not the exponential growth model was able to identify true positive SNPs in a
GWAS.

There were 10 different media that those genes were associated with, of which 4 had
less than ten genes associated with differential growth (Table S2). Interestingly, D-Galactose
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Figure 4.6: The GIsGAM for the significant SNPs in gene relevant for L-Malic-acid. The model is fit on the
residual absorption of a global model accounting for batch and global SNP growth effect. In this specific case,
the presence of the marker stands for having the specific SNPs in the carboxylesterase gene, as described in
Section 4.4.1.

had only one gene associated, which was an amidohydrolase (Table 4.4). However, there
is no direct link between an amidohydrolase, which hydrolyze amid bonds, and galactose
metabolism. Also, the effect of this marker was small, increasing the growth rate in Galactose
when present by only 0.05. Similar to the GIsGAM, many markers were only present in a
single isolate; therefore, the data points for those were few, and thus they were not as reliable
as the results from a broader mixture of isolates. From those media that had less than ten
genes associated with them, other than with D-Galactose, only marker interactions with D-
Mannitol, an additive for well-known bacterial growth media (mannitol salt agar or MSA),
was found to be present in more than three isolates. The genes associated with those markers
were not found to have a direct impact on metabolism involving mannitol; however, some,
such as the quinate permease and the putative membrane protein, might have transporter
activity (Table 4.4). Revisiting the growth data, a clear difference between isolates that have
that specific marker vs. those that do not were observed (Figure 4.7). However, more research
into those genes and genes involved without annotations is necessary to further understand
whether the exponential growth model can identify growth-relevant genes in a GWAS.

With both methods, the exponential growth model and the GlsGAM, it was possible to
identify genes that may play a role in growth in the respective media they were associated
with. Furthermore, many genes with yet unknown functions could be investigated in more
detail using experimental and computational methods to identify novel gene functions in
A. pullulans. Even though the results were very promising, a true causal relationship can
only be found with further experimental technics, and therefore, the answer to the question
of whether the implemented methods could identify genes truly associated with differential
growth remains inconclusive. Nevertheless, identifying a few possible targets to investigate
further is the first stepping stone to better understanding A. pullulans or other organisms as
well.
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Figure 4.7: The exponential growth model for the significant marker in the amidohydrolase gene relevant in
D-Galactose (top) and in the quinate permease gene for D-Mannitol (bottom).
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Table 4.3: Annotated genes associated with differential growth in the respective media according to the GIsGAM
fit on the residuals of a global growth model. Except for L-Malic acid, the results are based on a marker present
in a single isolate.

Protein annotation Media
serine/threonine protein kinase Acetoin
Copper amine oxidase%2C enzyme domain-domain containing protein =~ Acetoin
S-adenosyl-L-methionine-dependent methyltransferase Acetoin
ARID/BRIGHT DNA-binding domain-containing protein Acetoin
Major facilitator superfamily domain-containing protein Acetoin
Putative serine esterase (DUF676)-domain containing protein Acetoin
6-phosphogluconolactonase Acetoin
lactoylglutathione lyase-like protein Acetoin
Nucleoside phosphorylase domain-containing protein Quinic_acid
putative sugar transporter STL1 Quinic_acid
Sugar (and other) transporter-domain containing protein Quinic_acid
carboxylesterase L_Malic_acid

Table 4.4: Annotated genes associated with differential growth in D-Galactose and D-Mannitol according to the
exponential growth model. Including the effect of the marker corresponding to those genes.

Protein annotation Media Effect on r
P-loop containing nucleoside triphosphate hydrolase protein D_Mannitol -0.11
quinate permease D_Mannitol -0.12
putative membrane protein D_Mannitol -0.12
Major facilitator superfamily domain-containing protein D_Mannitol -0.12
short chain dehydrogenase/ reductase-like protein D_Mannitol -0.12
amidohydrolase D_Galactose 0.05
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Chapter 5

Conclusion

The yeast-like fungus Aureobasidium pullulans is abundant in the environment, and in addition
to its industrial use to produce pullulan, it is also a biocontrol agent in agriculture. It has
shown various fungicide resistance and strong antagonistic effects against plant pathogens.
Nevertheless, neither mechanisms of antagonism nor resistance are well understood, and
many genes of the A. pullulans genome remain functionally unidentified. Therefore, further
studies into this yeast-like fungus’s genetics and molecular pathways are necessary.

In this thesis, we hypothesized that it was possible to find methods to investigate growth
patterns and link them to genetic variation in the population of A.pullulans. Linking pheno-
typical data such as growth to genomic data is usually done by a GWAS, where SNPs are
tested for their association with the phenotype with a linear model. However, growth is not
a simple phenotype but a development over time, and values calculated to describe growth,
such as the growth rate, are associated errors that, when not taken into account, can lead to
bias in the linear models of the GWAS. Therefore, we supposed the combination of growth
curve modeling with the SNPs as a contributing effect and investigated the different models’
capability to identify significant genotype-phenotype association.

For this, 31 isolates of A. pullulans were grown in 61 different growth media, and an
SNP database of their core genome was constructed, resulting in 34656 data points for the
phenotype and 3979 unique markers as the genotype. Model selection on a subset of media
and markers revealed that a GLM was a poor fit for this growth data set and very likely
for growth data in general. The exponential growth model fitted the data well but was not
flexible enough to fit unusual growth or nuances. In contrast, the GIsGAM could fit even those
patterns flexibly, but model estimation took too long to be a feasible model for a GWAS. A
problem that could be resolved by fitting a GIsGAM for each media separately on the residuals
of a global GAM. With this model, global growth effects were not mistaken for media-specific
ones while reducing the number of parameters in each model and, therefore, the time spent
on parameter estimation.

The GIsGAM on the residuals of a global GAM was deemed the best option to investi-
gate the association of genetic markers with growth. However, many clonal organisms, such
as A. pullulans, can have inflated test statistics of genetic association due to their population
structure. In fact, too many significant marker-media interactions were found in the GIsGAM
for them to be only true positives, and the same was the case for the exponential growth
model. Furthermore, the false positives masked the true positives, indicated by the fact that
many markers found after genomic control were not found by the models without it (valid
for both the GIsGAM and the exponential growth model). Ultimately, the exponential growth
model still had too many significant marker-media interactions for every single one to be
explicitly investigated. Nevertheless, some showed apparent growth differences in the orig-
inal data, even though the function of the involved genes could not be linked directly to
the specific media. Still, the time invested into the research of those genes was short, and
therefore, more research might give clearer insight and thus could still be a genetic basis of
differential growth. In the GIsGAM SNPs in a carboxylesterase had an apparent growth ef-
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fect in L-Malic-acid indicating the potential of the GIsGAM to find those striking effects in
a flood of data. Nevertheless, these are only associations; for causal inference, it is vital to
include further experiments to test these genes. For example, by generating knockouts in A.
pullulans via CRISPR/Cas9 systems or heterologous expressing those genes in other species,
such as S. cerevisiae, could reveal which are truly causal for differential growth. Importantly
this does not stop at genes of which the function is known, but the same technics can be
applied to genes of yet unknown function and associated significant markers with starting
revealing their molecular mechanisms. Apart from experimental methods, these target genes
could also be investigated further computationally. Algorithms that predict protein folding
could be applied to find related proteins, or other annotation pipelines could be tested to
identify gene functions. Additionally, other methods for genomic control, such as the treewas
method, which calculates ancestral phenotypes and adjusts for population structure in three
different scores (Collins and Didelot, 2018), could be used instead of the genomic inflation
factor. Furthermore, generalized nonlinear least squares methods for the exponential growth
model might improve the performance of this model and, therefore, could narrow down the
number of genes with significant markers.

In conclusion, it is a good practice to reduce bias by including the marker for a GWAS
in phenotype modeling rather than separating those two tasks. This is true not only for
growth data but GWAS in general, which many GWAS packages have implemented; however,
when the modeling of the phenotype becomes more complicated, especially when nonlinear
models are needed, conventional GWAS packages fall short. For modeling growth curves, the
GIsGAM was the preferred option of those tested; however, the exponential growth model
had its merit, for example, when the effect of the markers should remain easy to interpret
or effects on specific values such as capacity or growth rate were of interest. However, true
causal interaction of marker and phenotype cannot be found with these in silico methods, but
associative interaction helps narrow the field to a feasible amount to be tested in vitro.
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Appendix A

Appendix

A.1 Software

In this section the R code for three main functions for modeling are presented followed by the
session information.

###### Loading packages for this report #HRA##H#HHHH
## for the relevant packages please refer to the section session info
## to make sure all need packages ar tstalled

######t Exzponential growth function #A####HHALY
library(growthcurver)

# Fits a logistic curve to data.

# This function was adjusted from the growthcurver package

# to include additional predictor wariables

# This function fits a logistic curve to the supplied data, namely
#n(t) =K/ (1 + ( (K- 0NO)/ NO) * ecp(-r * t), where

# N(t) is the number of cells (or density) at time t,

# K i1s the carrying capacity,

# NO 1s the initial cell count or density, and

# r is the "growth rate”.

# Oparam data_t 4 vector of timepoints (data_n must also

# be provided and be the same length).

# Oparam data_n A vector of cell counts or absorbance readings.
# Oreturn An object of class nls.

# Okeywords growth curves

FitLogistic <- function(data,

data_n = colnames(data) [1],

data_t = colnames(data) [2],

ad_pred = colnames(data) [
-which(colnames(data) %in% c(data_n,data_t))
1,

form_onr = pasteO(ad_pred, collapse = " + "),

form_onNO = NULL,

form_onK = NULL,

glob = TRUE) {

# make sure that the inputs are wvalid
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if (!is.vector(datal,data_t]) | !is.vector(datal,data_n])) {
stop("Error: The input data
(data_t and data_n) must be vectors.")
}
if (lis.numeric(datal,data_t]) |'!is.numeric(datal,data_n])) {
stop("Error: The input data
(data_t and data_n) must be numeric.")
}
if (length(datal,data_t]) != length(datal[,data_n])) {
stop("Error: The input data
(data_t and data_n) must have the same length.")

# # put together data
# d <- data.frame(cbind(data_t, data_n))
# names (data[,which(co)]) <- c("t", "n'")

# make some guesses for the initial parameter values

k_init <- max(datal,data_nl) # carrying capacity is near the max
# init population size ts mear the min

n0_init <- min(datal[,data_n] [data[,data_n] > 0])

Xr <- as.data.frame(model.matrix(as.formula(paste0("™",
ifelse('is.null(form_onr),
form_onr,1)

)),
data=data))
colnames (Xr) <- chartr("-", "_", colnames(Xr))
colnames (Xr) <- chartr(":", "_", 6 colnames(Xr))
colnames (Xr) <- chartr(",", "_",6colnames(Xr))
colnames (Xr) <- chartr(" ", "_", colnames(Xr))

XK <- as.data.frame(model.matrix(as.formula(pasteO("™",
ifelse('is.null(form_onkK),
form_onK,1)
)), data=data))

colnames (XK) <- chartr("-", "_", colnames(XK))
colnames (XK) <- chartr(":", "_", colnames(XK))
colnames (XK) <- chartr(",", "_", 6 colnames (XK))
colnames (XK) <- chartr(" ", "_", colnames(XK))

XNO <- as.data.frame(model.matrix(as.formula(paste0("™",
ifelse('is.null(form_onNO),
form_onNO, 1)
)), data=data))

colnames (XNO) <- chartr("-", "_", 6 colnames(XNO))
colnames (XNO) <- chartr(":", "_", 6 colnames(XNO))
colnames (XNO) <- chartr(",", "_",6 colnames(XNO))
colnames (XNO) <- chartr(" ", "_", 6 colnames(XNO))

if (isFALSE(glob)) {
Xr[,2] <-NULL
XK[,2] <-NULL
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XNO[,2] <-NULL

}
X <- cbind(Xr[,names(Xr) != "(Intercept)"],
cbind (XK [,names (XK) != "(Intercept)"],
XNO[,names (XNO) != "(Intercept)"]))
colnames(X) <- c(colnames(Xr) [names(Xr) != "(Intercept)"],
colnames (XK) [names (XK) != "(Intercept)"],
colnames (XNO) [names (XNO) != "(Intercept)"])

Xr$™ (Intercept)”™ <-NULL

XK$" (Intercept)”™ <-NULL

XNO$™ (Intercept) ™ <-NULL

X <- X[,unique(colnames(X))]

data <- cbind(data, X)

# make an initial estimate for all parameters

form_int <- as.formula(pasteO(data_n, " / k_init ~", data_t))

if (is.null(form_onr)) {

form_int <- as.formula(pasteO(data_n, " / k_init 7",
data_t))
} else {
form_int <- as.formula(pasteO(data_n, " / k_init ~",

data_t,"+",form_onr))

glm_mod <- stats::glm(formula = form_int,
family = stats::quasibinomial("logit"),
data = data)

r_init <- stats::coef(glm_mod) [[data_t]] # slope
param_init <- c(rep(0,times = length(colnames(X))))
names (param_init) <- colnames(X)
if ('is.null(form_onr)) {
for (i in names(stats::coef(glm_mod)) [!names(
stats::coef(glm_mod)) %inj, c(data_t,
"(Intercept)")]) {
param_init[[i]] <- stats::coef(glm_mod) [[i]]

if (r_init <= 0) {
# the slope should only be positive for a growing culture, so default
# to something small
r_init <- 0.001

start <- list(k = k_init,

n0 = nO_init,

r = r_init)
lower <- c(stats::median(datal,data_n]), 0, 0)
upper <- c(Inf, max(datal,data_n]), Inf)
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if ('is.null(form_onkK)) {
fK <- paste0("b_K",1:length(colnames(XK)),
oo
colnames (XK) ,
collapse = " + ")
n_K <- pasteO("K_",colnames (XK))
fK <- paste("+", fK)
for (i in 1:length(colnames(XK))) {
start [[paste0("b_K",1)]] <- max(datal[which(
datal[,colnames(XK) [i]] == 1),data_n]) -
k_init +
0.001
lower <- c(lower, 0)
upper <- c(upper, Inf)

}
} elsed{
£K < "o
n_K <- NULL
}

if ('is.null(form_onNO)) {

fNO <-pasteO("b_n0",1:length(colnames(XNO)),

n * n ,
colnames (XNO) ,
collapse = " + ")

n_NO <- pasteO("NO_",colnames(XNO))
fNO <- paste("+", £NO)
for (i in 1:length(colnames(XN0))) {
start[[paste0("b_n0",1)]] <-min(datal[which(
datal[,data_n] > 0
& datal,colnames(XNO) [i]] == 1 ),data_n]) -
nO_init +
0.001
lower <- c(lower, 0)
upper <- c(upper, Inf)

}
} else {
£NO <- "
n_NO <- NULL
}

if (!'is.null(form_onNO)) {
fr <- pasteO("b_r",1:length(colnames(Xr)),
T
colnames (Xr),
collapse = " + ")
n_r <- paste0("r_",colnames(Xr))
fr <- paste("+", fr)
for (i in 1:length(colnames(Xr))) {
start [[paste0("b_r",i)]] <- param_init[[i]]
lower <- c(lower, -Inf)
upper <- c(upper, Inf)
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}
} else{
fr <-nn
n_r <- NULL
}
new_form <-as.formula(pasteO(data_n,
"ok,
fK,
")/ @+ C k",
fK,
") - (no",
£fNO,
")) / (nO",
£NO,
")) * exp(-(r",
fr,
") ok,
data_t,
"D ))

suppressWarnings(
nls_mod <- tryCatch(

minpack.lm: :n1sLM(new_form,
start = start,
control = list(maxiter = 500),
lower = lower,
upper = upper,
data = data),

error = function(e) {

stop("Error: Growthcurver FitLogistic cannot fit data.")

)
fO <- as.formula(pasteO(data_n,
"ok,
")y /(1 + (k"
,") - (no",
")) / (no",
")) * exp(-(r",
") ox ",
data_t,
"))"))
mod0 <- minpack.lm::nlsLM(fO,
start[c(1,2,3)],
control = list(maxiter = 500),
lower([c(1,2,3)],
upper = upper[c(1,2,3)],
data = data)
resDf <- c(anova(mod0, nls_mod, test="Chisq")[2,1])

start

lower
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return(nls_mod)

# co <- summary(nls_mod)$coefficients

# rownames(co)[-c(1,2,3)] <- c(n_K, n_NO, n_7r)

# co <- as.data.frame(co)

# co$resDf <- resDf

# return(co)
}
data <- rel_data_SNP[,c(8,10,11,6,4,12)]
data$batch <- as.factor(data$batch)
data$D_Xylose <- as.factor(data$D_Xylose)
data$Media <- as.factor(data$Media)
co <- FitLogistic(data = data,

form_onr = "+ D_Xylose + Media * G_A_12432577",
form_onNO = "+ batch", form_onK = "+ Media")

# moldeling_time <- list()
ExpGroth<- list()
moldeling_time[["ExpGrowth"]] <-system.time({

for (i in colnames(markers_clean) [rel_SNPs]) {

co <- list()
#for (j in unique(rel_data_SNP$Media)) {
data <- rel_data_SNP[#which(rel_data_SNP$Media == 7)
c(8,10,11,6,
4,
which(colnames(rel_data_SNP) == i))]

b

expsum <- summary(ExpGroth[[colnames(markers_clean) [rel_SNPs][2]]1])

if (length(unique(data$D_Xylose)) > 1) {

fr <- pasteO("+", i,

"x Media",
"+ D_Xylose")
} else{
fr <- pasteO("+", i
,"* Media")
}

ExpGroth[[i]] <- FitLogistic(data = data,

form_onr = fr,
form_onNO = "+ batch",
form_onK = " + Media")

expsum.reserr <- 0
for (i in colnames(markers_clean) [rel_SNPs]) {

}

expsum.reserr <- round(expsum.reserr/length(rel_SNPs),digits
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#ERAAR GLSGAN ##A#HRA#Z#A#E

library(mgcv)

library(gratia) # for the function appraise
library(mgcViz)

# K <- 7

# GAMs <- list()

# moldeling_time[["GAM"]] <-system.time({

# for (i in colnames(markers_clean)[rel_SNPs]) {

# f <- list(formula(paste0("nm600 ~ s(Time, k=K, by = Media:",
# z,

# ") o+,

# z,

# "xMediats (Time, k=K, by = D_Xylose)+batch")),
# formula(paste0 (" s(Time, k=K, by = D_Xylose)+

# s(Time, k=K, by = Medza:",

# i,

# ")+batch"))

# )

# gam_mod <- gam(f, data = rel_data_SNP,

# family = gammals(), method = "REML")

# GAMs[[i]] <- gam_mod

# # print (i)

# }

# 1)

# save(GAMs, file = "../../Data/RData/Models/GAM_results.Rdata")

# save(moldeling_time, file = "../../Data/RData/Models/modtime.Rdata")

load("../../Data/RData/Models/GAM_results.Rdata")
load("../../Data/RData/Models/modtime.Rdata")
K <-7
#
moldeling time[["GAM_2_media"]] <-system.time({
for (i in colnames(markers_clean) [rel_SNPs]) {
f <- list(formula(pasteO("nm600 ~ s(Time, k=K, by = Media:",
i,
") o+",
i,
"xMedia+s(Time,k=K, by = D_Xylose)+batch")),
formula(pasteO("~s(Time, k=K, by = D_Xylose)+
s(Time, k=K, by = Media:",
i,
")+batch"))
)
gam_mod2 <- gam(f,
data = rel_data_SNP[which(
rel_data_SNP$Media %in% rel_medialc(1,2)]1),]1,
family = gammals(), method = "REML")
# print (i)

b
GAMsum <- summary(GAMs[[colnames (markers_clean) [rel_SNPs][2]]1])
gamdev <- 0
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for (i in colnames(markers_clean) [rel_SNPs]) {
gamdev <- gamdev + summary(GAMs[[i]]) [["dev.expl"]1]*100

}
gamdev <- round(gamdev/length(rel_SNPs),digits = 2)

###### back-fitted GlsGAM##########H
Backfit <- function(SNP, K = 7, dat, outcome = "nm600"){
set.seed(2023)
mod <- list()
dat_trans <- dat
dat_trans[,outcome] <- log(dat_trans[, outcome])

# Global Model:
# A global smooth for the current SNP 2s calculated.
# (Also, the batch is included since it is not of interest)
# The D_Xylose media addition ts mot included
# because the interaction with the media has to be captured
mod_SNP <- gam(formula = formula(pasteO(outcome,
"~ s(Time, k=K, by = ",
SNP,
II)II,
"+ batch +",
SNP)),
data = dat_trans, method = "REML")
mod [["Global"]] <- mod_SNP
# We are only interested in the residuals of the model
SNP_mod_res <- exp(residuals(mod_SNP))

# Adinding the residuals of the global models as the new outcome wariable
dat.2 <- data.frame(SNP_mod_res)

colnames(dat.2) <- paste(SNP, outcome, sep= "")

dat.3 <- cbind(dat, dat.2)

# Setting up a return data frame
SNP_test <- data.frame(matrix(ncol = 5, nrow = 0))
colnames(SNP_test) = c("SNP","Media", "effect", "p_val", "warn"

# loop tho calculate gam for each media separately
for (j in unique(dat.3$Media)) {

Gam_ls_mod <- "empty"

war <- "no"

rel_dat <- dat.3[which(dat.3$Media == j),]

# The formula depends on whether or not the current media
# has a D_Xylose addition
if (length(unique(rel_dat$D_Xylose)) == 2) {
f_gam <- list(formula(pasteO(SNP,
outcome,
"~ s(Time, k=K, by = ",
SNP,
DR
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"+s(Time,k=K, by = D_Xylose)",
||+|| s

SNP)),
“s(Time, k=K, by = D_Xylose)+s(Time,k=K))
} else {
f_gam <- list(formula(pasteO(SNP,outcome," ~ s(Time, k=K, by = ",
SNP,
II)II’
nyn
SNP)),
~ s(Time,k=K))
}

# Actual Gam calculation with catching errors and warnings
Gam_ls_mod <- gam(formula = f_gam ,

data = rel_dat,

family = gammals(),

method = "REML")
mod[[j]] <- Gam_ls_mod
}
return(mod)

}

out <- list()

moldeling_time[["backfit"]] <-system.time({
for (i in colnames(markers_clean) [rel_SNPs]) {
out[[i]] <- Backfit(i, dat = rel_data_SNP)
}
19)

A.2 Session info

## R version 4.3.1 (2023-06-16)

## Platform: x86_64-pc-linux-gnu (64-bit)

## Running under: Ubuntu 22.04.2 LTS

##

## Matrix products: default

## BLAS:  /usr/lib/x86_64-linux-gnu/blas/libblas.s0.3.10.0

## LAPACK: /usr/lib/x86_64-linux-gnu/lapack/liblapack.s0.3.10.0
##

## locale:

## [1] LC_CTYPE=en_US.UTF-8 LC_NUMERIC=C

## [3] LC_TIME=en_US.UTF-8 LC_COLLATE=en_US.UTF-8
## [5] LC_MONETARY=en_US.UTF-8 LC_MESSAGES=en_US.UTF-8
## [7] LC_PAPER=en_US.UTF-8 LC_NAME=C

## [9] LC_ADDRESS=C LC_TELEPHONE=C

## [11] LC_MEASUREMENT=en_US.UTF-8 LC_IDENTIFICATION=C

#it
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## time zone: Europe/Zurich
## tzcode source: system (glibc)

##

## attached base packages:

## [1] grid stats4 stats graphics grDevices utils datasets
## [8] methods base

##

## other attached packages:
## [1] VennDiagram 1.7.3  futile.logger_1.4.3 xtable_1.8-4

## [4] propagate_1.0-6 minpack.lm_1.2-3 ff_4.0.9

## [7] bit_4.0.5 Rcpp_1.0.10 tmvtnorm_1.5

## [10] gmm_1.8 sandwich_3.0-2 mvtnorm_1.2-2

## [13] MASS_7.3-60 BioCircos_0.3.4 readxl_1.4.2

## [16] reshape2_1.4.4 lme4_1.1-33 Matrix_1.5-4.1

## [19] cowplot_1.1.1 mgcViz_0.1.9 ggplot2_3.4.2

## [22] gqgam_1.3.4 mgcv_1.8-42 nlme_3.1-162

## [25] RColorBrewer_1.1-3 knitr_1.43

##

## loaded via a namespace (and not attached):

## [1] tidyselect_1.2.0 viridisLite_0.4.2 dplyr_1.1.2

## [4] farver_2.1.1 viridis_0.6.3 fastmap_1.1.1

## [7] reshape_0.8.9 GGally_2.1.2 promises_1.2.0.1
## [10] digest_0.6.32 mime_0.12 lifecycle_1.0.3
## [13] ellipsis_0.3.2 magrittr_2.0.3 compiler_4.3.1
## [16] rlang_ 1.1.1 tools_4.3.1 utf8.1.2.3

## [19] lambda.r_1.2.4 labeling_0.4.2 htmlwidgets_1.6.2
## [22] plyr_1.8.8 KernSmooth_2.23-21  gamm4_0.2-6

## [25] miniUI_0.1.1.1 withr_2.5.0 fansi_1.0.4

## [28] colorspace_2.1-0 scales_1.2.1 iterators_1.0.14
## [31] c1i_3.6.1 generics_0.1.3 rstudioapi_0.14
## [34] minga_1.2.5 stringr_1.5.0 splines_4.3.1

## [37] parallel_4.3.1 formatR_1.14 cellranger_1.1.0
## [40] matrixStats_1.0.0 vctrs_0.6.3 boot_1.3-28

## [43] jsonlite_1.8.7 foreach_1.5.2 glue_1.6.2

## [46] nloptr_2.0.3 codetools_0.2-19 stringi_1.7.12
## [49] gtable_0.3.3 later_1.3.1 munsell_0.5.0

## [52] tibble_3.2.1 pillar_1.9.0 htmltools_0.5.5
## [65] R6_2.5.1 doParallel_1.0.17 evaluate_0.21

## [58] shiny_ 1.7.4 lattice_0.21-8 highr_0.10

## [61] futile.options_1.0.1 httpuv_1.6.11 gridExtra_2.3

## [64] xfun_0.39 z00_1.8-12 pkgconfig 2.0.3

A.3 Supplemetary figures and tables
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Figure S1: Distribution of the capacity K estimated for each parameter setting with Equation (2.2). Some Ks are
too large to be feasible and are likely an artifact of the low flexibility of the model, thus, this figure only includes

capacities smaller than 10.16.39% of Ks were larger than 10
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Figure S2: Distribution of the growth rate r estimated for each parameter setting with Equation (2.2). Some
rs are too large to be feasible and are likely an artifact of the low flexibility of the model, thus, this figure only

includes growth rates smaller than 10. Only 0.79% of rs were larger than 10
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Q-Q Plot, method = normal

-2 0 2
Theoretical quantiles

normalized deviance residual

Resids vs. linear pred.

residuals

linear predictor

count

Response

Histogram of residuals

400
300 A
200 -
100 A
O L - — T T T - T
-2.5 0.0 25 5.0
resid

Response vs. Fitted Values

‘e % & e %o
CoPM4 ctes

0.0 - . ;
0.2 0.4 0.6 0.8 1.0

Fitted Values

Figure S3: Model evaluation plot for the gamma location scale GAM presented in Section 4.2.4. The diagnostics
plots are shown for only one marker as an example for others. Tails can be observed in the Q-Q plot (top left
panel). There seems to be no remaining structure in the residuals, as shown in the residuals plotted vs. the linear
predictor (bottom left). The residuals are asymmetrically distributed, which is expected for a gamma distribution

(histogram top right panel).
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Figure S4: Model evaluation plot for the GIsGAM back-fitted to the residuals of a global marker model for one
representative media. This model was presented in Section 4.2.6. The diagnostics plots are shown for only one
marker and media as an example for others. Tails can be observed in the Q-Q plot (top left panel). There seems to
be not much remaining structure in the residuals, as shown the residuals plotted vs. the linear predictor (bottom
left). The residuals are asymmetrically distributed, which is expected for a gamma distribution (histogram top

right panel).
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Residuals vs Fitted Q—-Q Residuals
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Figure S5: Model evaluation plot for the GLM presented in Section 4.2.3. The residuals have a remaining
structure, as shown in the residuals vs. fitted plot (left panel) and the Q-Q plot (right panel) has a heavy tail
indicating disagreement with the distribution assumption.
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Figure S6: Model evaluation plot for the exponential growth presented in Section 4.2.2. The residuals might have
some decreasing structure left (left panel) and the Q-Q plot indicates strong disagreement with the distribution
assumption.
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Figure S7: Venn diagram of significant SNPs from the GIsGAM models tested. The GIsGAM one every media
separatly without a global model (green), the glsGAM back-fitted on a global GAM with (blue) and without
(orange) genomic control. The overlap of significant markers between the three models is small.
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Fiqure S8: Venn diagram of significant SNPs from the exponential Growth models (with genomic control in blue
and without in orange) and the GIsGAM one every media separatly without a global model (green).
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Figure S9: The gamma location scale GAM for the significant SNPs in genes relevant for the media Acetoin. The
model is fit on the residual absorption of a global model accounting for batch and global SNP growth effect. The

marker is based on its presence in a single isolate.
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Figure S10: The gamma location scale GAM for the significant SNPs in genes relevant for the media Quinic-acid
The model is fit on the residual absorption of a global model accounting for batch and global SNP growth effect.

The marker is based on its presence in a single isolate.
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Table S1: The 31 iolates and their isolation information

origin season isolation_fungicide Isolate_name
leaf autumn  Flint (Trifloxystrobin) LF3.10
leaf autumn  Captan 80 WD (CPN) LC1.9
leaf autumn  Captan 80 WD (CPN) LC1.3
leaf autumn  Captan 80 WD (CPN) LC5.2
leaf autumn  Chorus (CYP) LCH2.1
leaf autumn  Chorus (CYP) LCH10.2
leaf autumn  Chorus (CYP) LCH5.9
leaf autumn Slick (DEN) LSK10.4
leaf autumn Slick (DEN) LSK2.11
leaf autumn  Flint (Trifloxystrobin) LF5.11
leaf autumn  Flint (Trifloxystrobin) LF5.16
leaf autumn  Flint (Trifloxystrobin) LF5.10
leaf winter Slick (DEN) FLSK5.1
flower spring Amphotericin B AF4.1a
leaf summer  Captan 80 WD (CPN) CaLl.1
flower spring Chorus (CYP) ChF4.2
flower spring Capsofungin CnF4.2
flower spring none F2

leaf spring Fluconazole FLF4.3
leaf spring Fluconazole FLS4a
leaf summer  Amphotericin B Al4e
leaf summer  Capsofungin CnL4a
fruit  summer  Capsofungin CnFr4.4
fruit summer  none Fr2
fruit summer  none Frl
flower summer  Amphotericin B AF4.1b
leaf summer  Fluconazole FL4.31
fruit summer  Flint (Trifloxystrobin) FFr4.3
fruit summer  Slick (DFN) SFr4.3
fruit summer  Captan 80 WD (CPN) CaFr2.1
soil unknown none NBB

Table S2: Nuber of annotated genes associated with differential growth in the respective media according to the

exponential growth model

trait Nr_genes
D_Psicose 7
D_Glucuronic_acid 6
Succinic_acid 204
D_Melezitose 1421
1_2_Propanediol 427
L_Rhamnose 101
D_Trehalose 350
D_Mannitol 5
Sucrose 3342
D_Galactose 1
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