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Abstract

Understanding the genetic mechanisms underlying rapid adaptation remains
a significant challenge in evolutionary biology. While populations can adapt to
environmental changes within just a few generations, the genetic architecture
behind these rapid responses is complex. Adaptive traits are often influenced
by complex networks of interacting genes, each contributing small effects to
the overall phenotype. This polygenic nature of adaptation creates substantial
challenges for detecting and analyzing evolutionary change, as selection can
act simultaneously on many genomic regions with subtle individual effects.
Traditional methods struggle to capture these distributed patterns of selection,
particularly during ongoing adaptation. This thesis presents a multi-faceted
investigation combining methodological development, experimental evolu-
tion, and genomic analysis to examine rapid adaptation. First, I developed a
novel computational approach combining unsupervised machine learning
with a classic statistical test (OCSVM-FET) to detect adaptation patterns in
sequencing data. Using simulated datasets, this method demonstrated supe-
rior performance in detecting selection signatures across a wide range of
evolutionary scenarios, particularly for highly polygenic traits under ongoing
selection.

The method was then applied to analyze a selection experiment on develop-
ment time in the non-model organism Chironomus riparius. This experimental
system revealed substantial phenotypic adaptation across multiple fitness-
related traits over seven generations. More importantly, it provided an ideal
test case for investigating the temporal dynamics of rapid adaptation in real
populations.

Application of the OCSVM-FET approach to the experimental data revealed
a novel two-phase adaptation process. The initial phase showed rapid phe-
notypic changes corresponding with selection on broadly shared metabolic
pathways, while the subsequent phase demonstrated replicate-specific spe-
cialization in signaling pathways. Notably, despite minimal overlap in selected
genomic positions between replicates, all populations converged on similar
regulatory pathways, particularly in key cellular signaling networks. This
work provides novel insights into the temporal dynamics of rapid adaptation
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and demonstrates how populations can achieve similar phenotypic outcomes
through distinct genetic trajectories while maintaining pathway-level conver-
gence.



Zusammenfassung

Das Verstandnis der genetischen Mechanismen, die einer schnellen Anpas-
sung zugrunde liegen, bleibt eine bedeutende Herausforderung in der Evolu-
tionsbiologie. Wahrend Populationen sich innerhalb weniger Generationen
an Umweltveranderungen anpassen konnen, ist die genetische Architektur
hinter diesen schnellen Reaktionen komplex. Adaptive Merkmale werden
oft durch komplexe Netzwerke interagierender Gene beeinflusst, die jeweils
kleine Effekte zum Gesamtphdnotyp beitragen. Diese polygene Natur der
Anpassung schafft erhebliche Herausforderungen bei der Erkennung und
Analyse evolutiondrer Veranderungen, da Selektion gleichzeitig auf viele
genomische Regionen mit subtilen individuellen Effekten wirken kann. Tradi-
tionelle Methoden haben Schwierigkeiten, diese verteilten Selektionsmuster
zu erfassen, insbesondere wahrend laufender Anpassungsprozesse. Diese
Dissertation prasentiert eine vielschichtige Untersuchung, die methodische
Entwicklung, experimentelle Evolution und genomische Analyse kombiniert,
um schnelle Anpassung zu untersuchen. Zunachst entwickelte ich einen
neuartigen computergestiitzten Ansatz, der uniiberwachtes maschinelles
Lernen mit einem klassischen statistischen Test (OCSVM-FET) kombiniert,
um Anpassungsmuster in Sequenzierungsdaten zu erkennen. Unter Verwen-
dung simulierter Datensatze zeigte diese Methode uiiberlegene Leistung bei der
Erkennung von Selektionssignaturen tiber ein breites Spektrum evolutionédrer
Szenarien, insbesondere fiir hochpolygene Merkmale unter laufender Selek-
tion. Die Methode wurde dann angewendet, um ein Selektionsexperiment
zur Entwicklungszeit im Nicht-Modellorganismus Chironomus riparius zu
analysieren. Dieses experimentelle System offenbarte eine substanzielle
phénotypische Anpassung tiber mehrere fitnessrelevante Merkmale im Ver-
lauf von sieben Generationen. Noch wichtiger ist, dass es einen idealen Test-
fall fir die Untersuchung der zeitlichen Dynamik schneller Anpassung in
realen Populationen bot. Die Anwendung des OCSVM-FET-Ansatzes auf die
experimentellen Daten offenbarte einen neuartigen zweiphasigen Anpas-
sungsprozess. Die anfangliche Phase zeigte schnelle phdnotypische Veran-
derungen, die mit der Selektion auf breit geteilte Stoffwechselwege korre-
spondierten, wahrend die nachfolgende Phase eine replikatspezifische Spezial-
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isierung in Signalwegen demonstrierte. Bemerkenswerterweise konvergierten
alle Populationen trotz minimaler Uberlappung in selektierten genomischen
Positionen zwischen Replikaten auf @hnliche regulatorische Pfade, beson-
ders in wichtigen zelluldren Signalnetzwerken. Diese Arbeit liefert neuartige
Einblicke in die zeitliche Dynamik schneller Anpassung und zeigt, wie Popula-
tionen dhnliche phanotypische Ergebnisse durch unterschiedliche genetische
Trajektorien erreichen konnen, wahrend sie eine Konvergenz auf Pfadebene
beibehalten.
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Part 1

Introduction






The development of methodologies to detect polygenic adaptation patterns
presents significant challenges in evolutionary biology. This study originated
from the application of unsupervised machine learning algorithms to investi-
gate adaptive processes in Chironomus riparius. The inherent complexity of
biological systems and the subtle nature of polygenic adaptation necessitated
a refined analytical framework. Through systematic development and integra-
tion of biological context, this research established a comprehensive approach
to investigating rapid adaptation mechanisms, synthesizing machine learning
techniques with established population genetics methods.

Current Challenges in Detecting Polygenic Adaptation

Understanding how organisms adapt to environmental changes represents a
fundamental scientific interest and has important societal implications for
nature conservation biology, agriculture, and medicine [1]. Yet, despite its crit-
ical importance, unraveling the complex mechanisms of adaptation remains
one of the main challenges in evolutionary biology. While traditional studies
have focused on major-effect alleles, growing evidence suggests that many
adaptive traits involve subtle changes across multiple genes - a process known
as polygenic adaptation [2]. This mode of adaptation presents unique chal-
lenges for detection and analysis, particularly in experimental settings where
rapid evolutionary responses are studied [3]. Rapid polygenic adaptation is a
key phenomenon in evolutionary biology, allowing organisms to quickly ad-
just to changing environments [4]. This process plays a crucial role in species
survival and diversification, particularly in the face of anthropogenic changes
and climate fluctuations [5, 6]. Rapid adaptation can occur through various
mechanisms, including selection on standing genetic variation, de novo mu-
tations, and epigenetic changes [7]. The speed and extent of these adaptive
polygenic changes can vary widely across taxa and environmental contexts,
from subtle alterations in gene expression to dramatic morphological shifts
[8]. For instance, studies have documented rapid adaptive responses in Gala-
pagos finches during drought periods [9] or wing size adaptation in flies [10].
Beyond these discrete adaptive events, populations can also exhibit so-called
adaptive tracking, where they continuously evolve in response to fluctuating
environmental conditions, as demonstrated in both natural and experimental
Drosophila populations [11, 12]. The advent of high-throughput sequencing
technologies, particularly pool sequencing (Pool-Seq), has revolutionized our
ability to track genetic changes in evolving populations [13]. However, current
methodological approaches face significant limitations in detecting polygenic
adaptation patterns. Therefore, traditional approaches to detecting selec-



tion signatures in population genomics have primarily relied on statistical
methods such as Fisher’s Exact Test (FET) or Cochran-Mantel-Haenszel test
to identify significantly changed positions after selective events [14, 15, 16,
10, 17]. These methods are often implemented within specialized tools like
PoPoolation2 [18], SNVer [19], or EM algorithms [20], primarily designed for
identifying Single Nucleotide Polymorphisms (SNPs). While Chapter 3 pro-
vides detailed theoretical background on genetic diversity and heterozygosity,
this section focuses on the practical challenges of these tools and the need for
more sophisticated approaches.

PoPoolation2 employs FET to detect significant allele frequency changes (AFC),
complemented by population genetic statistics such as Fst [21] and Tajima’s D
[22] to identify shifts in genetic diversity [14]. However, this approach faces
several limitations. A critical issue is P-value inflation, where observed P-
value distributions deviate from the expected uniform distribution under the
null hypothesis, leading to increased Type I errors. Consequently, strict signif-
icance thresholds potentially miss important signals of polygenic adaptation

[2].

While tools like PoPoolation2 offer flexibility in analysis scale, from prede-
fined windows to base-by-base calculations, challenges remain in effectively
detecting polygenic adaptation patterns. Large windows may overlook subtle
changes, while narrow windows or base-by-base analyses might overempha-
size small fluctuations. In the context of polygenic adaptation, where multiple
loci of small effect contribute to a trait, the optimal scale of analysis is not
always clear. Base-by-base comparisons of metrics like Fst and Tajima’s D,
while detailed, may not capture the coordinated shifts across multiple loci that
characterize polygenic adaptation [2, 23]. While haplotype block information
could potentially refine the selection of window sizes, its extraction from
Pool-Sequencing data remains problematic due to the inherent challenges of
this data type (as detailed in Chapter 2.3). Consequently, this approach is not
yet fully optimized.

SNVer, on the other hand, works with initially established P-values for each
pool, testing whether the minor allele frequency surpasses a specified thresh-
old. Subsequently, it combines these individual pool P-values to derive an
overall P-value using Simes methods, as described in [24]. This process en-
ables the ranking of observed variants, with higher-ranking variants more
likely to represent true positive SNPs [19]. However, the algorithm requires a



predetermined sequencing error rate, a task that can be challenging due to
potential variability in sequencing error rates across positions.

The EM algorithm is applied to estimate minor allele frequencies using pooled
sequencing data. It updates these estimations iteratively until convergence
to a stable solution is reached. Once allele frequencies are determined, SNPs
can be identified by comparing observed frequencies to those expected under
a null model. Deviations from the null model may signal the presence of SNPs.
However, estimation accuracy diminishes as the number of individuals per
pool increases, likely due to increased pooling leading to greater information
loss [20]. In this study, pools containing 100 individuals were utilized, po-
tentially reducing sensitivity for detecting rare variants or small effect sizes.
Additionally, population structure and relatedness among individuals can
introduce complexities in association studies, potentially resulting in spurious
associations if not appropriately addressed.

Finally, the above mentioned approaches mainly make assumptions about the
data, which can lead to a high number of false positives and limit the ability to
identify adaptive events. In contrast, this thesis elaborated on a classification
approach that does not rely on prior assumptions about the data, offering a
more flexible and nuanced method for identifying adaptive patterns.

Novel Approaches to Detecting Polygenic Adaptation

The limitations of traditional approaches in detecting polygenic adaptation
patterns necessitate novel computational solutions. Machine learning meth-
ods, with their ability to identify complex patterns in high-dimensional data,
offer promising alternatives for addressing these challenges. Recent devel-
opments in machine learning have shown increased potential for detecting
complex patterns in genomic data [25]. In particular, unsupervised learning
approaches have demonstrated success in identifying subtle patterns in sev-
eral biological contexts [26, 27]. While various machine learning paradigms
exist for genomic analyses, many present specific limitations for detecting
polygenic adaptation patterns. Deep learning approaches, such as Neural
Networks and Convolutional Neural Networks, require large training datasets
[28] often unavailable in evolutionary studies. Clustering algorithms like
K-means and hierarchical clustering make assumptions about the data struc-
ture [29] that may not hold for polygenic adaptation patterns. Dimensionality
reduction techniques such as Principal Component Analysis, while widely
used in population genetics, are limited to linear relationships [30] and may
miss local patterns.



Given these considerations, this thesis explores a classification-based ap-
proach [31] for detecting polygenic adaptation patterns. Specifically, it en-
ables the classification of allele frequency changes (AFC) into normal (non-
anomalous) and abnormal (anomalous) classes, where the latter is hypothe-
sized to signify components of polygenic adaptation patterns. Our approach
employs two distinct classification paradigms: density-based and boundary-
based classification. For the density-based classification approach, the Naive
Bayesian Classifier (NBC) [32] was utilized, while for boundary-based classifi-
cation, One-Class Support Vector Machines (OCSVM) [33] was employed. The
fundamental distinction between these approaches lies in their underlying
principles. NBC, as a density-based classifier, models separate probability
distributions for anomalous and non-anomalous data, assigning classes based
on posterior probabilities [34]. While it doesn’t explicitly model complete
density functions, it effectively uses density estimation principles through
class-conditional probabilities. In contrast, OCSVM operates by projecting
data into higher-dimensional space where anomalous and non-anomalous
data can be separated by a boundary (linear, polynomial, or radial) [35, 33].
Each approach offers distinct advantages and limitations. NBC provides com-
putational simplicity but requires careful model specification and may not
transfer well between datasets. OCSVM, while computationally more inten-
sive, offers greater flexibility through unsupervised learning and kernel-based
approaches. In this thesis, the radial basis function (RBF) kernel was employed.
Since combining multiple approaches often leads to improved precision [36],
this study investigated hybrid methods linking both classifiers with FET, re-
sulting in OCSVM-FET and NBC-FET approaches. This integration allowed me
to leverage both the pattern recognition capabilities of machine learning and
the statistical rigor of traditional hypothesis testing. The aim of combining
these methods was to gain a more comprehensive understanding of the data,
identifying both anomalous and significantly altered positions. This method-
ological development led to five approaches that were systematically tested
and evaluated:

(a) Traditional Fisher’s Exact Test (FET)

(b) Naive Bayesian Classifier (NBC)

(c) One-Class Support Vector Machine (OCSVM)
(d) Combined OCSVM-FET approach

(e) Combined NBC-FET approach



The selected techniques offer several key advantages that make them partic-
ularly suitable for detecting polygenic adaptation patterns in genomic data.
Importantly, they operate effectively without requiring labeled training data
[32, 37], a crucial advantage in evolutionary studies where ground truth data
is often unavailable or difficult to obtain. NBC specifically is built upon clear
statistical frameworks [34], enabling a straightforward biological interpreta-
tion of results - a critical feature for translating computational findings into
meaningful biological insights. OCSVM, on the other side, learns patterns
from the whole dataset [33] making it practical for studying polygenic adap-
tation across entire genomes rather than being limited to specific regions.
Finally, these approaches demonstrated robust performance in the presence
of noise and missing data in literature [36, 38], a common challenge in ge-
nomic sequences due to technical limitations in sequencing technologies and
the inherent complexity of biological systems.

Validation Strategy and Application

The validation of computational approaches for detecting polygenic adapta-
tion presents unique challenges, particularly given the subtle nature of the
genetic changes involved. To address these challenges, a two-phase validation
strategy was developed: first, a comprehensive evaluation using simulated
data, and second, application to experimental Pool-Seq data from our C. ri-
parius evolution experiment (Fig 1).

Computation Approaches for
Adaptation

«— Simulated Data Evaluation

Experimental Data Application

Validated Detecion Methods

Fig. 1.: Validation Process for Computational Approach. Candidate methods include
Fisher’s Exact Test (FET), One Class Support Vector Machines (OCSVM), Naive
Bayesian Classifier (NBC) and the combined approaches OCSVM-FET and
NBC-FET



Simulation-Based Validation

Simulated data play a crucial role in method validation for population ge-
nomic analyses as it provides ground truth [39]. MimicrEE2 [40] was selected
as simulation tool after careful comparison with alternatives such as SLiM
[41] and forward-time simulators [42]. MimicrEE2 offers several advantages
specifically relevant to our study, such as the ability to simulate Pool-Seq data
directly, integration of selection on quantitative traits and comprehensive
manuals. Simulated data provides several crucial advantages for validating
our methods. Most importantly, they provided known ground truth data,
enabling accurate assessment of method performance against verifiable out-
comes. Additionally, simulations allow for control over evolutionary parame-
ters, making it possible to systematically investigate how different selective
pressures and demographic scenarios affect detection accuracy [39]. Further-
more, the simulation framework enabled testing of method robustness across
multiple scenarios, providing insights into the reliability and limitations of
our approaches under varying conditions.

To quantify method performance across simulated scenarios, standard classi-
fication metrics were employed: Area Under the Receiver Operating Charac-
teristic Curve (AUC-ROCC) to assess overall classification performance, False
Positive Rate (FPR) to measure method specificity, and accuracy to evaluate
prediction quality [43, 44]. These metrics, computed across varying parameter
combinations including selection coefficients and numbers of selected loci,
enabled systematic evaluation of method robustness and identification of
optimal operating conditions for different evolutionary scenarios.

Experimental-Based Validation through Evolution Studies

Following simulation-based validation, the best-performing approach was
applied to an experimental Pool-Seq data set from C. riparius populations.
The non-biting midge Chironomus riparius serves as an ideal model organism
for validating our approach, because it demonstrates great capacity for rapid
adaptation. Research has shown that these populations can undergo signif-
icant evolutionary changes within controlled laboratory settings [45]. This
adaptability extends to the real world, with C. riparius populations exhibiting
the ability to adjust their traits in response to seasonal variations in their en-
vironment [46]. This suggests that C. riparius is capable of responsive genetic
mechanisms that allow it to rapidly adapt in dynamic environments. Yet, the
specific genetic mechanisms underlying this adaptation remain elusive. Much



of the current understanding relies on simulations, which lack the complexi-
ties of real-world scenarios. This study aimed to bridge this knowledge gap by
conducting a controlled laboratory experiment, applying selection pressure
on four replicate C. riparius populations to investigate:

(a) The feasibility of accelerating developmental time (shortening emer-
gence time).

(b) The number of generations required for rapid phenotypic adaptation to
occur.

(c) The population trajectories across generations, revealing the dynamics
of rapid adaptation at the genetic level.

Our experimental design employed a selection-pressure approach involving
4,000 non-biting midges C. riparius, divided into four replicate groups. These
populations were subjected to emergence pressure by allowing only the first
50 hatching males and females per replicate group to reproduce. This design
was carried through seven generations, with comprehensive Pool-Seq data
collection and analysis at key generational timepoints. The experimental
design aligns with and builds upon successful evolutionary studies across
various model organisms. In Drosophila melanogaster, similar experimental
timeframes (5-10 generations) have demonstrated significant adaptive re-
sponses to different temperature regimes [14] and desiccation stress [47]. Our
choice of population size (1,000 individuals per replicate) falls within the opti-
mal range identified in previous insect evolution studies, where populations
of 500-2,000 individuals have shown effective adaptation while maintaining
sufficient genetic diversity [48, 49]. The use of multiple replicate populations
provides robust statistical power while allowing to investigate convergent and
divergent evolutionary trajectories, a design feature successfully employed
in multiple evolution studies [50]. We performed Pool-Sequencing, since this
approach is used for genomic analysis in various studies, [13, 51, 52], offering
high resolution while remaining cost-effective.

Application to Experimental Data

The transition from simulated to real data presents several challenges. Unlike
simulated data, real experimental data lack known selection targets, making
direct validation of results more complex. Additionally, natural populations
possess complex demographic histories that can confound selection signals
[53]. Technical noise inherent in sequencing data adds another layer of com-
plexity, while potential epistatic interactions between loci create intricate
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patterns [54] that may be difficult to distinguish from direct selection effects.
To address these challenges, a two-threshold validation strategy was imple-
mented (Fig 2). This approach combines a broader significance level to capture
widespread polygenic adaptation patterns and a stricter threshold to identify
strong candidate targets of selection. This dual-threshold approach aligns
with recent understanding of polygenic adaptation, which suggests that adap-
tive responses often involve both subtle, widespread changes and stronger
selective sweeps at key loci [14, 51]. Studies of experimental evolution have
demonstrated that replicate populations under similar selection pressures
often show a combination of convergent evolution at major-effect loci and
divergent responses across the broader genome [55, 56].

Widespread Adaptation Patterns \

Strong Candidate Targets ————

Key Loci

Fig. 2.: Polygenic Adaptation Strategy using validated computational approach
(OCSVM-FET). In the first step, One Class Support Vector Machines (OCSVM) is
applied to identify widespread adaptation patterns, where strong candidate
targets are extracted setting Fisher’s Exact Test (FET) threshold to a broad
range. Candidate Key loci targeted by rapid polygenic adaptation are further
narrowed down by setting a more stringent FET threshold.

Previous studies of emergence time selection in insects have identified sev-
eral candidate pathways and genes. For instance, research in Drosophila has
implicated two developmental pathways known to regulate growth of mor-
phological structures: a limb-patterning pathway that specifies the location
and shape of a structure, and the insulin pathway, which modulates trait
growth in response to larval nutrition [57]. Studies in the same organism
implicate several core RNA pathway genes, that show evolutionary patterns
that may relate to developmental timing [58], yet the genes involved in in-
sect developmental time are not fully understood. While these studies may
provide a valuable framework for interpreting our results, the genetic archi-
tecture of emergence time in C. riparius may involve distinct pathways given



its aquatic larval phase and specific life history adaptations - which have not
been investigated so far.

To investigate this complex trait architecture, we employed two analytical
thresholds to capture different aspects of the adaptation process. The strict
threshold analysis aimed to identify "strong-effect variants" - genomic re-
gions showing immediate and substantial frequency changes, likely repre-
senting primary targets of selection and key regulatory elements. The broader
threshold analysis captured "broad-effect variants" - regions showing more
moderate frequency changes that might include both secondary targets and
linked variants that accumulate changes over time. This dual approach allows
us to examine both immediate and gradual selection responses, providing
insight into how rapid adaptation proceeds through a combination of primary
selection targets and broader genomic changes. Such an approach helps illu-
minate the temporal dynamics of polygenic adaptation while acknowledging
the complex interplay between direct selection and linked genetic changes.

Through this systematic evaluation of both simulated and experimental data,
this work aimed to develop a reliable approach for detecting and characteriz-
ing the full spectrum of polygenic adaptation patterns in evolving populations,
from subtle polygenic effects to stronger selective signatures.

Thesis Structure

This thesis investigates rapid polygenic adaptation through three major themes
that are systematically addressed throughout each chapter. The themes -
methodological development, experimental evolution and practical appli-
cation - are reflected in the organization of the background, materials and
methods, and results chapters. Specifically, each chapter is subdivided into
three corresponding sections: "Evaluating Methods for Polygenic Adaptation
Detection”, "Experimental Evolution: Selection on Emergence Time in C. ri-
parius," and "OCSVM-FET Analysis of C. riparius Adaptation Patterns". This
parallel structure allows readers to follow each aspect of the work indepen-
dently through the thesis, from theoretical foundations to implementation
and outcomes. The first theme addresses our experimental evolution study,
documenting both phenotypic changes and genomic patterns in populations
under selection for accelerated development. The second focuses on our
methodological development, comparing traditional approaches with novel
machine learning methods to establish a robust framework for detecting poly-
genic adaptation patterns. The third theme applies our validated methodology
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to the experimental data, revealing insights into the genetic architecture of
rapid adaptation.



Part 11

Background






1.1

Evaluating Methods for
Polygenic Adaptation
Detection

This section explains two machine learning approaches for detecting genetic
adaptation: One Class Support Vector Machines (OCSVM) and Naive Bayesian
Classifier (NBC). NBC works by calculating probabilities based on Gaussian
distributions to classify data points into three categories (non-anomalous and
two types of anomalous data), while OCSVM uses kernel functions to sepa-
rate normal from anomalous data points in higher-dimensional space. Both
methods were fine-tuned using previously published data from C. riparius
and validated using simulated data.

Candidate Approaches

Different methods were tested and compared for identifying polygenic pat-
terns: FET, OCSVM, NBC, and their combinations (OCSVM-FET and NBC-FET).
These methods were applied to both real allele frequency data and simu-
lated data to evaluate their performance. Using simulated data sets makes it
possible to set a ground truth on which several pipelines can be tested and
evaluated. Although simulations might not perfectly represent the real-life
situation, they can be a great operator for testing and comparison purpose.
Currently, two widely used software tools providing the ability to simulate
evolutionary scenarios: MimicrEE2 [40] and SLim 3 [41]. Although SLim3
comes with a vast set of parameters, a graphical user’s interface (GUI) and
a detailed user’s manual, the tool requires use of the less known scripting
language Eidos, which makes it harder to directly apply. Furthermore, settings
the correct parameter values is non-trivial. For practical reasons, I therefore
decided to employ MimicrEE2 in the current study. Another advantage of
this program is that the output file can be directly processed with Popoola-
tion. Furthermore, the user can input their own haplotype file. This feature
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makes it possible to use sequencing data from the organism under examina-
tion, C. riparius. This strategy is much closer to the real life experiment than
simulated data. Mimicree2 enables the replication of scenarios like rapid poly-
genic adaptation by using ’‘QT” mode (quantitative trait model) and variable
selection coefficient for pronounced adaptive responses. Further parameters
as recombination rate, heritability, number of generations to simulate and
selection regime helps to optimize the simulation of an adaptive event.

Fisher's Exact Test

The Fisher’s exact test, introduced by the researcher R. Fisher [59], is a sta-
tistical hypothesis testing method used to assess the presence of nonrandom
associations between two categorical variables. It evaluates whether the ob-
served distribution of the data could have occurred by chance, given fixed
row and column in the contigency table. This is accomplished by examining
all possible combinations of the data that would result in the same marginal
totals, and then determining the probability of observing the actual data
distribution. The test is grounded in the hyper-geometric distribution and
yields an exact P-value for the observed data. The test is implemented for
2x2 contingency tables and can be generalized to larger contingency tables
and other discrete data problems [60]. Its capacity to deliver exact P-values
derived from the specific randomization process underlying the observed
data makes it a useful tool for analyzing genetic data, particularly in situations
where the assumptions of alternative tests may not be met. Additionally, the
Fisher’s exact test has been demonstrated to be a good exact test for compar-
ing proportions in binomial experiments [61]. Unlike traditional hypothesis
tests, which often rely on predefined statistical functions, exact test directly
compute probabilities from the observed data distribution, increasing their
robustness in small sample sizes. Therefore, Fisher’s exact test assigns a
probability to every possible arrangement of numbers in the contingency
table under the null hypothesis, assuming that the numbers in each row and
column were randomly sampled from the total pool of observations [62]. This
probability is computed based on the hyper-geometric distribution.

The observed counts in a contingency table is denoted as follows:
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Column 1 | Column 2 | Row totals
Row 1 n11 12 ny.
Row 2 n9o1 n922 no.
Column totals n.4 n.9 n

Tab. 1.1.: 2x2 Contingency Table Notation

Then the formula for calculating the probability of the observed arrangement
of counts under the null hypothesis is:

nl.! . ng.! : n.1! . n.Q!

1.1

P(ni1,n12,n21,n922) = , , , , ,
n:-mni1:-N12: - N21t - N2t

where n is the total sample size.

To calculate the P-value, one aggregates all configurations with a probability
smaller (or more unlikely) than the observed configuration. Therefore, the
P-value represents the probability of observing a configuration as unlikely
(or more unlikely) under the null hypothesis.

Due to the fact that for any chosen P-value threshold o and m numbers of
testings, we expect mza test to pass, there is a certain False Discovery Rate
(FDR) to expect. The Benjamini-Hochberg correction is a method used to
adjust P-values obtained from multiple hypothesis tests to control the FDR
[63]. The correction is applied as follows:

* Calculate P-value for each of the tests performed
» Rank the tests by their test statistics so that most significant is 1st etc.

* Move down the ranked list and reject null hypothesis for the » most sig-
nificant tests, where the P-value is less than =2, where m is the number
of tests and « is the FDR threshold

Naive Bayesian Classifier

Using Bayesian statistics offers a solid foundation for determining a set of
classes and their descriptions that are most likely to explain a given data
set [34, 64]. In the context of this analysis, I employed an NBC to distinguish

1.3 Naive Bayesian Classifier
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between normal (non-anomalous) and anomalous data points based on their
allele frequency changes in a three-dimensional (3D) space.

The NBC is a probabilistic classifiers based on Bayes’ theorem, where the
fundamental idea involves modeling the probability density functions (PDFs)
of data set distributions, in this case for non-anomalous and anomalous data.
Therefore, each allele frequency serves as a feature, and separate PDFs for
both normal and anomalous data points are modelled. By fitting appropriate
probability distributions to the observed data, the likelihood of a given allele
frequency belonging to either the normal or anomalous distribution can be
estimated.

In a three-dimensional space, the Bayesian classifier tracks data patterns
using two key components. First, it calculates the average position (mean) as
a point in 3D space. Second, it measures how the data spreads out (variance)
using a matrix that captures relationships between all three dimensions. This
is more complex than two-dimensional analysis, where only single values for
average position and spread are considered.

The derivation of the Bayes theorem can be found in the appendix. The
following workflow and formulas for the NBC are described by [65], [32],
[66]: We assume there are k classes, C1,C2,...,CkCy,Cs, ..., Cy. Each sample
is represented by an n-dimensional vector, X = {z1,z9, ..., z,}, signifying n
measured values of n attributes A;, Ao, ..., A, respectively.

Given a sample X, the classifier predicts that X belongs to the class with the
highest probability conditioned on X. In other words, X is predicted to belong
to class C; if and only if

P(Cy|X) > P(C;|X) for 1 < j < m, where j # i (1.2)

Thus, we identify the class that maximizes P(C;|X). The class C; for which
P(C;|X) is maximized is called the maximum posterior hypothesis. According
to Bayes’ theorem:

X|C;) - P(Cy)
P(X)

P(Ci|X) = il (1.3)
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Evaluating P(C;| X)) for data sets with numerous attributes can be computa-
tionally resource-intensive. To compensate for this, the naive assumption of
class conditional independence is employed. This assumption implies that
the attribute values are conditionally independent of one another given the
class label of the sample. Mathematically, this translates to:

P(X|C;) ~ [ P(xlCi) (1.4)
k=1

When attribute A, is continuous-valued, it is common to assume that the
values follow a Gaussian distribution with a mean ; and a standard deviation
o, defined as:

1 _ 2
g(z,p,0) = Tog P <—($202M)> (1.5)

in one-dimensional space. In 2D the mean . becomes a multi-dimensional
vector and the deviation o becomes a n x n covariance matrix ¥ :

NS | =

gains) = — L oxp (—;@ )T e m) (1.6)

(2m) 3|52

To predict the class label of X, P(X|C;) x P(C;) is evaluated for each class C;).
The classifier predicts that the class label of X is C; if and only if it maximizes
P(X|C;) x P(C;)

Different settings for ¢ and X will vary the modeling of the data, as displayed
with Toy Data Set in Fig. 1.1

The majority of the data is assmued to be non-anomalous characterized by
small allele frequency changes (AFC). In contrast, anomalous data is charac-
terized by allele frequencies that shift from low values before an adaptive
event to high frequencies or vice versa. In a scatter plot, comparing allele
frequencyyesore against allele frequency,ger, the anomalous data points are
present in the upper left corner or the bottom right corner. Fig. 1.2 shows the
theoretical PDF models for the non-anomalous data and the two PDF models
of anomalous data. Therefore, three classes were employed: one class for the

1.3 Naive Bayesian Classifier
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Fig. 1.1.: Example illustration of the effects of different parameter settings for the
covariance matrix. The modelling of the data changes depending on the
values of the covariance parameters. Code for figures are taken from [@67]

non-anomalous data, a second class for the AFC from high to low and a third
class for the AFC from low to high.

To fit the parameters for  and X to real-life data, in this thesis the already
published cold-snap data set [68] was used (see section 1.6). To ascertain the
accuracy of the fine-tuned parameters, simulated data was used (see section
1.1).

One Class Support Vector Machines

The OCSVM algorithm is an unsupervised machine learning technique for
collective anomaly detection [69]. The algorithm is described as performing
best in finding collective anomalies in an unsupervised manner compared
to alternative approaches [70, 36]. In the current study, the algorithm was
utilized to detect unusual patterns within AFC data that deviate from the
expected distribution (anomalies) with the aim of narrowing down the genetic
targets of rapid adaptation processes. OCSVM is a variation of an One-Class
Classifier (OCC) algorithm [33], categorized as boundary-based . In theory,
the decision weather to classify a given data point as non-anomalous or
anomalous depends on two instances [71]:

* a parameter to calculate the distance of a sample to the target class (i.e.
anomaly class)

Chapter 1 Evaluating Methods for Polygenic Adaptation Detection
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Fig. 1.2.: Schematic illustration of the three probability density function in 3D (above)
and 2D (below), modelling A) non-anomalous data characterized by small
AFC B) anomalous data in the upper left corner, characterized by high AFC
and C) in the down right corner in a scatter plot, characterized by high AFC
before the adaptive event

+ a threshold limit to compare the distance and accept or reject the data
point as non-anomaly

The algorithm uses kernel functions, such as polynomial kernel function
or the radial basis function (RBF) kernel, to perform the so-called "kernel
trick". This enables the algorithm to implicitly compute dot products in a
higher-dimensional space without explicitly transforming the data. In this
way, a function can be calculated that separates the data into two classes, as
schematically shown in Fig. 1.3.

¢ ‘o @
e ®
ﬂ.g ® 4
|. ........ . ......
°
Input space Feature space

Fig. 1.3.: Schematic illustration of OCSVM’s kernel trick: data are projected into a
higher dimension where they are separable by a function, image adapted
from [72]
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Therefore, the core of the OCSVM algorithm involves constructing a hyper-
sphere in the higher-dimensional space. This hyper-sphere serves as the
decision boundary, separating normal data points from potential anomalies.
During the optimization process, the algorithm aims to maximize the margin
around the hyper-sphere while minimizing the number of anomalies (to avoid
false positive results) [33].

The optimization objective involves the minimization of the sum of two terms:
The term that characterize the hyper-sphere (indirect margin maximization)
and the term that models the number of anomalies. The latter essentially
controls the trade-off between maximizing the margin and allowing some data
points to be classified to the data points outside the boundary (i.e. anomaly
class) The balance between these objectives is controlled by the parameters v
[35], [73].

The mathematical formulation in its basic essence can be broken down to 4
major steps, plus the "kernel trick" step:

1. Hyper-sphere Construction in a higher dimensional space: In this section,
¢ 1s used to represent the feature space images in input space of the cor-
responding patterns. Thus ¢(z;) represents the data points z1, zo, ..., z; into
higher dimensional space

z; = ¢(x;) 1.7)

lo(z) — ¢(c)|* = r? (1.8)

¢(c) is the center of the hyper-sphere. The center is determined by the algo-
rithm as a complex relationship involving the support vector machines, their
weight and the kernel functions’ transformation. » denotes the radius of the
hyper-sphere.

2. Decision Function:

f(@) = (w,¢(x)) —p (1.9)
where w is the weight vector and p is a threshold.

3.1 Optimization Objective 1: Maximize Margin

1
min(u, € )5 (1.10)
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w must be optimized to find the minimum via the derivative given in equation
[1.10]. The minimization of this equation yields in an indirect maximization
of the margin. The parameter ¢; denotes the slack variable for point i that
measures the deviation of data point from the decision boundary, i.e. allows
data points to lie on the other side of the decision boundary.

3.2 Optimization Objective 2: Minimize number of support vector machines
outside the margin (i.e. anomalies)

x > ei—p (1.11)
Yn i3

v is a parameter that controls the upper bound on the fraction of margin
errors (i.e. regularization/trade-off parameter) and is one of the two major
parameters to set in the OCSVM algorithm. Higher values for v allow for
more slack (miss-classification) resulting potentially in a wider margin and
permitting more anomalies - the algorithm becomes more tolerant for outliers.
Conversely, as v decreases, the algorithm becomes less tolerant to anoma-
lies, leading to a more narrow margin and potentially higher precision. The
parameter n denotes the number of training samples. The sum of the two
optimization objectives is displayed by equation[1.12]

) I, oo 1 &
min(uw, €, p)5 [l + - Zle —p (1.12)
subject to
f(acl) >=p—¢,e>=0,1=1,2,...,n (1.13)

Data points with ¢; > p are considered to be anomalies.

Kernel Trick, RBF: dot product in higher dimensional space is approximated
by

|z — x;]?

) (1.14)

k(z,x;) = exp(—

o is a hyper-parameter that controls the spread of the gaussian function. z
and z; are input vectors, ||z ;||? is the squared Euclidean distance between
the two vectors.

1.4 One Class Support Vector Machines
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Kernel Trick, Polynomial: dot product in higher dimensional space is approx-
imated by

k(z,2;) = (v(z,2;) +7)? (1.15)

~ is a scaling factor and r denotes a coefficient representing the constant term
in the polynomial. d is the degree of the polynomial function.

The goal is to find the weight vector w, the threshold p, and the slack variable
¢; that minimize the objective function (also often referred to as loss function
or cost function) while satisfying constraints.

The deduction from the theoretical to the mathematical objective can be stated
by the following procedure: Let the function g() be defined as follows

g(z) =w"p(z) —p (1.16)

Then equation [1.16] shows the decision function that OCSVM uses in order
to identify non-anomalous points

f(z) = sgn(g(z)) (1.17)

sgn stands for sign-function, which takes a real number z as input and re-
turns

-1 if x is negative (indicating anomaly),

0 if = is exactly 0 and

1 if z is positive (indicating non-anomaly) .
Given equation[1.12], subject to

ngZ)(xi) >=p—¢ (1.18)

the loss function can be stated by the distance to the decision boundary. The
decision boundary is defined as

g(z) =0 (1.19)
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Then the distance of any arbitrary data point to the decision boundary can be
computed as

d(z) = 19 (1.20)

|wl

So the distance that the algorithm attempts to maximize can be obtained by
plugging the origin into the equation yielding p/|w|, or minimizing

As we can rewrite equation [1.12] to
, Jw|]? 1
min(y, €,p) 5 p+ o ; € (1.22)
(1.23)

the second part of the objective [1.22] is the minimizing the slack variable ¢;
for all points, controlled by i, therefore the trade-off parameter nu.

The second most important parameter to set using OCSVM algorithm, besides
v,1s~. This parameter is the kernel coefficient. In the context of the RBF kernel,
~ controls the spread of the Gaussian function and is indirectly implicated in
equation [1.14] that often can be also found as being defined as:

E(z, ;) = exp(—y * |z — 2;]%) (1.24)

where v corresponds to 5. In context of the polynomial kernel, the influence
of the parameter gamma becomes quite obvious from equation [1.15] as being
the scaling factor of two vectors z, z; Therefore, v determines the influence
of each training example on the decision boundary. A larger value of v will
cause a more narrow curve, focusing more on individual data, whereas a
smaller value will cause a wider curve of the decision boundary. Algorithm 1
shows the process of the OCSVM in pseudo code.

1.4 One Class Support Vector Machines
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Algorithm 1 One-Class SVM Anomaly Detection

Require: Scaled allele frequency data

1: Initialize OC SVM model with specified parameters (kernel, gamma, nu,
degree, cache size)
Train the model on the scaled allele frequency data:

Find the optimal hyperplane that best separates the data
Predict anomalies and non-anomalies:
for each data Point: do

classify it as either an anomaly or non-anomaly

Identify indices of anomalies and non-anomalies

Extract values corresponding to anomalies and non-anomalies
end for
Save anomaly and non-anomaly data to separate files

[uny
e

11: Return Anomalies.csv, NoAnomalies.csv

Overlap with Fisher’s Exact Test

Next to the two candidate approaches OCSVM and NBC, a combined approach
that integrates the binary classification results from OCSVM and NBC with
the statistical hypothesis testing of FET was developed. This method aimed
to leverage the strengths of both machine learning and traditional statistical
methods. Several studies have demonstrated the benefits of integrating mul-
tiple analytical approaches in genomic analysis. For instance, studies have
successfully combined supervised learning with statistical testing to identify
genetic variants [74, 75]. Similarly, Sarno et al. showed that overlapping re-
sults from different methodological approaches can increase the confidence
in detected anomalies [76].

Parameter Fine-Tuning

The crucial parameters ¢ and X for NBC as well as ¢ and v for OCSVM were
tuned on real-life and previously published data sets by Pfenninger et. al.
[68]. This data, derived from a natural experiment on C. riparius, captured
genome-wide allele frequency changes before and after a cold snap event,
indicating a potential rapid, polygenic adaptation in the population. The study
involved DNA extraction from larval head capsules, followed by rigorous qual-
ity assessment and concentration measurement. Subsequent steps included
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whole-genome pool sequencing with trimming and quality control. Mapped
reads were utilized for SNP calling and allele frequency estimation. Selected
SNP loci were pinpointed based on significant changes in allele frequencies.
To gain insights into the long-term selection regime, Tajima’s D was calculated.
The behavior of candidate loci over time was evaluated, contrasting their
correlation with randomly selected SNPs.

In this paper, 19 genetic markers were identified exhibiting substantial shifts
in allele frequencies before and after the cold snap, signifying potential selec-
tion events. Some of these markers were found in close genomic proximity.
The increasing prevalence of certain alleles at these markers was associated
with specific genetic patterns. Accounting for these patterns, 10 independent
genetic loci were identified as being influenced by selection. These genetic loci
were used as true positives to fine tune needed parameters for the analysis
strategies employed in this thesis. The estimated parameter settings were
then tested for accuracy and precision on simulated data (see section 1.1)

1.6 Parameter Fine-Tuning
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Experimental Evolution:
Selection on Emergence
Time in C. riparius

This section introduces rapid phenotypic adaptation in evolutionary biology,
focusing on the midge species Chironomus riparius as a study organism for
investigating quick evolutionary responses. The research aims to examine the
acceleration of developmental time through a controlled selection-pressure
experiment using 4,000 midges divided into 4 replicate groups. The text
also covers fundamental evolutionary theory, C. riparius biology, and pool-
sequencing methodology as a cost-effective tool for studying genetic variation
in populations.

Evolutionary Theory and Adaptation

Evolution, the change in heritable characteristics of biological populations
over successive generations, is fundamentally driven by selection pressures
in the environment [77]. Selection pressure refers to any factor in an organ-
ism’s environment that impacts its survival and reproductive success, thereby
influencing the frequency of certain traits in subsequent generations [78].
In natural populations, selection pressures can arise from various sources,
including changes in climate, resource availability, predation, or competi-
tion. These various types of pressure create differential reproductive success
among individuals with different phenotypes, leading to the process of natural
selection. Over time, this process can result in populations becoming better
adapted to their environments, as beneficial traits become more prevalent.

The study of rapid adaptation has gained increasing importance in evolu-
tionary biology. While evolution was traditionally viewed as a slow, gradual
process, recent research has shown that significant adaptive changes can
occur within just a few generations, especially in response to strong selec-
tion pressures [79]. This phenomenon, often referred to as contemporary
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evolution or rapid adaptive evolution, has been observed in various species
responding to human-induced environmental changes, including climate
change and pollution [80]. Understanding rapid adaptation is crucial for sev-
eral reasons. First, it provides insights into the mechanisms of evolutionary
change and the limits of adaptive potential in natural populations [7]. Second,
it has important implications for conservation biology and the management
of ecosystems in the face of global environmental change [5]. Finally, studying
rapid adaptation can inform predictions about how species might respond to
future environmental challenges, which is particularly relevant in the context
of ongoing climate change and habitat alteration [1]. By focusing on rapid
adaptation in controlled experimental settings, such as subjecting midge pop-
ulations to specific selection pressures, valuable insights into the dynamics
of evolutionary processes and the genetic basis of adaptation can be gained.
This approach allows for the direct observation of evolutionary change in
real-time, providing a powerful tool for testing evolutionary theories and
understanding the mechanisms underlying adaptive responses in natural
populations.

Chironomus riparius as a study organism

Non-biting midges (Chironomidae, Diptera) are aquatic insects found across
various water bodies throughout the holarctic [81]. These short-lived adults,
which appear mostly in swarms above water surfaces, play essential roles in
freshwater ecosystems. By acting as bacterial carriers, they influence benthic
communities and nutrient cycling [82]. In the larval stage, for example, the
organism stays at the bottom of water bodies, where it can feed on organic
material and bacteria and thus nourish the basis for benthic food webs [83].
Moreover, the species builds a crucial part of the diet for aquatic as well as
terrestrial species. For example, Chironomidae are the most important food
for some birds (e.g. mallard ducklings) and other invertebrates, fish and
amphibians [84].

Chironomus riparius (C. riparius), commonly known as the harlequin fly, is a
species of non-biting midge that has gained prominence as a valuable non-
model organism in ecological and evolutionary studies. The life cycle of
C. riparius comprises four larval stages, a brief pupal stage, and the adult
midge, as shown in Figure 2.1. Larval and pupal stages are generally bound to
aquatic habitats, while the imago lives aerial and mostly located near to their

Chapter 2 Experimental Evolution: Selection on Emergence Time in C.
riparius



Fig. 2.1.: Chironomid life cycle, taken from [85]

emergence habitats. Adult midges form large mating swarms, with females
typically producing a single egg mass containing several hundred eggs a few
days after hatching. Larvae hatch shortly after, and the entire life cycle can
be completed within four weeks [82]. These species are typically multivol-
tine, with up to 15 generations per year in Europe [86]. The species’ large
demographic and effective population size (>1,000,000) [87] combined with
the significant number of offspring produced per breeding pair (400-800) [46]
facilitate rapid adaptation. This was confirmed by several research studies
on temperature, which have revealed local and temporal adaptations among
seasons [87, 45]. Several characteristics make C. riparius ideal for laboratory
evolutionary studies [88]: ease of culture, sensitivity to toxicants and envi-
ronmental changes, a short life cycle and sufficient tissue mass for genetic
analyses [89].

C. riparius possesses a diploid chromosome number of 2n = 8, with a genome
size estimated at approximately 200 Mb [90]. This relatively compact genome,
combined with the species’ polytene chromosomes, facilitates genetic studies
and the identification of genomic regions under selection [91]. The genetic
diversity of C. riparius populations has been extensively studied, revealing
significant variation both within and between populations. Nowak et al. [92]
demonstrated high levels of genetic diversity in natural populations using
microsatellite markers, suggesting a substantial pool of standing genetic vari-
ation that could facilitate rapid adaptation. This diversity is further evidenced
by the species’ ability to form distinct ecotypes adapted to various environmen-
tal conditions, including different thermal regimes and pollutant exposures
[93].

Since genomic resources for C. riparius have become more and more avail-

able, C. riparius is becoming popular as a model organism for molecular
ecology. Therefore, C. riparius has been utilized in various research contexts,

2.2 Chironomus riparius as a study organism
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particularly in ecotoxicological studies due to its sensitivity to environmen-
tal pollutants. Vogt et al. [94] used C. riparius to investigate the effects of
endocrine-disrupting chemicals on development and reproduction, demon-
strating the species’ utility in assessing anthropogenic impacts on freshwater
ecosystems. In evolutionary biology, C. riparius has proven valuable for
studying rapid adaptation. Nemec et al.[95] conducted a multi-generation ex-
periment examining the species’ adaptive responses to temperature changes,
observing significant shifts in life-history traits over relatively few genera-
tions. This work highlighted the potential of C. riparius for investigating rapid
evolutionary responses to climate change. The species has also been used
to study the genomic basis of adaptation. Pfenninger et al. [68] employed
next-generation sequencing techniques to identify genomic regions associated
with thermal adaptation in C. riparius, providing insights into the molecular
mechanisms underlying rapid environmental adaptation.

Pool-sequencing: A Powerful Tool for Population
Genomics

Pool-sequencing (Pool-seq) has emerged as a cost-effective and efficient ap-
proach for studying genetic variation in populations. This method, which
involves sequencing pooled DNA samples from multiple individuals within
a population rather than sequencing each individual separately, has revolu-
tionized the field of population genomics [13]. In Pool-seq, equal amounts
of DNA from multiple individuals are combined into a single pool before li-
brary preparation and sequencing. The resulting sequencing data represents
the allele frequencies in the population rather than individual genotypes.
This approach allows researchers to estimate allele frequencies across the
genome for a large number of individuals at a fraction of the cost of individual
sequencing [96] The applications of Pool-seq are wide-ranging in genetics
and evolutionary biology. In population genetics, it is used to study genetic
diversity, population structure, and demographic history [97]. Evolutionary
biologists employ Pool-seq in experimental evolution studies to track allele
frequency changes over time [48]. It has also found utility in quantitative
trait locus (QTL) mapping to identify genomic regions associated with specific
traits [98], and in some cases, for genome-wide association studies (GWAS) to
identify genetic variants associated with diseases or traits [99]. The advan-
tages of Pool-seq are numerous and significant. Its cost-effectiveness allows

Chapter 2 Experimental Evolution: Selection on Emergence Time in C.
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for the analysis of more individuals or populations within a given budget,
greatly expanding the scope of many studies [13]. The reduced computational
requirements, as individual genotypes are not generated, make data analysis
less intensive [100]. Pool-seq also improves the detection of rare alleles in
a population, as pooling can increase the likelihood of capturing these less
common variants [101]. Furthermore, the pooling of multiple individuals can
help mitigate the effects of sequencing errors on allele frequency estimates
[96].

However, Pool-seq has its limitations. The loss of individual-level information
is a significant drawback, as Pool-seq does not provide individual genotypes,
limiting certain types of analyses [13]. Detecting structural variants such
as large insertions, deletions, or rearrangements can be challenging with
Pool-seq data [100]. There is also potential for allele frequency estimation
bias if there are unequal DNA contributions from individuals in the pool [102].
Additionally, Pool-seq typically does not provide information about linkage
between variants or haplotype structure. When compared to individual se-
quencing, Pool-seq offers a balance between cost, sample size, and genomic
information, making it particularly useful for studies focusing on population-
level allele frequencies and genetic diversity. While individual sequencing
provides more detailed genetic information, including genotypes and haplo-
types for each sample, it is significantly more expensive and computationally
intensive for large-scale population studies [13]. The choice between Pool-seq
and individual sequencing ultimately depends on the specific research ques-
tions, budget constraints, and required resolution of genetic information. For
studies requiring individual-level data or focusing on rare variants, individual
sequencing may still be preferable despite its higher cost [100]. Nonetheless,
Pool-seq has become an invaluable tool in population genomics, offering
a cost-effective approach to study genetic variation across large numbers
of individuals. While it has limitations, its advantages make it particularly
suited for many population-level studies, including those investigating rapid
adaptation and evolution.

2.3 Pool-sequencing: A Powerful Tool for Population Genomics
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OCSVM-FET Analysis of C.
riparius Adaptation Patterns

This chapter summaries polygenic adaptation through integrated quantitative
and population genetics perspectives. It explores how populations maintain
genetic diversity during rapid adaptation using classical population genetic
measures (Fsr, 7, 8, Tajima’s D) while considering key factors like effective
population size, selection strength, and genetic redundancy. The background
introduces concepts of genetic redundancy in polygenic adaptation and how
different analytical approaches can reveal both subtle and strong selection
responses.

Genetic architecture of rapid adaptation

Understanding the genetic architecture underlying such rapid adaptation
remains a central challenge in evolutionary biology, particularly for complex
polygenic traits. The study of polygenic adaptation has emerged as a crucial
field in evolutionary biology, offering critical insights into how organisms
can swiftly respond to environmental challenges through the coordinated
action of multiple genes. This complexity stems from the intricate genetic
architecture of adaptive traits, where numerous loci contribute to phenotypic
variation, making the detection and characterization of adaptive changes
particularly challenging [14]. Understanding these architectural patterns is
essential for explaining how populations can simultaneously maintain ge-
netic diversity while adapting to novel conditions. Moreover, the significance
of polygenic adaptation extends beyond theoretical interest, as many eco-
logically relevant traits exhibit polygenic inheritance. This understanding
is particularly vital in the context of rapid environmental change, where it
can inform conservation strategies and biodiversity management in shifting
environments [103]. Such insights become increasingly critical as populations
face unprecedented challenges from climate change and habitat alterations,
where rapid adaptation may be essential for survival. The study of adaptive
processes has historically been approached through two distinct perspectives.
While quantitative genetics examines phenotypic changes, molecular popu-
lation genetics analyzes genomic signatures at selected and linked loci. The
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extensive findings from genome-wide association studies (GWAS) revealing
the highly polygenic nature of traits, combined with the central role of the
infinitesimal model in quantitative genetics, led to the development of the
’omnigenic’ model. This model proposes that thousands of genes outside core
pathways significantly contribute to heritability, providing a concrete mecha-
nistic foundation for the abstract infinitesimal framework [104]. Although
the omnigenic model suggests a broad genetic basis for trait, detecting such
effects remains challenging with traditional selection tools.

In contrast, population genetics has traditionally characterized adaptation
through substantial frequency changes and swift fixation of unconditionally
beneficial alleles [105, 106]. This view suggests that phenotypic adaptation oc-
curs through independent selective sweeps driven by single-locus mutations.
Recent research efforts have aimed to bridge these divergent perspectives [2,
2,104, 103], recognizing the need for a unified framework that accommodates
both major single-gene changes and subtle coordinated shifts across multiple
loci. To reconcile these perspectives, Barghi et al. [14] proposed an integrated
framework emphasizing genetic redundancy as a key feature of polygenic
adaptation, potentially explaining both parallel and heterogeneous adapta-
tion patterns. Their empirical study have demonstrated that the combination
of genetic redundancy and quantitative trait concepts offers a more compre-
hensive explanation of experimental results than explanations based purely
on independent selective sweeps. This genetic redundancy, characterized by
an abundance of beneficial variants [107, 108, 109], suggest that that popu-
lations evolving toward the same fitness optimum may exhibit non-parallel
genomic changes.

To address these challenges in detecting subtle allele frequency changes across
multiple loci, a novel approach combining One-Class Support Vector Machines
with Fisher’s Exact Test (OCSVM-FET) were applied for detecting polygenic
adaptation patterns in the Pool-Sequencing data from 4 replicated Chironomus
riparius populations across 7 time points. By applying different stringent FET-
thresholds for selected alleles, the current study distinguishes between strong
and subtle selection responses in allele frequency dynamics. These data
sets were subsequently analysed regarding genetic and nucleotide diversity,
differentiation, neutrality and eventually gene- and KEGG Pathways analysis
was conducted.

Chapter 3 OCSVM-FET Analysis of C. riparius Adaptation Patterns



3.1 Population Genetic Measures: Heterozygosity
and Neutrality

The population genetic measures - Fsr, Tajima’s =, Watterson’s ¢, and Tajima’s
D - provide complementary insights into the genetic diversity, population
structure, and evolutionary history of species. For this study, these measures
were used in combination, offering a deeper understanding of the complex
dynamics of rapid adaptation in the conducted experiment.

Fs7 and Population Structure The Fgp parameter, also called F-statistic or
fixation-index, is a fundamental measure in population genetics and was
introduced by Sewall Wright [110]. Fs7 quantifies the degree of genetic differ-
entiation among subpopulations, providing insights into population structure
and gene flow [111]. Mathematically, Fsr is defined as the proportion of total
genetic variance contained in a subpopulation relative to the total genetic
variance [110]. While Fs; has become a cornerstone in population genetics
studies, a variety of methods have been developed to measure Fsr, such as
Nei [112], Weir and Cockerham [113], and Hudson [114]). The application
of the methodological variations has been discussed in several papers and
reviews [115, 116, 111]. Therefore the classic Fgp calculation e.g. is used for
genetic data with a moderate number of loci and individuals, whereas Weir
and Cockerham’s Fs7 is mostly used for genetic data with varying population
sizes and sampling intensities. Hudson’s Fis7 is another popular method for es-
timating population differentiation. It is particularly useful for large data-sets
with many loci and individuals. The latter was used in this study for exploring
the polygenic adaptation pattern given as output by the OCSVM-FET approach.
Hudon’s Fsr calculation comes with the Popoolation2 [18] software utilized
in this study. Fs7 is generally calculated with the following formula:

Hy
FST - 1 - Fb (3.1)

where H, is the average number of differences between sequences sampled
within subpopulations, and H, is the average number of differences between
sequences sampled between subpopulations

The interpretation of Hudson’s Fsr is consistent with other Fs; measures:
values range from 0 (no differentiation between populations) to 1 (complete
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differentiation). However, it’s important to note that the maximum value of
Fsp can be less than 1 for loci with high heterozygosity [117]).

Nucleotide Diversity Measures Several measures have been developed to
quantify nucleotide diversity within populations, each providing unique in-
sights into evolutionary processes, whereas this work highlights especially
Tajima’s = and Watterson’s 4. Tajima’s «, introduced by Fumio Tajima [118],
quantifies the average nucleotide differences per site between randomly
selected DNA sequences. Tajima’s 7 is sensitive to both low and intermedi-
ate frequency variants. Watterson’s §, developed by Watterson [119], is an
estimate based on the number of segregating sites in a sample of DNA se-
quences. Watterson’s ¢ is particularly sensitive to low-frequency variants and
is often used in conjunction with Tajima’s 7 to infer demographic history or
selection.

While = directly measures nucleotide differences, 6 etsimates variation based
on segregating sites, both contributing complementary insights into genetic
diversity. Tajima’s D combines both measures to detect deviations from neu-
trality. In summary, Tajima’s = and Watterson’s # provide complementary
information about genetic diversity, while Tajima’s D helps to interpret these
measures in the context of population genetic

Tajima’s D: A Test of Neutrality Tajima’s D, introduced by Fumio Tajima
[118], is a statistical test used to distinguish between a DNA sequence evolving
neutrally and one evolving under a non-random process, including direc-
tional selection, balancing selection, or demographic changes. Tajima’s D is
calculated using the formula [120]:

(3.2)

where:
* 7 is the average number of nucleotide differences between sequences,
* ¢ is Watterson’s estimator of genetic diversity,
* Vp is the variance of = — 0

Under neutral evolution, = and # are expected to be equal, resulting in a
Tajima’s D value of zero. Deviations from zero can indicate various evolution-
ary scenarios:
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Negative Tajima’s D values suggest an excess of low frequency polymor-
phisms, which indicates directional selection or population expansion. Posi-
tive Tajima’s D values suggest an excess of intermediate frequency polymor-
phisms, which suggests balancing selection or a population bottleneck [22,
121].

In practical applications, Tajima’s D has been widely used to infer demo-
graphic history and selection pressures in various species. For example, in
a study of the Eurasian Collared Dove, negative Tajima’s D values suggested
population expansion or positive selection [122]. Conversely, in a study of
Dendrolimus kikuchii, non-significant Tajima’s D values, combined with other
evidence, supported the hypothesis of stable population sizes in southern
China [123].

Factors Influencing Genetic Adaptation and
Diversity

The process of genetic adaptation in populations is shaped by a complex
interplay of various factors. Understanding these elements is crucial for inter-
preting patterns of genetic diversity and predicting evolutionary trajectories.
This section explores briefly key factors that influence genetic adaptation and
diversity in populations.

Effective Population Size (/V.) Effective population size (V.) is a fundamental
concept in population genetics, representing the size of an idealized popu-
lation that would experience the same rate of genetic drift as the observed
population [124]. N, significantly influences the rate of evolution and the ef-
fectiveness of selection [125]. In small populations (low N.), genetic drift plays
a more prominent role, potentially overwhelming weak selection pressures.
Conversely, in large populations (high N.), selection can act more efficiently
on even slightly beneficial alleles [126]. The effective population size is typi-
cally smaller than the census population size due to various factors including
unequal sex ratios, non-random mating, fluctuating population sizes, and
overlapping generations [125].

Heritability Heritability, the proportion of phenotypic variance attributable
to genetic factors, plays a crucial role in determining the response to selection

3.2 Factors Influencing Genetic Adaptation and Diversity
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[127]. Traits with high heritability are more likely to respond rapidly to selec-
tion pressures, facilitating adaptation. However, it is important to note that
heritability is not a fixed property of a trait but can vary across environments
and populations [128]. Understanding the heritability of key traits is essential
for predicting the potential for adaptation in changing environments.

Selection Strength The strength of selection is a key determinant of adaptive
outcomes. Strong selection can drive rapid changes in allele frequencies,
potentially leading to selective sweeps [129]. However, very strong selection
can also deplete genetic variation, potentially limiting long-term adaptive
potential. Weak selection, while less dramatic in its immediate effects, can
still lead to significant adaptation over time, especially in large populations
where genetic drift is less dominant [130].

Genetic Drift Genetic drift, the random changes in allele frequencies due to
sampling effects in finite populations, is a crucial factor in shaping genetic
diversity [131]. In small populations, drift can lead to the fixation or loss of
alleles independently of their selective value, potentially counteracting the
effects of weak selection. The interplay between drift and selection is particu-
larly important in understanding the fate of slightly deleterious mutations
and the evolution of genome complexity [132].

Convergent Evolution and Phenotypic Plasticity Convergent evolution,
where similar phenotypes evolve independently in different lineages, high-
lights the role of environmental pressures in shaping adaptation [133]. This
phenomenon can complicate the interpretation of genetic data, as similar
phenotypes may arise from different genetic mechanisms. Additionally, phe-
notypic plasticity, the ability of a single genotype to produce multiple phe-
notypes in response to environmental conditions, can influence the process
of genetic adaptation [134]. High plasticity may buffer populations against
selective pressures, potentially slowing genetic adaptation but also providing
time for beneficial mutations to arise.

Chapter 3 OCSVM-FET Analysis of C. riparius Adaptation Patterns
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4.1

Evaluating Methods for
Polygenic Adaptation
Detection

Python, R and Bash scripts as well as pipelines can be found on GitHub
https://github.com/CoCaliendo/Polygenic-Adaption-Pattern

Simulation

To assess the performance of the different approaches, a series of simulations
were conducted using the tool MimicrEE2 [40]. MimicrEE2’s quantitative
trait (QT) mode was employed to simulate rapid polygenic adaptation. This
mode first computes phenotypic values for each individual based on the effect
sizes of the SNPs and environmental variance, then performs truncating
selection, culling individuals with the most extreme phenotypic values. This
approach allows for the simulation of complex adaptive events under various
evolutionary scenarios. The simulation pipeline began with the generation of
a customized haplotype input file using individual sequencing data from 66 C.
riparius specimens [46]. I utilized the non-model organism pipeline for GATK4
[135, 136] to create haplotypes from individual sequencing fastq files. The
pipeline for conducting the desired haplotype-file from individual sequencing
data can be found on GitHub!. Using this haplotype file, we conducted a total
of 20 distinct simulation setups, each replicated 10 times for robustness. These
20 setups were designed to explore two key variables:

(1) Time under selection: We simulated four different periods under selec-
tion - 10, 20, 40, and 60 generations. This range allows to observe how
adaptation patterns developed over different time scales.

(2) Number of loci under selection: We varied the number of loci experienc-
ing selection, testing five different quantities - 10, 50, 100, 250, and 500.

1 Scripts and pipeline details available on Github: CoCaliendo/Polygenic-Adaption-Pattern
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This variation helps understanding how the number of genes involved
in adaptation affects detection methods. (Thus ranging from oligogenic
over mildly to highly polygenic)

For each combination of generation time and number of selected loci, we ran
10 replicates to account for stochastic variations in evolutionary processes.
This design resulted in a total of 200 simulation runs (4 generation times
x 5 loci quantities x 10 replicates) (see Fig. 1) Using ‘qt’ mode, I modeled
a scenario of strong selection by specifying a range of effect sizes for the
loci under selection. I used a custom Python script to generate a selected-
loci file, which specifies the loci under selection and in-cooperates the effect
sizes of the loci contributing to a quantitative trait. The script randomly
selected 10, 50, 100, 250, and 500 positions with a starting allele frequencies
provided by the effect-file. In this work, allele frequencies starts ranging
from 0.01 to 0.3 were choosen. Another custom script was used to generate a
recombination map. I allowed the recombination rate to vary between 0.1
and 4 centimorgans, encompassing a range of possible recombination rates
that may reflect the natural variation observed in C. riparius populations.
Another key parameter was heritability, which was set to 0.8, indicating a
strong genetic component in the trait under selection. For the selection regime,
a truncating selection model was applied with a factor of 0.5, i.e. removing
individuals with phenotypic values below the 50th percentile. To simulate
the desired time under selection, generation steps were set at 10, 20, 40 and
60. The output was generated in sync-file format to facilitate comparison
with real-life experimental data. The R package poolSeq was utilized [137]
for subsequent analysis of allele frequencies across generations (R version
4.3.2). This comprehensive simulation design allowed me to model rapid
adaptation under strong selection pressure. By incorporating real genetic
data from C. riparius and varying key parameters such as selection coefficient
and recombination rate, I aim to capture a range of evolutionary scenarios,
providing a robust test for the analytical methods in identifying polygenic
adaptation patterns

For the quantitative trait mode (setting ’qt’), specific parameter settings were
employed to accurately model the evolutionary dynamics:

#!/usr/bin/env java

java -jar mim2-v206.jar qt/
--haplotypes-g@ haplotype-file.mimhap/
--recombination-rate recomb\_rate.txt/
--effect-size selected\_loci.txt/
--heritability 0.8/

Chapter 4 Evaluating Methods for Polygenic Adaptation Detection
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--snapshots 10,20,40,60 /
--replicate-runs 10 /

--output-sync output.sync.gz /
--selection-regime truncating\_05.txt /
--threads 6

Listing 4.1: Parameter Setting for MimicrEE2 embedded in a java script.

The parameter —effect-size identifies the loci under selection, driving the adap-
tation process. To generate the file, a python script provided by MimicrEE2
was used and customized accordingly:

#!/usx/bin/env python

python pick-SNPs-QTL.py/

--mimhap haplotype-file.mimhap/

--n 100/

--f @.15/
--effect-file effect\_file.txt > selected\_loci\_output.txt

Listing 4.2: python script to draw 100 position randomly that will undergo selection.

The script generates a file with three columns, that gives information about
the positions, additive effect and heterozygous additive effect. The starting
allele frequency for the selected loci was set to 0.15 (-f 0.15) In natural pop-
ulations, the initial frequency of advantageous alleles can vary. Setting the
starting allele frequency to 0.15 may reflect a scenario where the advanta-
geous alleles are moderately common but not overwhelmingly dominant in
the population.

The effect size, specified trough —effect-file represents the magnitude of influ-
ence a particular allele has on the phenotypic value of an individual. Mimi-
crEE2 uses these effect sizes in the following way: First, for each locus under
selection, an effect size is randomly chosen from the specified range (in this
case: 1.5 to 3.5). Secondly, the phenotypic value of an individual is calculated
as the sum of the products of each locus’s effect size and its allele frequency,
plus some random environmental noise. Lastly, the initial allele frequencies
provided together with the effect size are used as the starting point for the
simulation, representing the genetic makeup of the population at generation
0. A high effect size in range of 1.5 to 3.5 was choosen, allowing to observe
significant changes within a relatively small number of generations, which is
computationally efficient and helps in detecting selection signals more clearly.
The parameter —selection-regime determines whether phenotypic values are
truncated or continuous. In this case it was set to a truncation factor of 0.5,

4.1 Simulation
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indicating that individuals with phenotypic values below the 50th percentile
are removed from the population.

The -recombination-rate determines the recombination rate, influencing ge-

netic diversity. MimicrEE2 provides a recombination map, generated by a

customized Python script to provide centimorgan distances between genomic

positions. By allowing the centimorgan distance to vary between 0.1 and 4,

the simulation encompasses a range of possible recombination rates that may

reflect the natural variation observed in C. riparius populations.
#!/usxr/bin/env python

python simple-recombination-map.py/
--mimhap haplotype-file.mimhap --rr 4 > pre-recomb-rate.txt

Listing 4.3: python script to annotate recombination rate in centimorgan distance.

#!/usxr/bin/env bash
awk 'BEGIN { srand() } \{ print \$1, rand() * (4 - 0.1) + @.1 \}'/
pre-recomb-rate.txt > recombination-rate.txt

Listing 4.4: bash command to select random recombination rate between 0.1 - 4 (in
centimorgan distance).

The parameter —snapshots indicates the number of generations, for which
simulation runs are conducted. This parameter was set to 10,20,40,60 to
generate the respective output for these generations, similar to the real-life
experiment conducted as described in 5.1. The parameter —replicate-runs
defines the number of replicates per generation. This parameter was set to
10 as proposed from guidelines [40]. Output format, specified as —output-sync
was set to sync-file. For further analysis, the R package poolSeq [137] was used.
To speed up the process, parameter —threads, which determines the number
of kernels to use from operating system, was set to 6.

For an atomized script, looping over different setting of select loci, see Github?

Fisher's Exact Test

The allele frequencies across all simulated generations were acquired utiliz-
ing the R packages poolSeq with R version 4.3.2 (2023-10-31). Fisher’s exact
tests were conducted to compare the initial and final generations, yielding
corresponding p-values [137], which were corrected for False Discovery Rate

2 Scripts and pipeline details available on Github:CoCaliendo/Polygenic-Adaption-Pattern
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using Benjamini-Hochberg correction. After p-values were annotated to each
position, a significance level cut-off of <0.001 was chosen, taken from the
paper of the already published data [68], which was used for parameter fine
tuning (see 4.6).

Naive Bayes Classifier

The mathematical function described in formula (3.6, 1.3) were put into the
following code function:

#!/usx/bin/env python
python nbc_function.py/

def multivariate_distri(pos, mu, Sigma):
"""Return the multivariate Gaussian distribution on array pos."""

n = mu.shape[0@]

Sigma_det = np.linalg.det(Sigma)

Sigma_inv = np.linalg.inv(Sigma)

N = np.sqrt((2*np.pi)**n * Sigma_det)

# This einsum call calculates (x-mu)T.Sigma-1.(x-mu) in a vectorized
# way across all the input variables.

fac = np.einsum(’...k,k1,...1->...", pos-mu, Sigma_inv, pos-mu)

return np.exp(-fac /7 2) / N
Listing 4.5: python script function for NBC.

The parameters for the covariance matrix and the mean were tuned onto
already published data as described in 1.6. Therefore, first the PDF of the
normal, non-anomalous data was modelled, using Python 3.8.13 and resulting
in the following 2D arrays:

#1/usr/bin/env python

python nbc_parameter_tuning.py/

import numpy as np
import pandas as pd

# Define the parameters for the non-anomalous distribution
Sigmal = np.array([[0.25, ©.18], [0.18, ©.25]])
mul = np.array([@., 0.])

# Define the parameters for the anomalous distribution 1
Sigma2 = np.array([[0.2, ©.19], [0.19, 0.2]1])
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mu2 = np.array([0.1, 0.8])

# Define the parameters for the anomalous distribution 2
Sigma3 = np.array([[0.2, ©.19], [0.19, ©.2]])
mu3 = np.array([0.8, 0.1])

# Create multivariate distributions

mvnl = multivariate_distri(pos, mean=mul, cov=Sigmal)
mvn2 = multivariate_distri(pos, mean=mu2, cov=Sigma2)
mvn3 = multivariate_distri(pos, mean=mu3, cov=Sigma3)

Listing 4.6: python script to model NBC with published data set.

These settings were applied respectively to each of the simulated data sets for
the initial allele frequency (af0’) as well the allele frequency of generation
10(’af10’), 20('af20’), 40('af40’) and 60(af60’).

#1/usr/bin/env python

python nbc_parameter_tuning.py/

impoxt numpy as np

import pandas as pd

from scipy.stats import multivariate_normal

# Calculate probability density values for each data point
# under specific distribution

pdf_valuesl mvnl.pdf(df[['af@’, 'aflQ’']])

pdf_values2 = mvn2.pdf(df[['af@’, 'afl@']])

pdf_values3 mvn3.pdf(df[['af@’, 'aflQ’']])

# Assign each data point to the distribution with the
# highest probability density
df['cluster’] = np.argmax(np.column_stack(
(pdf_valuesl, pdf_values2, pdf_values3)), axis=1) + 1

Listing 4.7: python script to model NBC with simulated data set.

One Classifier Support Vector Machines

The One Class Support Vector Machines (OCSVM) algorithm [33] was employed
in this study to identify potential signatures of polygenic adaptation in allele
frequency data, using scikit-learn [138]. This machine learning approach is
particularly suited for detecting subtle, coordinated changes across multiple
loci that are characteristic of polygenic adaptation. OCSVM algorithm was
used with the Radial Basis Function CRBF’) kernel, aiming to divide the data
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into anomalous and non-anomalous categories in a higher dimensional space.
This kernel function measures the similarity between two data points and
helps define the boundaries between them. In this study, radial basis function
(RBF) kernel was choosen to capture non-linear relationships in the data. The
RBF kernel can be thought of as a similarity measure that decreases with
distance: data points that are close in the original space are considered more
similar than those that are far apart. The "kernel trick" is a key concept that
allows the OCSVM to operate effectively in higher dimensions. The kernel
trick adds new features to each data point by applying a transformation
function. The idea is, that this function maps the original data to a higher-
dimensional space. This is implicitly computed: Instead of calculating these
new features directly (which could be computationally expensive or even
infeasible), the kernel trick computes the dot products between pairs of data
points in this higher-dimensional space. This allows the algorithm to find
patterns and separations that might not be visible in the original data space
For mathemathical background on the kernel function see 1.4 Specifically, v
and v were crucial parameters to be choosen. The  parameter influences how
the algorithm detects unusual allele frequency changes. A smaller v value
allows the algorithm to detect broader, more general trends in allele frequency
shifts, which might be more appropriate for detecting polygenic adaptation
involving many loci with small effects. A larger v value might be more suitable
for detecting more localized, stronger selection signals. The v parameter
essentially controls the sensitivity of the anomaly detection. A smaller v value
results in a more conservative approach, identifying only the most unusual
allele frequency changes, while a larger v value allows for the detection
of more subtle shifts that might be relevant in polygenic adaptation. These
parameters were fine-tuned (v = 0.01, v = 0.05) using previously published data
on C. riparius [46], ensuring the model was optimized for detecting genetic
anomalies in this species (see 4.6.

Allele frequencies were acquired using the R packages poolSeq [137] with R
(version 4.3.2) and were used as input for the algorithm. The algorithm gener-
ates a list where each anomalous position is labelled as -1, and non-anomalous
data is labelled as 1. Loci flagged as anomalous (-1) by the algorithm are candi-
dates for being part of the polygenic response to selection in the experimental
populations.

#!/usx/bin/env python

python ocsvm_poly.py/

from sklearn.svm import OneClassSVM
from sklearn.preprocessing import StandardScaler

4.4 One Classifier Support Vector Machines
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#start OCSVM with dataframe df

#normalize allele frequencies
sX=pp.StandardScaler(copy=True)

scale = sX.fit_transform(df[['af@’, 'afl0’']1])

df_scale = pd.DataFrame(scale, columns = ['af@’, 'afl@’'])

#parameters for svm
svm = OneClassSVM(kernel='poly’, nu=0.01, gamma=0.05,
degree = 3, coef@® = 0.0, cache_size=1000)

# fit the model with the dataset and get the prediction data
by using the fit() and predict() method

svm. fit(df_scale)

pred = svm.predict(df_scale)

#get scores
scores = svm.score_samples(df_scale)

Listing 4.8: python script OCSVM polynomial kernel.

For OCSVM with a RBF kernel [138], v were set to 0.05 and v was set to 0.01.
Allele frequencies of the initial (af0) and resepctively last (af10, af20, af40,
af60) simulated generations were extracted using Popoolation2 [40]

Combination with Fisher’'s Exact Test

In this study, a combined approach was developed that integrates the binary
classification results from OCSVM and NBC with the statistical hypothesis
testing of FET. This method aimed to leverage the strengths of both machine
learning and traditional statistical approaches. For each simulated dataset, I
first applied OCSVM and NBC independently to classify positions as anomalous
or non-anomalous. Concurrently, FET was preformed on the same datasets.
The p-values from FET were corrected for multiple testing using the Benjamini-
Hochberg method. A customized Python script (version 3.8.13)% was used to
merge these results for each position in the genome and subsequently filter
the data, retaining only those positions classified as anomalous by OCSVM
or NBC that also had a FET-derived adjusted p-value < 0.001. This process
resulted in a set of "significant anomalies" - positions that were flagged as

% Scripts and pipeline details available on Github:CoCaliendo/Polygenic-Adaption-Pattern
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anomalies by the machine learning approaches and also showed statistically
significant changes according to FET.

Parameter Fine-Tuning

The key parameters x and X for NBC, as well as » and ~ for OCSVM were
optimized using real-life and previously published datasets by Pfenninger et
al [46]. This data, originating from an experiment on C. riparius, captured
genome-wide allele frequency changes before and after a cold snap event,
suggesting a potential rapid, polygenic adaptation in the population. DNA
extraction, sequencing, trimming, mapping, filtering of reads and SNP calling
was performed as described in [46]. To infer long-term selection regimes,
Tajima’s D was calculated. The temporal behavior of candidate loci was com-
pared to randomly selected SNPs to assess their correlation. In this study,
several genetic markers were identified with significant allele frequency shifts
before and after the cold snap, indicating potential selection events. These
loci were used as true positives to fine-tune the parameters for the introduced
methods NBC and OCSVM. The optimized parameter settings were then eval-
uated for accuracy, false positive rate and area under curve using simulated
data. While the original study identified 19 SNPs as candidates for selection,
these were consolidated into 10 independent loci due to linkage on the same
scaffolds. For the parameter fitting process, we used these 10 independent
loci as true positives, as they represent distinct genomic regions potentially
affected by selection and are likely physically unlinked. To optimize OCSVM
parameters, we performed a grid search over v values ranging from 0.001 to 1
and v values from 0.01 to 1. For NBC, we explored various combinations of p
and ¥ values, ensuring the resulting covariance matrices remained valid pos-
itive semi-definite. The grid search aimed to maximize performance across
accuracy, false positive rate (FPR), and area under the curve (AUC). These
metrics were chosen to balance the algorithm’s ability to correctly identify
true positives while minimizing false detection, crucial for detecting subtle
signals of polygenic adaptation. The optimized parameters were then applied
to simulated data mimicking various evolutionary scenarios, including differ-
ent generations (10, 20, 40, 60) and numbers of loci under selection (10, 50,
100, 250, 500). This allows to assess how well the parameters, tuned on real
data, performed across a range of potential adaptive scenarios. Using the 10
independent loci as true positives for parameter tuning aligns with the expec-

4.6 Parameter Fine-Tuning
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tation that polygenic adaptation often involves multiple, unlinked genomic
regions. This approach allows to capture the diversity of allele frequency
changes associated with complex adaptive processes.

Performance Metrics

Performance of the different approaches (FET, OCSVM, NBC, OCSVM-FET, NBC-
FET) was evaluated using metrics including false positive rate (FPR), area
under curve (AUC), and accuracy with a customized python script (version
3.8.13, module: scikit-learn). These metrics were chosen to be the most infor-
mative ones regarding a highly imbalanced dataset. FPR therefore measures
the proportion of data points that were wrongly identified as positive by the
algorithm. It is calculated as the ratio of false positives to the sum of true
negatives and false positives. The AUC metric represents the area under the
Receiver Operating Characteristic (ROC) curve, which is a graphical repre-
sentation of the true positive rate against the false positive rate at various
threshold settings. A higher AUC value indicates better ability of discrimina-
tion of the algorithm. Lastly, accuracy measures the overall correctness of
the algorithm’s predictions and is calculated as the ratio of the total number
of correctly classified samples to the total number of samples in the data set.
Plots were produced using a customized python script (version 3.8.13, module:
matplotlib).

False Positive Rate (FPR): measures the proportion of data points that were
falsely identified as positive by the algorithm. It is calculated as the ratio of
false positives to the sum of true negatives and false positives

FalsePositives

FPR 4.1)

~ FalsePositives + TrueNegatives

Area Under Curve (AUC): The AUC metric represents the area under the Re-
ceiver Operating Characteristic (ROC) curve, which is a graphical representa-
tion of the true positive rate against the false positive rate at various threshold
settings. A higher AUC value indicates better ability of discrimination of the
algorithm
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Accuracy: measures the overall correctness of the algorithm’s predictions and
is calculated as the ratio of the total number of correctly classified samples to
the total number of samples in the data set

NumberO fCorrect Predictions

Total NumberO f Predictions (4.2)

Accuracy =

4.7 Performance Metrics
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5.1

Experimental Evolution:
Selection on Emergence
Time in C. riparius

In this chapter, the experimental set-up of the Evolve and Re-sequence experi-
ment is described. To ensure the success of the experiment, the collected data
was statistically analysed. Additionally this chapter gives an overview to the
bioinformatic preprocessing of Pool-Sequencing data.

Experimental Design

Aiming to set a population of C. riparius under selection pressure regarding
faster developmental time (i.e. emergence), 24 egg clutches were randomly
selected from the population described in 5.2 to establish the starting popula-
tion for the experiment. A mixed pool was made and a total of 4.000 larvae
were randomly drawn and grouped into sets of 50, which were distributed
across 80 trays. (refer to fig. 5.1) (see 5.3 for tray setup).

Test trays were divided into four groups, each consisting of 20 trays accord-
ingly, constituting four replicate groups - namely replicate blue, replicate red,
replicate green, and replicate gold. Replicate trays were set into a climate
chamber under constant temperature of 20 degree Celsius, 60% relative hu-
midity, constant aeration and a light-dark cycle of 18:6. Trays were randomly
shifted every 3-5 days to avoid effects of different light exposure. Feeding
routines were done each morning adhering to a predetermined schedule
outlined in the supplementary material (Appendix, A) using finely ground
fish food (e.g. Tetramin Flakes).

To introduce selection pressure on emergence time, only the first 50 emerged
females and first 50 emerged males were collected with a vacuum trap. This
was done for each replicate separately. The collected early emerging indi-
viduals were put into a replication cage, where they were able to produce
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Fig. 5.1.: Scheme of experimental setup: Eggs from the original group were pooled
and divided into four replicates: red, green, blue, and gold. The first 100
midges emerging, including 50 females and 50 males, were put into replica-
tion cages for mating. Eggs for the next generation were collected for four

days. This process of choosing fast developing, i.e. fast emerging, midgets
was repeated for seven generations.

Egg pool

offspring for the next generation. Each replication cage featured a glass bowl
containing medium, which provided a suitable environment for females to
lay their egg clutches. Additionally, cages contained a cup holding a solution
of sugar, along with a wooden stick placed inside to absorb the liquid safely.
During the initial three days of egg laying, egg clutches from all four replicates
were collected and stored in medium. These eggs were refrigerated at 8 degree
Celsius for a period ranging from one to three days. On the fourth day, the eggs
were transferred to a climatic chamber set at 20 degree Celsius, where they
typically hatched within a span of three days. Hatched larvae were pooled
together and sorted as described in section 5.4, resulting in a total of 4,000
larvae as the start of the next generation, see Fig. 5.1. The first generation
therefore forms the ancestral generation. The procedure was then carried
out for a further 6 generations. Each emerged individual was meticulously
collected, labeled, and preserved in ethanol at a temperature of -4 degrees
Celsius.

Chapter 5 Experimental Evolution: Selection on Emergence Time in C.
riparius
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5.3

5.4

Test organism

The population of C. riparius used in this study was sourced from a native
population collected over a span of three years (2016-2019) from a small river
located at Hasselbach, Hessen, Germany (50.167562°N, 9.083542°E). This popu-
lation has been maintained for several generations as an in-house laboratory
culture at an average temperature of 20-23 degree Celsius [139]. Maintaining
genetic diversity in the laboratory population required periodic supplemen-
tation with wild-caught individuals to counteract random genetic drift. The
culture conditions for the stock population adhere to a modified approach
based on the procedure outlined in OECD guideline N°219, which was previ-
ously published by Foucault et al. [88]. The cultures were reared under a long
day light regime (16:8 L:D) and fed daily with 0.4 g finely grounded fish food
(e.g. Tetramin Flakes).

Tray Setup

Glass bowls were used as trays (@ 20 x 10 cm), filled with a 1.5 cm sediment
layer of washed, pH neutral, commercial sand and 1.250 L of medium, consist-
ing of deionized water adjusted to a conductivity of 550 xS/cm with aquarium
sea salt (e.g. TropicMarin) and a basic pH around 8 [88]. Preventing emerged
individuals from escaping, a hair net was stretched over each tray. To ensure
proper ventilation of the medium, an aeration system was devised using
hoses. These hoses extended into the medium through the net attached to the
trays. Compensating for water evaporation in the test vessels was achieved
by introducing demineralized water.

Larvae Drawing

Each egg clutch was collected from the replication cages and stored in a single
3 mL well within a 6-well plate of medium. After the egg clutches had under-
gone a period of at least one day and maximum of three days in a refrigerator
at 8 degree Celsius, they were incubated on the fourth day at a temperature
of 20 degrees Celsius for three days to facilitate synchronized hatching. Sub-
sequently, enclosed larvae from different clutches were pooled and 12 egg

5.2 Test organism
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clutches were selected for each case. These chosen clutches exhibited uniform
larval size and had a hatching rate of around 90%. This ensured that all larvae
reached the same developmental stage within narrow time frame. Pooled
and randomly drawn larvae were distributed across the 80 trays, segregated
by their respective replicate group. As the present experiment maintained a
consistent count of females as the foundation for the subsequent generation,
with only the initially deposited egg clutches being taken into account, fertility
was determined based on the overall number of collected egg clutches.

Statistics

During the experiment, daily records were maintained for the count and
sex of emerging individuals per tray to calculate survival, sex ratio, mean
developmental time and median developmental time (EmT50). For each
generation and replicate produced eggropes were collected, number of eggs
were counted under the microscope. Fertility was accessed using the method
outlined by Foucault et al. [88], which involved quantifying the count of
egg ropes where at least 50% of the larvae successfully hatched, divided
by the number of females. Subsequently, survival rates, EmT50 (median
time for emergence) of females, and fertility values were combined using a
simplified Euler-Lotka computation to evaluate the population growth rate
(PGR). The latter measurement integrates each parameter while considering
their respective contributions to the population’s dynamics, following the
approach by Nemec et al. [95]. Therefore PGR incorporates specifically the
following parameters: mortality rate (f), EmT50 (the time taken for 50%
emergence) of females (g), female fraction (h), average number of eggs per
egg mass (i), and the number of fertile egg masses produced per female (j)
and plug in to the formular [94]

f /g
PGR = [(sz‘xh) X <1—1()0ﬂ (5.1

To test for the rapid adaptation, mean emergence, EmT50, survival, fertility
and PGR were statistically tested. Each generation was tested against the
initial (1st) generation. Two approaches were utilized: Frequentist’s approach

Chapter 5 Experimental Evolution: Selection on Emergence Time in C.
riparius



0o NOUL A WN =

NN DN NDNDNDNDNMNMN= @O O a4 A A
Nou b WN-—-OOVOONOOUD™ WN —= O LV

by using Mann-Whitney-U-Test Test, and Bayesian Inference Statistic. Mann-
Whitney-U-Test is testing the hypothesis if the middle ranks of both groups are
the same. For this Python 3.8.13 with the ‘mannwhitneyu’ function provided
by scipy.stats was used. To investigate effective sizes, Cohen’s D was used by
calculating the mean difference between the two groups, and then dividing
the result by the pooled standard deviation:

(Mz — My)

Cohen’s D =
:;l)pooled

(5.2)

For Bayesian Inference Statistics, PyMC3 was utilized, which is a tool for
Bayesian statistical analysis and probabilistic machine learning, written in
the Python programming language. It employs Markov-Chain-Monte-Carlo
(MCMC) and variational inference algorithms to explore the posterior distribu-
tion of model parameters. As for the prior knowledge, expected performance
range was used to set a uniform prior distribution, which was 0-26 (days) for
the mean emergence and EmT50 and and 0-1.2 (units) for PGR.

#!/usx/bin/env python
python bayesian.py/
import pymc as pm

# loop thorugh each generation per replicate
for i in range(1l, 8)

# Mean

# Define the PyMC3 model

with pm.Model() as model:

# Define prior distribution for mean emergence time for each generation

mu = [pm.Uniform(f’'mu_{i}’, lower=@, upper=26) for i in range(7)]

# Define likelihood function for each generation
obs = [pm.Normal(f'obs_{i}’, mu=mu[i], sigma=1,
observed=mean_emergence_times[i]) for i in range(7)]

# Perform MCMC sampling
trace = pm.sample(draws=2000, tune=1000)

#EmT50
with pm.Model() as model:
# Define prior distribution for EmT50 for each generation
mu = [pm.Uniform(f'mu_{i}’, lower=@, upper=26) for i in range(7)]

# Define likelihood function for each generation

obs = [pm.Normal(f'obs_{i}’, mu=mu[i], sigma=1,
observed=emt50_values[i]) for i in range(7)]

5.5 Statistics
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# Perform MCMC sampling
trace = pm.sample(draws=2000, tune=1000)

# PGR
# Define the PyMC3 model
with pm.Model() as model:
# Define prior distribution for mean PGR for each generation
mu_pgr = [pm.Uniform(f'mu_pgr_{gen_idx}’', lower=0, upper=1.2)
for gen_idx, _ in enumerate(generation.unique())]
# Prior for standard deviation of PGR
sigma_pgr = pm.HalfCauchy('sigma_pgr’, beta=10)

# Define likelihood function for PGR
obs = [pm.Normal(f’'obs_pgr_ {i}’', mu=mu_pgr[i], sigma=sigma_pgr,
observed=pgr_values[i]) for i in range(7)]

# Perform MCMC sampling
trace= pm.sample(draws=2000, tune=1000)

Listing 5.1: python script for bayesian statistics analysis.

Data Pre-processing

For each generation, each emerged midge was meticulously collected, labeled,
and preserved in ethanol at a temperature of -4 degrees celsius. To prepare
the DNA for subsequent Pool-Sequencing, all female individuals per genera-
tion were pooled and 100 individuals were drawn. For the DNA extraction,
2 legs were taken from each individual and processed following the DNeasy
Blood & Tissue Kit instructions by Qiagen (see manual in appendix). DNA
concentration for each samples was measured with a Qubit fluorimeter (Invit-
rogen). Whole-genome pool-sequencing was conducted on an Illumina MiSeq
platform, generating 250bp paired-end reads. Subsequently, reads underwent
a two-step process involving trimming and quality control using fastQC [140].
The trimming process was facilitated by Trimmomatic [141].

Trimmed reads were aligned to the C. riparius reference genome (version 3)
[142] utilizing the BWA mem algorithm [143]. A subsequent filtration step
was implemented to remove duplicated and unmapped reads. Additionally,
only reads with 1) mapping quality above 20 were kept and 2) with read
coverage between 15 and 70. For each replicate and each generation a merged

Chapter 5 Experimental Evolution: Selection on Emergence Time in C.
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Fig. 5.2.: Flow chart of bioinformatic pipeline: DNA Extraction of 7 generations of
the respective replicates underwent short-read library preparation and
Pool-Sequencing (Illumina). Quality check of the fastq files were done by
FastQC and for adapter trimming Trimmomatic was used. Sam files were
generated by BWA-MEM alignment to the reference genome, subsequent
converting to bam files, filtering and merging all files into one mpileup file
was done by using samtools. For obtaining a synchronized file, data was
processed with Popoolation2.

file was generated using samtool’s function mpileup [144]. The merged file
contains for each position information about the respective reference base,
the bases from reads aligned to that position, quality scores associated with
the reads and mapping qualities indicating how well each read aligns to the
reference. By using Popoolation2’s implementation mpilup2snyc.jar [145, 18]
a synchronized file was created. Its primary function is to prepare data for
downstream analysis, specifically for comparing allele frequencies between
populations, by employing filters based on quality and synchronized data for
populations. For the filtering, it removes low-quality reads or bases from the
analysis to ensure reliable data. To enable comparison of allele frequencies,
mpileup2sync.jar combines and summarizes the mpileup information for
different populations into a single, synchronized format. To assert allele
frequencies for each repliacte and generation, the synchronzied file was
processed with R (version 4.2.1) using the library PoolSeq [137]. The allele
frequencies form the start point of any further bioinformatic analysis. All
scripts used for this pre-processing pipline can be found in appendix.

5.6 Data Pre-processing
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6.1

OCSVM-FET Analysis of C.
riparius Adaptation Patterns

Python, R and Bash scripts as well as pipelines can be found on GitHub https :
//github.com/CoCaliendo/Analysis adaptation Pattern

Post-Processing

Starting with obtained allele frequencies from the pre-procession steps (see
section 5.6), a combined approach consisting of Fisher’s Exact Test (FET) and
One-Class Support Vector Machines with a radial kernel (OCSVM radial) was
applied to identify candidate SNP loci potentially under selection for early
emergence. OCSVM radial was utilized with a customized python script (ver-
sion 3.8.13 , module: scikit-learn) with the settings v = 0.05 and » = 0.013.
Allele frequencies served as input, and OCSVM radial classified loci as either
anomalous (-1) or non-anomalous (1). Anomalous positions were overlapped
with positions denoted as being significant according to FET. FET were con-
ducted to compare the ancestral (first) and last (seventh) generations, yielding
corresponding p-values using poolSeq with R (version 4.3.2) [137], which were
corrected for False Discovery Rate using Benjamini-Hochberg correction. To
identify both, broad-effect variants and strong-effect variants, two different
cut-off were applied and analyzed:

1. Broad-effect variants To specify loci where the proportions of allele
frequencies changed more than expected due to chance alone, neutral
simulations were used to compute false discovery rate q-values < 0.001.

2. Strong-effect variants This group involved setting a very stringent
cut-off by selecting the lower 0.0001% of the corrected p-values. This
approach identified a smaller, more highly significant set of candidate
SNP loci (red: 9.66, blue: 7.76, gold: 6.67, green: 8.51).
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Fig. 6.1.: Flow chart of bioinformatic pipeline: After Pre-processing steps, obtained
allele frequencies were used as input for the OCSVM-FET approach. Dif-
ferent thresholds for FET were applied to filter for broad-effect variants
and strong-effect variants. The resulting significant anomalies were used
for further examination: F-Statistics (Fsr), Tajima’s =, Watterson’s 6 and
Tajima’s D were calculated by using Popoolation2. Genes were annotated
via InterProScan and Pfam database and KEGG Pathway enrichment was
performed by WebGeStalt.

6.2 Genetic diversity analysis of candidate variants

To understand the long-term selection regime at the identified loci and their
linked sites, we used four key population genetic parameters: Tajima’s D,
Tajima’s 7, Watterson’s 4, and Fgr. For all genetic parameters, a non-overlapping
sliding windowsize of 1kb was chosen, reflecting the species’ short average
linkage disequilibrium of less than 150 bp [12]

Selection regime, Tajima’s D Tajima’s D was calculated to summarize the site
frequency spectrum and infer the selection regime over the long term [146].
We used Popoolation1 [18] to compute Tajima’s D for all non-overlapping
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1 kb windows across the genome. The values of Tajima’s D in all windows
were compared to the windows containing broad-effect variants/strong-effect
variants. This analysis helps distinguish between neutral evolution, purifying
selection, and balancing selection. Parameters: —fastq-type sanger -measure
d -min-count 3 —-min-coverage 15 -max-coverage 50 -min-covered-fraction
0.5 —-pool-size 100 —window-size 1000 —step-size 1000

Nucleotide diversity, Tajima’s = We calculated Tajima’s = for all non-overlapping

1kb windows using Popoolation1 [145]. This measure provides insights into
the level of nucleotide diversity within populations and can indicate recent se-
lective events [22]. Computed = in all windows were compared to the windows
containing broad-effect variants/strong-effect variants. Parameters: —fastq-
type sanger —-measure pi —-min-count 3 -min-coverage 15 -max-coverage 50
—-min-covered-fraction 0.5 —pool-size 100 ~-window-size 1000 —step-size 1000

Population mutation rate, Watterson’s ¢ Watterson’s # was calculated to
estimate the population mutation rate based on the number of segregating
sites within each 1kb window, using Popoolation1 [145]. This parameter
offers a different perspective on genetic variation, particularly sensitive to
rare alleles [119]. Calculated ¢ in all windows were compared to the windows
containing broad-effect variants/strong-effect variants. Parameters: —fastq-
type sanger —-measure theta -min-count 3 -min-coverage 15 —-max-coverage 50
—-min-covered-fraction 0.5 —-pool-size 100 -window-size 1000 —step-size 1000

Genetic Differentiation, Fixation Index Fs; To measure genetic differentia-
tion and loss of heterozygosity, we calculated the Fixation Index (Fs7) using
Popoolation2 [18]. Pairwise Fs calculation provides information on popu-
lation structure and can indicate local adaptation [111]. We performed two
analyses: a) Within-replicate Fisy to assess differences between replicate pop-
ulations. b) Pairwise Fs; between consecutive generations to track changes
over time.

Statistical Analysis

Statistical analyses were conducted using Python version 3.8.13 (scipy.stats
module). We employed the Mann-Whitney U test to assess differences in
Tajima’s = and Watterson’s ¢ between ancestral and last generations, using
Cohen’s D to measure effect size. For pairwise Fs7 analysis between replicate
populations, we utilized the Kruskal-Wallis test with eta-squared as the effect

6.3 Statistical Analysis
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size measure. Effect sizes were interpreted following standard thresholds:
Cohen’s D values 0f 0.2, 0.5, and 0.8 indicated small, medium, and large effects,
respectively, while eta-squared values were considered small at 0.01, medium
at 0.06, and large at or above 0.14 [147]

Wright-Fisher Simulation Analysis

Neutral evolution scenarios were simulated using the Wright-Fisher model
implemented in the poolSeq R package [137]. Effective population size (NV,)
was estimated using poolSeq’s estimateNe function, yielding values of 17,000
for red, blue, and gold replicates, and 22,000 for the green replicate, repre-
senting conservative estimates [87]. Comparisons between experimental and
simulated data employed chi-square tests (poolSeq’s chi.sq.test function), with
p-values adjusted using the Benjamini-Hochberg correction and subsequently
negative log-transformed.

Gene Annotation

Gene annotation was performed on the identified broad-effect and strong-
effect variant positions from both generation 4 and 7. For the initial annota-
tion, thg-tool [148] was used to identify variants located within exonic regions
of genes. This direct positional analysis focused specifically on coding regions,
without considering intronic regions or potential distant regulatory elements.
Gene families were identified using interproscan with the pfam database
[149, 150]. Overlap between replicate candidate loci was visualized using
Venn diagrams (R version 4.3.2, package: venn [151]). Pathway enrichment
analysis was conducted using WebGestalt 2024 (Web-based Gene Set Analysis
Toolkit) [152] for KEGG pathway analysis. Due to its comprehensive anno-
tation, Drosophila melanogaster was used as the model organism, with C.
riparius as the reference genome. A p-value cutoff of 0.001 was applied, with
enrichment ratio indicating pathway over-representation relative to the C.
riparius reference genome background.

Chapter 6 OCSVM-FET Analysis of C. riparius Adaptation Patterns
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7.1

Evaluating Methods for
Polygenic Adaptation
Detection

Our analysis revealed that polygenic adaptation can be effectively detected
using a combined machine learning approach. The method performs best
when examining intermediate stages of adaptation, where selection has had
sufficient time to act but before genetic changes plateau. This timing aligns
with theoretical predictions about polygenic selection. Multiple test scenarios
demonstrated that the method is particularly effective at detecting selection
when spread across few hundreds of loci, reflecting realistic patterns of com-
plex trait adaptation. The observed patterns of allele frequency changes
matched empirical data from natural populations, validating the biological
relevance of the approach.

Parameter Tuning

The effectiveness of both OCSVM and NBC approaches in identifying patterns
of polygenic adaptation heavily depends on their parameter settings. To de-
termine the optimal configuration, extensive parameter optimization was
conducted using established allele frequency data from C. riparius popula-
tions.

The OCSVM optimization focused on two critical parameters: » and ~. The
v parameter determines the balance between support vector quantity and
training error tolerance, which affects how the algorithm responds to poten-
tial outliers. The v parameter establishes the reach of a training example’s
influence in the feature space, where smaller values indicate broader influ-
ence and larger values denote more localized effects. Systematic evaluation
covered v values spanning from 0.001 to 1 (specifically: 0.001, 0.005, 0.01,
0.013, 0.02, 0.1, 1) and ~ values of 0.01, 0.05, 0.5, and 1, as shown in Fig. 7.2.
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The performance assessment, illustrated in Figure 7.1, evaluated three key
metrics: False Positive Rate (FPR), Area Under the Curve (AUC), and Accuracy
across various parameter combinations. The most effective configuration
emerged with ©=0.01 and ~=0.05, achieving an impressive combination of low
FPR (0.013), high AUC (0.993), and remarkable accuracy (0.987).

The NBC parameter optimization presented additional complexity due to
its requirement for three distinct model approximations: one representing
the primary, non-anomalous data distribution (characterized by mul and
sigma1l) and two describing anomalous data patterns (defined by mu2/mu3
and sigma2/sigma3). A key technical challenge in this optimization process
was maintaining valid positive semi-definite (PSD) matrices for covariance
calculations, a fundamental mathematical requirement. The range of tested
mu and sigma combinations is depicted in Figure 5b.

Through systematic evaluation, NBC demonstrated optimal performance with
Setting 1, utilizing the following parameters: mu1=[0.0, 0.0], sigma1=[0.15,
0.1], mu2/mu3=[0.1, 0.9], sigma2/sigma3=[0.25, 0.2]. This configuration yielded
exceptional results with a minimal FPR of 0.004, superior AUC of 0.998, and
high accuracy of 0.996.

When evaluating the highest-performing configurations of both approaches
(Fig. 7.3), the analysis revealed that while both methods achieved remark-
able accuracy and AUC scores, the NBC approach demonstrated marginally
better FPR performance. However, the OCSVM exhibited greater stability
across different parameter configurations, suggesting enhanced robustness
to parameter adjustments.

The optimized parameters identified through this rigorous testing were sub-
sequently implemented in the primary analysis of simulated data, ensuring
maximum sensitivity in detecting subtle genomic signatures associated with
rapid adaptation.

Application on simulated data

To validate the methodological approaches against known ground truth data,
simulated datasets were generated using Mimicree2 (version mim2-v206),
based on actual C. riparius allele frequency distributions.

Chapter 7 Evaluating Methods for Polygenic Adaptation Detection
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Fig. 7.2.: Parameter optimization for OCSVM algorithm. Tested parameter settings (v
and ~) for the OCSVM algorithm with their respective performance metrics.
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7.1.: Parameter optimization for OCSVM and NBC algorithms. (a) Performance
metrics (False Positive Rate, Area Under the Curve, and Accuracy) for various
parameter settings of the OCSVM radial kernel. (b) Corresponding metrics
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for different NBC parameter configurations.

Setting nu Eamma FPR AUC ACCURACY
Setting 1 [0.001| 0.01 0.001 0.500 0.999
Setting 2 [0.001| 0.05 0.001 0.499 0.999
Setting3 [0.001| 0.5 0.002 0.541 0.998
Setting 4 | 0.001 1 0.003 0.624 0.997
Setting 5 [0.005| 0.01 0.005 0.914 0.995
Setting 6 |0.005| 0.05 0.005 0.872 0.995
Setting 7 [0.005( 0.5 0.006 0.914 0.994
Setting 8 [ 0.005 1 0.006 0.914 0.994
Setting9 [ 0.01 [ 0.01 0.010 0.912 0.990
Setting 10 | 0.01 | 0.05 0.010 0.995 0.990
Setting 11 | 0.01 0.5 0.011 0.995 0.989
Setting 12 | 0.01 1 0.011 0.911 0.989
Setting 13 [0.013| 0.01 0.013 0.910 0.987
Setting 14 [0.013 | 0.05 0.013 0.993 0.987
Setting 15 [ 0.013| 0.5 0.014 0.993 0.986
Setting 16 [ 0.013 1 0.012 0.910 0.988
Setting 17 | 0.02 | 0.01 0.020 0.990 0.980
Setting 18 | 0.02 [ 0.05 0.020 0.990 0.980
Setting 19 | 0.02 0.5 0.019 0.991 0.981
Setting 20 | 0.02 1 0.020 0.990 0.980
Setting 21 | 0.1 0.01 0.100 0.950 0.900
Setting 22 | 0.1 0.05 0.101 0.950 0.899
Setting 23 | 0.1 0.5 0.100 0.950 0.900
Setting 24 | 0.1 1 0.100 0.950 0.900

7.2 Application on simulated data
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Setting imul sigmal mu2/mu3 |sigma2/sigma3 |FPR AUC ACCURACY
Setting 1 0.0,0.0 | 0.15,0.1 | 0.1,0.9 0.25, 0.2 0.004 0.998 0.996
Setting 2 0.0,0.0 | 0.25,0.18 | 0.2, 0.7 0.2, 0.199 0.003 0.874 0.997
Setting 3 0.0,0.0 | 0.15,0.1 | 0.3,0.4 0.35, 0.25 0.115 0.943 0.885
Setting 4 0.0, 0.0 0.2,0.1 0.3, 0.5 0.4, 0.2 0.073 0.922 0.927
Setting 5 0.0, 0.0 0.3, 0.1 0.3, 0.6 0.25, 0.2 0.320 0.840 0.680
Setting 6 0.0,0.0 | 0.25,0.2 | 0.3, 0.8 0.15, 0.1 0.027 0.986 0.973
Setting 7 0.0,0.0 | 0.2,0.15 | 0.35, 0.6 0.3, 0.2 0.065 0.967 0.935
Setting 8 0.0, 0.0 0.3, 0.2 0.5, 0.4 0.35, 0.3 0.374 0.813 0.626
Setting 9 0.0,0.0 | 0.25,0.2 | 0.6,0.3 0.2, 0.15 0.087 0.957 0.913
Setting 10 | 0.0,0.0 | 0.15,0.1 | 0.7,0.2 0.25, 0.2 0.020 0.990 0.980

Fig. 7.3.: Parameter optimization for NBC algorithm. Tested parameter settings for
NBC, showing ; and o values for three approximations along with their
performance metrics

The comprehensive analysis examined five distinct approaches (FET, OCSVM,
OCSVM-FET, NBC, and NBC-FET) across multiple generational timepoints (10,
20, 40, and 60). The results indicated that generation 40 provided the most
favorable conditions for detecting loci under selection (Figure 7.4).

The FPR analysis revealed a consistent decline from generation 10 to 40 across
all approaches (Figure 7.4a), suggesting increasing reliability over time. No-
tably, while NBC and OCSVM exhibited a slight uptick in FPR at generation 60,
other approaches maintained their downward trajectory. This trend corre-
sponded with AUC performance (Figure 7.4b), where all methods except FET
achieved peak effectiveness at generation 40. NBC maintained robust per-
formance (AUC>60%) even at generation 60, while other approaches showed
decreased effectiveness, approaching 50%. FET consistently demonstrated
performance levels indicative of random chance, while OCSVM-FET emerged
as the superior method, particularly at generation 40. Accuracy measure-
ments (Figure 7.4c) showed progressive improvement across all approaches
as generations advanced, stabilizing between generations 40 and 60. The
OCSVM-FET approach achieved peak accuracy at generation 40, followed by
FET and NBC.

The collective analysis of these metrics established generation 40 as the op-
timal timepoint for all approaches, considering both accuracy and AUC per-
formance. Although three of the four approaches reached their lowest FPR
values in generation 60, generation 40 demonstrated the most consistent
performance across all metrics.

An in-depth examination of allele frequency distributions across generational
progression (Figure 7.5) and corresponding phenotypic expressions provided

Chapter 7 Evaluating Methods for Polygenic Adaptation Detection
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Fig. 7.4.: Performance comparison of five approaches for detecting loci under se-
lection across different generations. The approaches evaluated are FET,
OCSVM, OCSVM-FET, NBC, and NBC-FET. Performance metrics shown are
(a) FPR, (b) AUC/ROC, and (c) Accuracy. Data points represent mean values
across simulations, with error bars indicating standard deviation. Genera-
tions tested: 10, 20, 40, and 60.

further insight into these outcomes. The allele frequencies of SNPs identi-
fied under selection (depicted in red) exhibited increasing divergence from
background frequencies (shown in blue) over successive generations, with
particularly pronounced differentiation emerging around generation 40 (Fig-
ure 7.5a). Notably, this distribution pattern showed remarkable similarity
to the real-life data utilized in the parameter optimization process (Figure
7.5b). This parallel between simulated data at generation 40 and empirical
observations helps explain the enhanced performance of the optimized algo-
rithms used in this study. These findings highlight the critical role of temporal
dynamics in studying rapid adaptation and demonstrate this methodology’s
particular strength in identifying selection signatures that have achieved
sufficient differentiation without reaching complete fixation. While the ap-
proach shows optimal effectiveness in scenarios matching the training data
characteristics, it consistently outperforms conventional methods like FET
across diverse conditions.

Analysis of phenotypic trajectories revealed distinct adaptive patterns across
scenarios with varying numbers of selected loci over the 60-generation period
(Fig. 7.6). Simulations incorporating fewer loci (10 and 50) demonstrated rapid
initial phenotypic advancement, achieving higher early-generation values but
quickly reaching plateau states. In contrast, scenarios with larger numbers of
loci (250 and 500) exhibited more gradual initial progression but maintained
steady increases throughout the study period, ultimately achieving superior
phenotypic values.

7.2 Application on simulated data

73



00 02 04 06 08 ! 00 02 04 06 08 10 00 02 04 06 08 10
af30 af40 afe0

10| -

Fig. 7.5.: Allele frequency distributions across generations. (a) Simulated data show-
ing allele frequencies (AF) at generations 5, 10, 20, 30, 40, and 60 plotted
against initial allele frequencies (af0). Red dots represent selected SNPs,
while blue dots represent background SNPs. (b) Real-life data used for pa-
rameter tuning, showing allele frequencies at generation 2 plotted against
initial frequencies (af0). The distribution in generation 40 of the simulated
data most closely resembles the real-life data.
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Fig. 7.6.: Phenotypic values over generations for different numbers of selected loci.
The plot shows the change in phenotypic values across 60 generations
for simulations with 10, 50, 100, 250, and 500 loci under selection. Each
line represents a different number of selected loci, with measurements
taken at generations 10, 20, 40, and 60. The y-axis represents the calculated
phenotypic value, while the x-axis shows the generation number.

The 250-loci simulation revealed a particularly interesting pattern: despite
showing the lowest phenotypic value at generation 10, it demonstrated the
most pronounced increase between generations 20 and 40, ultimately achiev-
ing the highest phenotypic value by generation 60. This pattern correlates
strongly with our observation of peak algorithm performance at generation
40 for the 250-loci scenario, indicating that this time-point provides an optimal
balance between the strength of selection pressure and the time required for
adaptive differentiation to become detectable.

The intermediate case of 100 loci exhibited characteristics bridging the ex-
tremes, showing moderately rapid initial advancement followed by more
gradual progression.

OCSVM-FET shows Superior Performance Across
Loci Numbers

Following the identification of generation 40 as the optimal timepoint, a
detailed evaluation assessed methodological performance across different

7.3 OCSVM-FET shows Superior Performance Across Loci Numbers
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Fig. 7.7.: Comparative analysis of detection approaches across varying numbers of
loci under selection at generation 10. The graph displays FPR (first column
graphs, green), AUC/ROC (second column graphs, red), and Accuracy (third
column graphs, blue for FET, OCSVM, OCSVM-FET, NBC, and NBC-FET. Each
row represents the number of loci under selection (n = 10, 50, 100, 250,
500). The y-axis represents the values of the comparative metrics of the
respective column

quantities of loci under selection (n = 10, 50, 100, 250, and 500) (Figure 7.9).
FPR analysis revealed consistent patterns, with FET and NBC maintaining
approximately 0.06 across all loci configurations. NBC-FET demonstrated
stable performance with a low FPR of roughly 0.01, while OCSVM and OCSVM-
FET exhibited slightly elevated values at n=100, but otherwise maintained
approximate values of 0.02.

The AUC performance exhibited considerable variation among methodolo-
gies. FET consistently demonstrated values approximating 50% across all
loci configurations, suggesting performance equivalent to random chance.
OCSVM and OCSVM-FET displayed enhanced performance correlating with
increasing loci numbers, reaching peak efficiency at n=250 (OCSVM >70% AUC,
OCSVM-FET >80% AUC), followed by a modest decline at n=500 (OCSVM <65%
AUC, OCSVM-FET <70% AUC). NBC achieved optimal performance at n=50
(65% AUC), showing gradual decline to approximately 60% as n increased. In
contrast, NBC-FET demonstrated progressive improvement with increasing n,
stabilizing at n=100 with consistent performance above 60% (see Fig. 7.9).

Chapter 7 Evaluating Methods for Polygenic Adaptation Detection
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Fig. 7.8.: Comparative analysis of detection approaches across varying numbers of
loci under selection at generation 20. The graph displays FPR (first column
graphs, green), AUC/ROC (second column graphs, red), and Accuracy (third
column graphs, blue for FET, OCSVM, OCSVM-FET, NBC, and NBC-FET. Each
row represents the number of loci under selection (n = 10, 50, 100, 250,
500). The y-axis represents the values of the comparative metrics of the
respective column

Accuracy assessment revealed that OCSVM-FET achieved remarkable results
with n=250 selected loci, approaching 99% accuracy. This method showed
generally increasing accuracy with n, though experiencing a slight reduction
to 80% at n=500. NBC-FET maintained robust accuracy (approximately 90%)
across n=10, 50, 100, and 150, with minor degradation at n=500. FET demon-
strated consistent performance around 80% accuracy regardless of n value.
Both OCSVM and NBC exhibited steady accuracy improvements correlating
with increasing n, reaching maximum effectiveness at n=250 before showing
slight decline.

While generation 40 emerged as the primary focus due to peak performance,
additional evaluations at generations 10, 20, and 60 were conducted to assess
the stability of detection signals over time and establish a broader under-
standing of temporal dynamics in polygenic adaptation.

In the early phase (generation 10, Fig. 7.7), all methodologies demonstrated
relatively modest performance across loci configurations. AUC/ROC values
generally ranged between 50-60%, indicating marginally better than random
performance. Accuracy measurements showed substantial variability across

7.3 OCSVM-FET shows Superior Performance Across Loci Numbers
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Fig. 7.9.: Comparative analysis of detection approaches across varying numbers of
loci under selection at generation 40. The graph displays FPR (first column
graphs, green), AUC/ROC (second column graphs, red), and Accuracy (third
column graphs, blue for FET, OCSVM, OCSVM-FET, NBC, and NBC-FET. Each
row represents the number of loci under selection (n = 10, 50, 100, 250,
500). The y-axis represents the values of the comparative metrics of the
respective column

methods and loci numbers. By generation 20 (Fig. 7.8), notable improvements
emerged, particularly in scenarios with higher loci numbers (n=250, 500).
OCSVM and OCSVM-FET began showing enhanced AUC/ROC values, especially
for n=250 and n=500, though not reaching the levels observed at generation
40. At generation 60 (Fig. 7.10), most methods exhibited performance plateaus
or slight declines compared to generation 40, particularly evident in scenarios
with higher loci numbers (n=250, 500). This trend was most pronounced
in AUC/ROC and Accuracy measurements for OCSVM and OCSVM-FET. FPR
remained relatively stable across generations for most methodologies.

Optimal Framework Performance

Extensive analysis identified the OCSVM-FET approach at generation 40 with
250 selected loci as the most effective framework for detecting polygenic adap-
tation patterns (Fig. 7.11). Under these conditions, OCSVM-FET achieved:

* Minimal False Positive Rate,

Chapter 7 Evaluating Methods for Polygenic Adaptation Detection
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Fig. 7.10.: Comparative analysis of detection approaches across varying numbers of
loci under selection at generation 60. The graph displays FPR (first column
graphs, green), AUC/ROC (second column graphs, red), and Accuracy (third
column graphs, blue for FET, OCSVM, OCSVM-FET, NBC, and NBC-FET. Each
row represents the number of loci under selection (n = 10, 50, 100, 250,
500). The y-axis represents the values of the comparative metrics of the
respective column

* AUC values surpassing 80% ,

» Exceptional accuracy approaching 99%

This particular parameter combination provided optimal balance between
detection sensitivity and specificity, establishing OCSVM-FET as a robust tool
for identifying polygenic adaptation signatures in genomic data.

7.4 Optimal Framework Performance

79



‘ generation 40
0.06{ -« . - - * generation 10
¢— generation 20

0.04 —4— generation 60

FPR

0.02

0.00

10 50 100 250 500
no. selected loci

10

0.9
0.8

0.7 |
0.6 + % [ {

0.5

AUC

-

10 50 100 ) 250 500
no. selected loci

1.0 }

Accuracy
o ©
o] [{e]
1l
R
VA

0.6

10 50 250 500

100 ,
no. selected loci
Fig. 7.11.: Performance metrics of the OCSVM-FET approach at generation 10, 20, 40

and 60 for different numbers of selected loci. The graph illustrates FPR,
AUC, and Accuracy. The x-axis represents the number of loci under selec-
tion (n = 10, 50, 100, 250, 500). Figure highlights the optimal performance
achieved with 250 selected loci, demonstrating the lowest FPR, highest
AUC, and near-perfect accuracy.
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8.1

Experimental Evolution:
Selection on Emergence
Time in C. riparius

The experimental evolution study demonstrated rapid adaptation of multiple
fitness components in C. riparius. A distinct two-phase pattern emerged: initial
rapid improvement in emergence timing followed by continued enhancement
of survival and reproductive success. Replicate populations developed differ-
ent adaptive strategies, revealing multiple viable paths to fitness optimization.
While some populations achieved faster development times, others showed
enhanced survival, demonstrating how similar selection pressures can lead to
diverse but equally successful adaptive solutions. This divergence in adaptive
strategies highlights the flexibility of rapid evolution, even under controlled
laboratory conditions.

Data Evaluation Experiment
Adult Emergence Rate Across Generations

The experiment observed a significant overall decrease (p = 1e — 07) in mean
emergence time across generations. The initial generation displayed an av-
erage emergence time of 21.4 + 1.35 days, which was reduced to 19.9 + 1.06
days by the seventh generation. Notably, the fourth generation exhibited
the shortest emergence time, averaging only 18.3 + 0.97 days (Fig. 8.1B,F).
This pattern of decline extended to the EmT50 metric (time required for 50%
emergence) (see Fig. 8.1E).
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Fig. 8.1.: Overview of Emergence of all 4 replicates combined (Mean), regarding

EmTS50, Eggrate and PGR over time (combined replicates). The overview
displays A) an overview of the distribution of emergence days per genera-
tion in percentage as a lined plot and B) the distribution of the emergence
day per generation as boxplot. C) The fertility per generation is estimated
from fertile egg ropes laid during the first three days of egg production. D)
Survival of adult midges in percentage. E) EmT50 was calculated as the time
point, when 50% of the population was ermerged as well as F) the mean
emergence per generation. G) The Population growth rate (PGR) combines
fertility, emergence and survival of the replicates. H) Contribution of the
Parameters to delta PGR. Error bars denote for the standard deviation and
asterisks indicate differences in comparison to the initial (first) generation
(p < 0,001, Mann-Whitney U Test)
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Each generation of each replicate was subjected to two independent analyses.
The Mann-Whitney U test with a subsequent Cohen’s D effect size test assessed
classical frequentist statistics. Bayesian analysis was conducted in parallel.
Figures 8.2 and 8.3 depict the results for emergence rate analysis, comparing
each generation to the ancestral (first) generation. Replicate gold’s second gen-
eration showed exceptional mean emergence (23.15 + 0.992, A.10), exceeding
the ancestral generation’s probable range (19.188 - 22.970) (Appendix, A.13)
with significant statistical deviation (p = 1.7¢ — 11, D = 2.82, Tab. 8.1). All
other replicates also demonstrated significant emergence increases versus
the ancestral generation, with subsequent generations falling within their
respective 94% HD intervals.

Mean emergence declined from the third generation, reaching its lowest
point in generation four across all replicates (red: p = 7.4e — 1, D = 2.71;
blue:p = 3.4e — 11, D = 2.37; green: p = 2.9¢ — 11, D = 4.75; gold: p = 4.3e — 11,
D = 2.39, Tab. 8.1). Emergence rates increased and stabilized from generation
four onward, maintaining levels above the ancestral generation. The seventh
generation showed significant changes (red:p = 4.8¢ — 3, blue:p = 2.8¢ — 3,
gold:p = 4.7¢ — 3, green:p = 3.6e — 1, Tab. 8.1) with small to medium effect sizes
(red:D = 0.60, blue:D = 0.26, gold:D = 0.10, green:D = 0.78, Tab. 8.1). These
values exceeded the Mean HDI while remaining within the 94% HD interval
(Appendix, A.11).

EmT50 displayed similar trends (Fig. 8.2), with observed values consistently
within the 94% HDI. All generations and replicates demonstrated significant
differences with large effect sizes compared to the ancestral generation (p <
0.001, D > 0.8, Tab. 8.1).

Survival Across Generations

The overall percentage of emerged adult midgets demonstrated a significant
upward trend (p = 1.4e — 06). The first generation exhibited a 40 + 1.75% emer-
gence rate, whereas the final generation achieved an 88 + 2.80% emergence
rate. Adult survival also displayed a significant improvement (p = 1.4e — 06)
from the first generation to the fourth. This improvement plateaued after-
wards, with emergence rates remaining stable until the seventh generation
(see Fig. 8.1D, A.2).

As displayed in Fig. 8.5C, each replicate exhibited an increase in survival
rate across generations, starting with survival around 25 - 30% and reaching

8.1 Data Evaluation Experiment
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Fig. 8.2.: EmT50 for each generation and replicate. Blue asterisks denote statistically
significant differences (p < 0.001) accompanied by a large effect size (Cohen’s
D > 0.8). The gray boxes represent the 94% Bayesian Highest Density Interval
(HDI), indicating the range of credible values for the data based on the
posterior distribution. Data points falling within their respective HDI boxes
are consistent with the most probable range for the true value within this
analysis. The gray line connecting the boxes represents the mean of the
Bayesian HDI. EmT50 values are displayed as a dot with respective standard
deviation in the respective color-code for the replicate. A) replicate red B)
replicate blue C) replicate green and D) replicate gold

around 70 - 80% survival by generation seven. Notably, replicate red showed
the fastest survival increase, reaching around 76.4% already at generation
three. Replicate green showed the highest survival rate of all four replicates
in generation four with nearly 88.4% of survival and plateaued around this
value by generation seven (A.10).

Fertility and Sex Ratio Show Positive Shifts

The experiment revealed a significant overall increase (p = 8.4e — 06) in the
number of fertile egg ropes laid by females across generations. The first
generation produced the fewest egg ropes, while the last generation produced
the most (see Fig. 8.1C, Appendix A.2). The sex ratio of adult females across all

Chapter 8 Experimental Evolution: Selection on Emergence Time in C.
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generations remained statistically similar (p = 0.154), with values fluctuating

between 0.4 and 0.5 without exceeding the upper limit (Appendix Fig. A.2.

Fig.A.9).

As displayed by Fig. 8.5D, the fertility measured by fertile egg ropes per
female varied across the replicates, all being significantly different than the
ancestral generation (p < 1.5e — 4, D > 9.35, Tab. 8.1). Replicates red and
green consistently achieved the highest fertility across generations two to
five. Conversely, gold displayed the lowest fertility in these generations, as
well as in generation six. Notably, red surged to the absolute highest fertility
level by generation seven. Overall, the data demonstrates a trend of red and
green maintaining a fertility advantage over blue and gold. While overall

8.1 Data Evaluation Experiment
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adult female sex ratio remained statistically consistent across generations,
replicates red, blue, and gold exhibited a notable "X" pattern. These replicates
began and ended with a male-dominant population, punctuated by a distinct
dip in generation four where females outnumbered males. Replicate green,
however, displayed a distinct trend. It maintained equal male-female ratios
in generation two and exhibited a surge in females during generation three
(see A.9)

Population Growth Rate Reflects Fitness Improvement

The population growth rate (PGR), a metric of overall replicate fitness, dis-
played a significant increase from the first generation to the fourth (p = 0.0001).
This initial rise was primarily driven by the faster emergence rate. The
PGR continued to increase, albeit at a slower pace, until the final genera-
tion (p = 1.8e — 06) (see Fig. 8.1G, Appendix Fig. A.3). Fertility became the key
driver of this later growth (see Fig. 8.1H).

Two independent analyses were conducted for each replicate of each genera-
tion: a Mann-Whitney U test with Cohen’s D effect size for frequentist statistics,
and a parallel Bayesian analysis. The Population Growth Rate (PGR) most
effectively captured the subtle differences between the four replicates (Fig.
8.4). Despite lower emergence rates in the second generation, all replicates
demonstrated higher PGR values at time-step 7 compared to the ancestral
generation, emphasizing the influence of fertility and survival (Fig. 8.1H).
Replicate red reached its peak PGR at generation seven (1.194 + 0.009, A.10).
From generation two to four, PGR increased steadily before showing slight
decreases in generations five and six. All effects were statistically significant
with large effect sizes (p < 0.001, D > 0.8, 8.1) and fell within the 94% HD
interval (A.11). Replicate blue’s highest PGR occurred at generation six (1.153
+ 0.016, A.10), showing consistent increases from generation two before stabi-
lizing from generation four onwards. Results were significant with large effect
sizes (p < 0.001, D > 0.8, 8.1) and within the 94% HD interval (A.12). Replicate
green peaked at generation seven (1.158 + 0.005, A.10), notably falling outside
the 94% HD interval. This deviation, combined with significant differences
and large effect sizes (p < 0.001, D > 0.8, 8.1), represented a marked departure
from Bayesian probability predictions. The PGR pattern mirrored Replicate
red’s trajectory (A.14). Replicate gold achieved its maximum PGR at gener-
ation seven (1.162 + 0.007, A.10). Following the pattern of other replicates,
values increased from generation two before declining in generations five

Chapter 8 Experimental Evolution: Selection on Emergence Time in C.
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and six. From generation three onwards, results showed significance with
large effect sizes (p < 0.001, D > 0.8, Tab. 8.1) within the 94% HD (Highest
Density) interval (A.13).
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Fig. 8.4.: PGR for each generation and replicate. Blue asterisks denote statistically
significant differences (p < 0.001) accompanied by a large effect size (Cohen’s
D > 0.8). The gray boxes represent the 94% Bayesian Highest Density
Interval (HDI), indicating the range of credible values for the data based on
the posterior distribution. Data points falling within their respective HDI
boxes are consistent with the most probable range for the true value within
this analysis. The gray line connecting the boxes represents the mean of the
Bayesian HDI. PGR values are displayed as a dot with respective standard
deviation in the respective color-code for the replicate. A) replicate red B)
replicate blue C) replicate green and D) replicate gold

Comparison within replicates

A Kruskal-Wallis test evaluated inter-generational differences in emergence,
survival, fertility, and PGR across replicates (Figure 8.5). The emergence pat-
terns were largely consistent across replicates, with significant differences
observed in EmT50 for generations five (p = 0.002144) and six (p = 0.003867),
and mean emergence for generation three (p = 0.001763) (Tab. 8.2). Replicate
red consistently demonstrated the fastest emergence rates, followed by Repli-
cate green from generation four onward. Generation four notably showed
uniformly low emergence rates with minimal inter-replicate variation.

8.1 Data Evaluation Experiment
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Survival rates showed significant differences in generations two (p =< 0.000009),
three (p = 0.003991), four (p = 0.003907), and seven (p = 0.031493). Fertility dif-
ferences were significant across all generations (p < 5e¢ — 17) (Tab. 8.2). From
generation four onward, Replicate green maintained the highest survival
rates. Replicates red and green demonstrated superior fertility throughout,
except in generation six. Replicate gold consistently showed the lowest fertil-
ity until generation seven. PGR values differed significantly across replicates
in all generations (p < 4e — 05) (Tab. 8.2). Replicate red achieved among the
replicates the highest PGR in generations one through four and seven, while
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Tab. 8.1.: Effect Size through Cohen’s D as well as p-values obtained from performing
Mann Whitney U Test (MWU) to the respective generation against the initial
(first) generation

EmT50 Mean PGR Survival Fertility
Generation Replicate  MWU P Value Cohen‘'sD MWUP Value Cohen'sD MWUP Value Cohen'sD MWU P Value Cohen'sD MWU P Value Cohen‘sD
1vs.2 gold 2.7e-5 1.07 1.7e-11 2.82 1.4e-2 0.99 3.7e-1 0.14 1.5e-4 inf
blue 5.8e-9 1.66 7.1e-12 3.22 3.1e-11 3.42 4.0e-1 1.87 4.9e-13 inf
red 1.3e-9 2.38 6.6e-12 4.53 7.1e-12 2.57 7.6e-1 2.07 4.9e-13 4.83
green 1.5e-7 2.29 9.2e-12 4.20 1.1e-9 1.96 2.5e-2 0.40 4.9e-13 inf
1vs.3 gold 1.3e-8 2.32 4.9e-1 0.01 6.7e-12 4.92 4.4e-3 2.27 4.9e-13 inf
blue 1.2e-10 2.43 4.6e-2 0.50 5.9e-12 4.82 2.9e-1 2.24 4.9e-13 inf
red 5.1e-11 221 2.2e-4 0.95 5.6e-12 441 5.8e-8 2.60 4.9e-13 9.35
green 2.1e-9 1.78 2.7e-1 0.74 5.6e-12 6.51 2.6e-4 2.22 4.9e-13 inf
1vs. 4 gold 5.5e-12 5.06 4.3e-11 2.39 5.6e-12 9.68 3.7e-10 3.91 4.9e-13 inf
blue 5.5e-12 4.32 3.4e-11 2.37 5.6e-12 9.22 6.4e-9 4.22 4.9e-13 inf
red 5.5e-12 3.65 7.4e-11 2.71 5.6e-12 8.10 8.0e-7 3.49 4.9e-13 18.39
green 5.5e-12 4.47 2.9e-11 4.75 5.6e-12 10.61 1.6e-11 4.39 4.9e-13 inf
1vs.5 gold 2.4e-9 246 1.5e-1 0.24 7.1e-12 5.06 4.5e-5 211 4.9e-13 inf
blue 3.7e-10 243 5.5e-3 0.67 5.6e-12 7.01 6.3e-6 3.04 4.9e-13 inf
red 2.2e-10 2.15 1.3e-4 0.88 1.0e-11 4.63 6.7e-8 2.44 4.9e-13 17.48
green 5.8e-11 231 4.8e-4 1.72 5.6e-12 7.77 3.2e-8 2.43 4.9e-13 inf
1vs. 6 gold 1.3e-9 2.52 5.0e-3 0.55 5.9e-12 5.89 5.8e-5 2.13 4.9e-13 inf
blue 6.9e-10 2.37 9.1e-4 0.83 5.6e-12 8.38 7.3e-6 3.08 4.9e-13 inf
red 2.2e-10 2.15 3.5e-5 0.97 2.5e-11 4.14 2.9e-8 2.48 4.9e-13 12.97
green 5.8e-11 231 1.2e-4 1.90 5.6e-12 7.05 3.8e-8 2.42 4.9e-13 inf
1vs. 7 gold 6.9e-8 212 4.7e-3 0.10 5.6e-12 11.37 1.0e-9 3.87 4.9e-13 inf
blue 1.7e-8 2.03 2.8e-3 0.26 5.6e-12 9.02 5.3e-10 4.71 4.9e-13 inf
red 1.9e-10 2.00 4.8e-3 0.60 5.6e-12 9.74 3.0e-10 4.71 4.9e-13 31.04
green 2.2e-9 1.77 3.6e-1 0.78 5.6e-12 10.41 5.3e-11 4.05 4.9e-13 inf

Tab. 8.2.: Kruskal Wallis P Values to evaluate significant differences within the repli-

cates
Kruskal Wallis P Value

Generation EmT50 Mean PGR Survival Fertility

1 0.131428 0.602947 4.215719e-05 0.235128 6.739990e-16
2 0.068423 0.157274 5.290410e-09 0.000009 5.029423e-17
3 0.006933 0.001763 1.697557e-10 0.003991 5.029423e-17
4 0.894780 0.952157 2.893843e-12 0.003907 5.029423e-17
5 0.002144 0.008559 8.647399e-11 0.479749 5.029423e-17
6 0.003867 0.024512 3.830948e-09 0.393494 5.029423e-17
7 0.111772 0.098725 4.421552e-14 0.031493 5.029423e-17

Replicate gold recorded the lowest values through generations one to six. This
pattern aligns with fertility’s identified role as a key PGR determinant (Fig
8.1H).

Bioinformatic Pre-Processing of Pool-Sequencing
Data

Prior to analyzing selection signatures across generations, the sequencing
data underwent comprehensive preprocessing. For each of the four replicates
(red, blue, green, and gold), seven generations of pooled sequencing data
were processed, resulting in 28 datasets. The preprocessing pipeline involved
converting raw fastq files to mapped and filtered bam files. This critical step
ensures data quality and reliability for downstream analyses. The effective-

8.2 Bioinformatic Pre-Processing of Pool-Sequencing Data
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104203384 + © paired in sequencing 70889356 + © paired in sequencing
52101692 + 0 readl 35448831 + 0 readl
35440525 + 0 read2
70889356 + O properly paired (100.00% : N/A)
70889356 + © with itself and mate mapped
0 + 0 singletons (0.60% : N/A)
0 + 0 with mate mapped to a different chr

52101692 + 0 read2
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1736660 + © with mate mapped to a different chr (mapQ>=5) © + 0 with mate mapped to a different chr (mapQ>=5)

Fig. 8.6.: Output of samtool’s function flagstat for a random chosen bam files (3rd
generation, replicate red) A) before filtering steps and B) after filtering
steps. Based on the FLAG field values, flagstat classifies reads into various
categories. There are typically around 13 categories, including: Mapped
reads (primary and secondary), Properly paired reads, Singletons (unpaired
reads), Reads failing quality control (QC), Duplicate reads

ness of the filtering process was evaluated by comparing the read statistics
before and after filtering.

Comparing the created bam files before and after the filtering steps indicates
and overall read reduction. As one representative bam file in Figure 8.6 shows,
the total number of reads dropped from ca. 105 millions to ca. 71 millions. This
indicates that the filtering process removed approximately 34% of the reads.
Furthermore, the filtering steps had an impact on read categories; therefore
the percentage of mapped reads increased from 96.90% to 100%. This suggests
the filtering likely targeted unmapped reads or reads with low mapping qual-
ity. The number of paired-end reads (read1 & read2) and singletons dropped,
suggesting the filter targets specifically unpaired reads or low-quality pairs.
The percentage of properly paired reads increased to 100%, which shows that
all remaining paired reads have their mates mapped to the same chromo-
some. This could be because the filter removed improperly paired reads or
reads where one mate failed the filter. Categories like secondary, supplemen-
tary, and duplicates remained mostly unchanged, suggesting the filter likely
focused on primary mapped reads.

Chapter 8 Experimental Evolution: Selection on Emergence Time in C.
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OCSVM-FET Analysis of C.
riparius Adaptation Patterns

The genetic analysis revealed a two-phase pattern of adaptation, characterized
by distinct early and late selection signatures. The initial phase showed con-
sistent selection on fundamental metabolic and regulatory pathways across
all populations. Later adaptation demonstrated a shift toward specialized
signaling pathways, with populations achieving similar functional outcomes
through different genetic solutions. This pattern supports the concept of ge-
netic redundancy in adaptation, where multiple molecular paths can lead
to similar phenotypic improvements. The convergence at the pathway level,
despite divergent genetic changes, illustrates how populations can navigate
different routes through the adaptive landscape while reaching comparable
functional outcomes.

Detection of significant genomic positions

The analysis of the phenotypic adaptation in section 8.1 revealed a complex
pattern — rapid initial adaptation until generation 4 followed by phenotypic
stabilization through generation 7, despite continued fitness improvement.
The investigation of the genetic basis of this pattern began with comprehen-
sive analyses of generation 7, employing a dual approach combining One-Class
Support Vector Machines (OCSVM) with Fisher’s Exact Test (FET). This strategy
identified two distinct categories of selection signatures: broad-effect variants
captured by less stringent FET filtering and strong-effect variants detected
through strict FET filtering.

To understand how the adaptive process unfolded over time, annotated
genes and pathways were investigated in generation 4, when emergence
time reached its minimum. This focused analysis of functional elements in
generation 4 provided insight into the biological mechanisms driving initial
rapid adaptation (detailed results presented in section 9.3).
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Fig. 9.1.: Manhattan plots displaying variants across scaffolds for four replicates.
Reseptive plots shows replicate (a) red (b) blue (c) gold and (d) green. The
x-axis shows positions ordered by scaffolds, y-axis represents the negative
logarithm of p-values (-log(p-value)). The line represents the cut-off for
broad-effect variants (-log(3) = 0.001), dashed line indicates the 0.0001% tail
threshold of corrected p-values, serving as cut-off for strong-effect variants
varying by replicates: red: 9.66, blue: 7.76, gold: 6.67, green: 8.51. Vertical
chimney patterns indicate regions of high statistical significance across
multiple adjacent positions within scaffolds.

The power of combining OCSVM with FET lies in its ability to detect coordi-
nated allele frequency changes that might be missed by traditional statistical
approaches alone. This initial OCSVM-FET screening with p < 0.001 likely cap-
tures genomic positions involved in polygenic adaptation, where multiple loci
contribute collectively to adaptive traits. A more stringent threshold (0.0001%
tail cut-off) was applied to refine the analysis, identifying genomic regions
under stronger selection pressure, potentially representing direct targets of
selection (hard sweeps) rather than background polygenic effects Therefore,
FET analysis with a cutoff of p < 0.001 identified 7.25 + 0.94% of input ge-
nomic positions as significant. OCSVM radial analysis refined this by detecting
0.61 £+ 0.26% of positions as anomalous regions. The integration of both ap-
proaches identified broad-effect variants (FET < 0.001) in 0.041 £ 0.004% of
positions across replicates, while the most stringent filtering (0.0001% tail of
lowest p-values) further isolated a subset of 0.004 + 0.0007% positions showing
the strongest signatures of selection (Fig. 9.2).
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The Manhattan plots (Fig. 9.1) reveal the distribution of these selection signa-
tures across scaffolds, with distinctive chimney patterns indicating regions of
high statistical significance. Each replicate showed unique threshold patterns
for reduced significant anomalies, with cutoff values with set at 9.66 (red), 7.76
(blue), 6.67 (gold), and 8.51 (green). This analysis revealed both shared and
unique adaptive responses: while three genomic positions overlapped among
all replicates in the significant anomalies data set, the reduced significant
anomalies showed no overlap, suggesting distinct evolutionary trajectories
despite similar phenotypic outcomes (Fig. 9.6a, Fig. 9.6 ¢ ).

To analyze the dynamics of the identified variants, allele frequency trajecto-
ries were tracked over time across all four replicates and compared observed
changes against neutral expectations from Wright-Fisher simulations. Figure
9.3 presents these trajectories for the red replicate’s strong-effect variants as
a representative example, while the corresponding data for the remaining
replicates, which displayed similar trends, are provided in the Supplementary
Material (Fig. A.15, A.16, A.17). The observed trajectories exhibit an overall
linear trend, characterized by either an increasing or decreasing pattern over
time. To distinguish selected variants from neutral changes, the empirical
-log10(p-values) of allele frequency changes was compared with those ob-
tained from neutral simulations. For example, in the red replicate, variants
exceeding the simulated 95% threshold (-log10(p) > 2.071017) were considered
candidates for selection, as this threshold corresponds to approximately the
<95% quantile in the empirical distribution (empirical 95%-= 3.036521), indicat-
ing an excess of high-frequency changes beyond neutral expectations. Tables
for simulated and observed data’s quantiles can be found in the Appendix
(Tab. A.2).

Contrasting signatures of broad-effect and
strong-effect variants in genetic diversity

To characterize selection modes during adaptation, genetic diversity (Tajima’s
7, Watterson’s 6, Tajima’s D) was analyzed across three datasets: the total
genomic dataset, broad-effect variants and strong-effect variants. Analysis
of the total genomic dataset revealed significant reductions in genetic diver-
sity between generations 1 and 7 (p < 0.001, medium effect size). Reagrding
strong-effect variants, the green replicate exhibited the most pronounced

9.2 Contrasting signatures of broad-effect and strong-effect variants
in genetic diversity
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Replicate | Count [%] [ Mean | Std
Red 9717640 | 100.00
Input Genomic Variants Blue 9415583 1 100.00
Gold 9224118 | 100.00
Green 9546162 | 100.00
Red 812232| 8.36
Fisher's Exact Test Blue 703256 7.47 795 | 004
<0.001 Gold 562852| 6.10 : :
Green 674977 7.07
Red 81410 0.84
Blue 79256 0.84
OCSVM Gold 35118 0.38 0.61 | 0.26
[%] | [%] [%] |[%]
Green 37698 0.40 Replicate| Count [%0] Mean | Std Replicate| Count | [%] | Mean| Std
Red 4197 0.043 Red 1376 32.79 Annotated Red 767 55.74
Broad-effect variants Blue 4165 0.044 Annotated Blue 1546 37.12 . Blue 971 62.81
Gold 3410 | 0.037 | %% | %% proteins [ Gold 1248 36.60] >>04| 19 Gene Fatilias |_Gold 811 | ea.08 0045|420
Green 3636 0.038 Green 1311 36.06 Green 764 58.28
Red 485 0.005 Red 89 18.35 Annotated Red 66 74.16
. Blue 363 0.0038 Annotated Blue 47 12.95 - Blue 47 100.00
Strong-effect variants Cold 372 0.004 0.0040 |0.0007 Proteins Gold 67 16.01 18.64 | 5.05 Qm::m_._“nnm_.”m:mm Cold 67 100.00 85.21117.35
Green 321 0.0034 Green 81 25.23 Green 54 66.67

Fig. 9.2.: Summary of FET, OCSVM, OCSVM-FET and protein annotations across four replicates. Overview of genomic positions, FET,

OCSVM, OCSVM-FET: broad- and strong effect threshold and annotations for each replicate (red, blue, gold, green) input genomic
positions: total number of positions analysed; Fisher’s Exact Test (FET) < 0.001: positions identified as significant by FET;
OCSVM: regions identified by the OCSVM algorithm; broad-effect variants: determined by FET with corrected p-value < 0.001;
strong-effect variants: top 0.0001% smallest FET-corrected p-values; annotated proteins: number and percentage of variants
annotated to proteins; annotated unique gene families: number and percentage of annotated proteins assigned to unique gene
families using InterProScan and the Pfam database. Counts, percentages, means, and standard deviations are provided where
applicable. Annotations were performed using thg tools and matched to gene families

Chapter 9 OCSVM-FET Analysis of C. riparius Adaptation Patterns
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changes, with = decreasing from 0.024 + 0.079 to 0.003 + 0.0044 and 6 de-
clining from 0.0214 + 0.006 to 0.0028 + 0.0036 (p < 0.001, Cohen’sD > 0.8).
Red and blue replicates showed similar significant reductions in = and 6
(p < 0.001, Cohen’sD > 0.8), while gold displayed smaller, non-significant
changes (Fig 9.4a,b) Tajima’s D values, which measure the difference between
average pairwise nucleotide differences and segregating sites, decreased sig-
nificantly in red, gold, and green replicates from generation 1 to 7 (p < 0.001,
Cohen’sD > 0.8). These replicates reached negative values in generation 7,
indicating an excess of rare alleles. The gold replicate showed only slight
decreases, maintaining positive values throughout (Fig 9.4c). All data can be
found in Appendix (Tab. A.6. The broad-effect variants maintained higher
nucleotide diversity (= and §) compared to both the strong-effect variants and
whole genomic datasets across generations. All replicates showed significant
decreases in ¢ (p < 0.001, Cohen’s D > 0.2, Tab 2 Supplement), with similar
trends in 7, except for the blue replicate which remained stable (p < 0.005,
Cohen’s D > 0.2, Fig. 9.4a,b). Tajima’s D decreased in red and gold repli-
cates (p < 0.001, Cohen’s D > 0.8) but increased in blue and green replicates
(p < 0.001, Cohen’s D > 0.8), while maintaining positive values that suggest a
lack of rare alleles (Fig 9.4c). All data can be found in Appendix (Tab. A.4.

Distinct genetic paths lead to convergent
adaptation

Population differentiation analysis demonstrated increasing genetic diver-
gence across generations despite similar phenotypic outcomes. Pairwise Fgp
values increased from 0.027 4+ 0.016 in early generations to 0.057 + 0.041 by
generation 7, signifying substantial heterozygosity loss (Fig. 9.5). Among
replicates, blue and green consistently exhibited higher pairwise Fs; values
compared to gold and red. Statistical analysis revealed significant differen-
tiation among replicates with medium effect size in generations 2, 3, and
5 (p < 0.001, eta — squared > 0.06) relative to generation 1, while remaining
generations showed significant differences with low effect size (p < 0.001,
eta — squared < 0.01) (Tab. A.8). These patterns suggest divergent evolution-
ary trajectories despite pathway-level convergent adaptive outcomes. Gene
family analysis further supported this pattern of distinct genetic solutions.
Broad-effect variants showed substantial numbers of unique gene families
across replicates (red: 767, blue: 971, gold: 811, green: 764), with 210 gene

Chapter 9 OCSVM-FET Analysis of C. riparius Adaptation Patterns
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Fig. 9.4.: Analysis of nucleotide diversity. Comparison of (a) Tajima’s D, (b) Tajima’s =
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broad-effect variants and strong-effect variants. Each panel displays mean
values (dots) and standard deviations (error bars) for each replicate (color-
coded) and group. Generation 1 (gen.1) was compared to generation 7
(gen.7), with statistical significance and effect size indicated by colored
asterics: * x p < 0.005, * * xp < 0.001 ; colors: light grey= small effect, dark
grey = medium effect, black = large effect.

9.3 Distinct genetic paths lead to convergent adaptation
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families shared among all populations (Fig. 9.6 b). This overlap in broader
selection targets suggests common genetic pathways involved in initial adap-
tation. However, strong-effect variants revealed striking replicate-specific
patterns, with highly unique positions per population (blue: 46, green: 81,
gold: 66, red: 87) and minimal overlap (Fig. 9.6 d).

Having established the selection signatures and their genetic targets in gen-
eration 7, the next analysis investigated how these patterns emerged over
time. Generation 4 represented a critical transition point where emergence
time reached its optimum, even as populations continued evolving. The dual
threshold approach applied to generation 4 identified both broad- and strong-
effect variants, revealing the genetic basis of this early adaptation phase. In
generation 4, broad-effect variants showed enrichment in fundamental regula-
tory and structural elements across all replicates, including immunoglobulin
domains, zinc-related proteins, and calcium binding gene families (Fig 9.8 a).
Strong-effect variants contained remarkably few annotations (2-6 proteins
per replicate), suggesting initial selection had not yet crystallized into defined
adaptive pathways (Fig 9.8 b). Pathway analysis provided further insight

Chapter 9 OCSVM-FET Analysis of C. riparius Adaptation Patterns
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Fig. 9.6.: Venn Diagrams Comparing Overlapping Elements Across Four Replicate
Populations. Figure shows four Venn diagrams (a-d) illustrating the overlap
of elements among four replicate populations, represented by the colors
blue, green, gold, and red. a) broad-effect variants: Overlap of positions
across 4 replicates b) broad-effect variants: Overlap of annotated gene
families across 4 replicates c) strong-effect variants: Overlap of positions
across 4 replicates d) strong-effect variants: Overlap of annotated gene
families across 4 replicates

into this temporal evolution. Generation 4 showed consistent enrichment in
metabolic pathways across all replicates (Fig 9.9 a), particularly in retinol
metabolism and ABC transporters. Additional metabolic pathways included
porphyrin metabolism, cytochrome p450 metabolism, and drug metabolism,
suggesting broad optimization of metabolic processes during early adapta-
tion. By generation 7, while metabolic pathways remained enriched mainly
in the broad data set (Fig 9.9 b), a striking shift toward signaling pathway
specialization emerged in the narrow data set (Fig 9.10). All replicates showed
enrichment in key signaling pathways, including mTOR, Wnt, Toll/Imd, and
MAPK signaling. This transition from predominantly metabolic to signaling
pathway enrichment suggests a shift from broad metabolic optimization to
refined regulatory control. Though, pathways are shared amongst replicates,
the analysis on gene family level reveals different strategies to the similar path-
ways: while in replicate red Fibronectin type III and Alpha amylase domains
are mainly represented, replicate blue showed enriched Sulfotransferase
domains. While gold developed increased Calcium-binding EGF domains,
green showed increased Leucine-rich repeats and Trypsin domains (Fig 9.7).
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Therefore, the reduced significant anomalies data set in generation 7 revealed
additionally replicate-specific specialization in distinct signaling pathways,
including Hippo, Hedgehog, and FoxO signaling. This temporal comparison re-
veals a two-phase adaptive process: initial broad selection on major regulatory
elements and metabolic pathways, followed by replicate-specific refinement
through specialized signaling pathways. This pattern aligns with the pheno-
typic observations of rapid early adaptation followed by stabilization and
continued fitness improvement through alternate mechanisms.
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Fig. 9.7.: Top 15 annotated gene families across four replicates of C. riparius under

artificial selection in generation 7. Figure displays the most frequently
occurring gene families identified in four replicates (red, green, blue, and
gold) subjected to artificial selection, identified in [a] borad-effect variants
and [b] strong-effect variants in generation 7. Gene families were annotated
using InterProScan with the Pfam database. The x-axis shows the gene
family names, while the y-axis indicates the count (frequency) of each gene
family. Gene families are sorted in descending order of frequency.

9.3 Distinct genetic paths lead to convergent adaptation 101



102

200 200
« 150 » 150
2 2
= c
3 3
5] 5]
O 100 O 100
50 50
0 m 0
L OO & & LR LRSS SIS S SIS e A & & &8
F PP FTFF TP E S &S S F &P PN SRS S
p Q@‘ ‘O\(\é & F Q@‘ c“° &5‘: \?g & v\Q@&“ G*LOQQ'Q é\@ §,o J\Q @Qz <’>\°b ‘\@Q Q@‘ X A Q‘\b 0@9 vég\ <« ¢ @
SR R ¥ &8 AT (€
& & & « o ¢
& X &
SV Protein Families
Protein Families
200 200
» 150 » 1504
2 2
5 5
5] 5]
O 100 O 100
50 50
0 0
. o N o\ S ~ o\ - o . N . N
F PSS F S EF S S S F & F S F S
o Tl (& e EPSIPaS & & € & &S W@ A &
(\o"’ (\5\ ) o /VQ @o () & <« (\o‘) /ﬁ\ (\;y & Q\”‘ (&% 0}@ 2y 2
& @ & & & &
«& ¢ & & 8
N3 N3
Protein Families Protein Families
6 6
5 5
n 4 04
2 2
= =4
33 33
o o
2 2
1 1
0 _—_ 0
I o &> & oL 2
& & & & N & ©
<€ & N QQ\O & é&
. ™ N
Protein Families . LC
Protein Families
6 6
5 5
n 4 04
2 2
c =4
33 33
o o
2 2
1 1
0 0
¢ $ o e > 2 N
o © < NI & N >
45 & & K & & s
& S & & &
N & & &
{oo*' & « N
< & Protein Families

Protein Families

Fig. 9.8.: Top 15 annotated gene families across four replicates of C. riparius under
artificial selection in generation 4. Figure displays the most frequently
occurring gene families identified in four replicates (red, green, blue, and
gold) subjected to artificial selection, identified in [a] broad-effect variants
and [b]strong-effect variants in generation 4. Gene families were annotated
using InterProScan with the Pfam database. The x-axis shows the gene
family names, while the y-axis indicates the count (frequency) of each gene
family. Gene families are sorted in descending order of frequency.
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9.4

This study provides comprehensive insights into rapid polygenic adaptation
through three complementary approaches: (1) the development and vali-
dation of a novel computational method combining machine learning with
traditional statistics for detecting polygenic adaptation, (2) an experimental
evolution study tracking phenotypic changes in C. riparius under selection
for accelerated development, and (3) the application of novel computational
method to experimental data, revealing complex patterns of convergent and
divergent adaptation. Together, these approaches illuminate the mechanisms
and complexity of rapid adaptation at both phenotypic and genetic levels.

Methodological Advances in Detecting Polygenic
Adaptation

This study introduced and tested novel approaches to investigate polygenic
adaptation at the genetic level by combining standard statistical methods with
novel machine learning techniques. The results indicate that combining clas-
sic statistics with information-theory-based methods leads to a significantly
optimized detection of polygenic adaptation. By fitting parameters to real-life
data and validating with simulations, this approach strikes a balance between
biological realism and methodological rigour, aligning with recent trends in
population genetics that emphasize the incorporation of real genomic com-
plexity into analytical methods [25]. Importantly, this study underscores the
crucial role of parameter optimization in classification algorithms, highlight-
ing both the applicability of this approach and its inherent limitations to study
cases. This nuanced perspective reflects the complexity of adapting machine
learning techniques to specific biological contexts, a key consideration in the
evolving landscape of computational population genetics.

Comparative Analysis and Temporal Dynamics of Adaptation

The integrated OCSVM-FET methodology demonstrated superior performance
compared to standalone Fisher’s Exact Test across various experimental con-
ditions. The observation of peak accuracy and AUC values at 250 selected loci
suggests an optimal equilibrium between signal intensity and background
noise in the simulated datasets. This observation emphasizes the necessity
of considering the magnitude of polygenic adaptation when selecting de-
tection methodologies. Simulation analyses revealed that OCSVM exhibits
particularly robust detection capabilities in highly polygenic architectures.

9.4 Methodological Advances in Detecting Polygenic Adaptation
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The scenarios examining 100 and 250 loci demonstrated notable phenotypic
progression, characterized by consistent increases between generations 20
and 40. These patterns indicate robust selection signals across multiple loci,
generating clear patterns detectable by the OCSVM methodology. The 40th
generation represents a period of significant adaptive transformation, re-
sulting in particularly pronounced and detectable selection signals, not yet
influenced by genetic drift. Scenarios with fewer loci (10 or 50) potentially gen-
erate selection signals that lack the complexity necessary for optimal OCSVM
detection in polygenic traits. These cases exhibit rapid initial adaptation
followed by quick stabilization, potentially resulting in insufficient or homo-
geneous selection signals by generation 40. Conversely, scenarios with very
high loci numbers (500) may produce overly diffuse or noisy adaptive signals,
demonstrating gradual increases that might not generate sufficiently strong
signals at generation 40 for optimal detection. This temporal point provides
adequate genetic complexity to represent realistic polygenic traits while main-
taining clear adaptive signals [39]. This aligns with current understanding in
quantitative genetics regarding the influence of hundreds of loci on adaptive
traits, rather than either a few major-effect loci or thousands of minor-effect
loci [104]. For example, research in human genetics has identified hundreds
of loci associated with height [153] and other quantitative characteristics,
though the precise number of loci involved in adaptation varies significantly
across traits and organisms [154]. Furthermore, OCSVM-FET exhibited robust
performance across diverse simulation parameters. Even in scenarios where
performance showed slight degradation (such as at generation 60 or with loci
counts exceeding 250), OCSVM-FET maintained superiority over conventional
methodologies. This consistent performance indicates its utility in detecting
ongoing selection across various polygenic adaptation scenarios. It is im-
portant to note that the observed peak performance partially results from
model optimization, likely reflecting patterns within the optimization data
set. This phenomenon is well-documented in unsupervised machine learning
applications within genomic contexts [155]. Consequently, empirical data
was utilized for model optimization to accurately reflect real-world scenarios.
While the true architecture of polygenic adaptation patterns remains com-
plex, these findings provide enhanced understanding of the genomic scale at
which such patterns are most readily detectable, offering valuable tools for
identifying candidate SNPs in comparable scenarios.



Trade-offs between methods

The comparative analysis revealed distinct performance variations among the
tested methodologies. Traditional Fisher’s Exact Test demonstrated the high-
est false positive rate, lowest AUC, and generally inferior accuracy compared
to alternative approaches. This suggests that more sophisticated method-
ologies such as OCSVM and NBC are better suited for detecting polygenic
adaptation patterns. The integration of these methods with FET further en-
hanced performance metrics, with OCSVM-FET exhibiting optimal overall
performance, characterized by consistently low false positive rates and su-
perior accuracy and AUC under specific conditions. OCSVM performance
demonstrates significant parameter sensitivity, requiring careful optimiza-
tion for each specific application scenario. Optimal solutions can be identified
through grid searches using comparable known positive scenarios [156]. A
key challenge lies in achieving an appropriate balance between model com-
plexity and generalization capacity, a common consideration in machine
learning applications to genomic data [25]. Moreover, OCSVM exhibits con-
siderable computational intensity, with performance heavily dependent on
parameter configurations and data architecture. The method’s time com-
plexity ranges from O(n?) to O(n?), where n represents the training sample
count. This characteristic makes prediction of computational requirements
challenging, particularly for extensive genomic data sets. In contrast, NBC
presents relatively modest computational requirements and can be executed
on standard computing systems due to its efficient probability density function
calculations. NBC typically exhibits O(nd) time complexity, where n repre-
sents training sample count and d represents feature count, enabling superior
scalability for large data sets. While grid searches can optimize parameters
for both methodologies, NBC requires deeper understanding of underlying
calculations. A significant challenge in NBC parameter optimization involves
maintaining valid positive semi-definite covariance matrices, a mathemat-
ical requirement essential for methodological validity [34]. This constraint
may necessitate consideration of alternative fine-tuning approaches for NBC.
In resource-limited computational environments, investing time in careful
NBC parameter optimization may prove beneficial. However, given sufficient
computational resources, OCSVM represents the preferred methodology due
to its superior overall performance and more straightforward parameter
optimization procedures.

9.4 Methodological Advances in Detecting Polygenic Adaptation
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Parameter Optimization Significance

This study underscores the crucial role of parameter optimization in achiev-
ing optimal performance with machine learning algorithms, particularly in
complex biological applications such as polygenic adaptation detection. Pa-
rameter optimization represents a critical prerequisite for both OCSVM and
NBC methodologies to achieve optimal model performance. In the OCSVM con-
text, parameter selection presents unique challenges due to its unsupervised
nature. As noted by Amer et al. [157], OCSVM performance demonstrates high
sensitivity to parameter selection, particularly regarding kernel function and
regularization parameters. This sensitivity becomes particularly pronounced
when dealing with high-dimensional biological data, where balancing model
complexity and generalization capability is crucial [33]. The study employed
empirical data for optimization to capture authentic genetic variation and
selection patterns that might not be fully replicable in simulations. Libbrecht
and Noble [46] emphasize that genomic applications of machine learning
models heavily depend on their capacity to capture specific biological data
patterns and complexities. The approach of utilizing empirical data from C.
riparius for initial parameter optimization aligns with this principle, ensur-
ing model calibration to biologically relevant polygenic adaptation patterns.
This approach, however, presents specific challenges. The application of ma-
chine learning in bioinformatics requires careful balance between leveraging
domain-specific knowledge and avoiding dataset-specific overfitting [155].
The methodology, optimized using empirical data, demonstrated enhanced
performance on similar simulated scenarios, indicating its potential for de-
tecting polygenic adaptation patterns in comparable evolutionary contexts.
Future research directions could explore more sophisticated parameter op-
timization strategies. For instance, Chapelle et al. [158] propose automated
multi-parameter optimization methods for SVMs, which could be adapted
for OCSVM in polygenic adaptation detection contexts. Additionally, incor-
porating techniques to enhance model robustness and transferability across
diverse evolutionary scenarios could further improve the applicability of
machine learning methods in various biological contexts.

In conclusion, while this investigation demonstrates the effectiveness of well-
optimized machine learning approaches in detecting polygenic adaptation, it
also highlights the ongoing challenge of balancing specificity and generaliz-
ability in parameter optimization. This balance remains crucial for developing
methodologies that are both powerful and broadly applicable in studying
complex evolutionary processes.



9.5 Rapid Phenotypic Adaptation Under Experimental
Evolution

The experimental evolution study with C. riparius revealed adaptive poten-
tial, demonstrating the species’ capacity for rapid evolutionary response
under strong selective pressure. Within 7 generations, 4 replicate populations
achieved a substantial reduction in development time of approximately two
days, highlighting the speed and magnitude of possible adaptation.

Temporal Dynamics of Adaptation

The temporal dynamics of adaptation in C. riparius revealed a complex and
non-linear trajectory, providing valuable insights into how organisms navi-
gate fitness optimization under strong selective pressures. Initially, popula-
tions experienced reduced fitness during the first two generations, demon-
strated through decreased survival rates and increased emergence times.
Such temporary fitness decreases during early experimental generations are
well-documented in multi-generational studies [159, 160] and likely reflect
the initial stress of adapting to laboratory conditions.

A pivotal turning point occurred in the fourth generation, where populations
achieved their lowest mean emergence values of the experiment. Interest-
ingly, after this point, emergence times stabilized despite continued selection
pressure. This apparent plateau effect initially raised questions about the
limits of adaptive potential in development time. However, further investi-
gation revealed a more nuanced picture: while emergence times stabilized,
population fitness continued to improve through enhanced adult survival
and early fertility, suggesting a shift in the focus of adaptation rather than
a true evolutionary standstill. The stabilization of emergence times despite
ongoing selection pressure pointed to potential environmental constraints
on further adaptation. One crucial factor appeared to be the synchronizing
effect of photoperiod, which potentially masked continued selection on devel-
opmental time by imposing developmental pauses during dark periods [161].
This hypothesis was confirmed through a follow-up experiment in genera-
tion eight, where exposure to constant light conditions revealed previously
masked adaptive potential [139]. The removal of the standard 16:8 light-dark
cycle led to striking divergent responses among replicates, unveiling at least
two distinct adaptive strategies.
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The red and blue replicates demonstrated one possible adaptive strategy,
achieving further decreases in mean emergence time and shifting from a
typical bell-shaped emergence distribution to a waveform pattern with peak
emergence on the second day. However, this accelerated development came
at a clear cost, manifesting in consistently lower survival rates. In contrast,
the gold and green replicates exhibited an alternative strategy, maintaining
their bell-shaped emergence pattern with peak emergence on the third day
while demonstrating higher survival rates. These divergent responses provide
compelling evidence for the evolution of distinct circadian phenotypes, each
representing different trade-offs between development speed and survival.
This trade-off between rapid development and survival aligns well with fun-
damental life-history theory, which predicts that faster development often
comes at the cost of other fitness components [162]. Similar trade-offs have
been observed in other insects, such as Drosophila, where selection for rapid
development has been associated with decreased adult size and fecundity
[163]. The emergence of these distinct phenotypes demonstrates that the
original photoperiod regime may have masked underlying genetic variation
in development time, potentially by imposing synchronized developmental
pauses during dark periods [161].

Replicate-Specific Adaptation Trajectories

Despite experiencing identical selection pressures, the four experimental
replicates developed markedly different characteristics over the course of
selection. This divergence was particularly evident in the contrasting patterns
between the red replicate, which consistently achieved the fastest emergence
times, and the green replicate, which demonstrated superior survival rates.
Such distinct performance profiles suggest the existence of multiple viable
evolutionary strategies, each representing different solutions to the same
selective challenge [164, 165].

The emergence of these alternative adaptive strategies aligns with theoretical
predictions about the structure of adaptive landscapes. The classical adaptive
landscape theory posits that evolutionary dynamics can be visualized as
a landscape where peaks represent high fitness and valleys represent low
fitness. This framework, initially proposed by Sewall Wright, suggests that
populations navigate this landscape through mutations and natural selection,
adapting to their environments over time [166]. Rather than converging on a
single optimal solution, populations appear to have discovered different peaks
in the adaptive landscape, each representing a unique combination of trait



values that confer similar overall fitness benefits. This phenomenon of parallel
evolution leading to different adaptive outcomes has been documented in
various other experimental systems, from bacteria to vertebrates. A review
by Carroll et al. [167] therefore discusses multiple case studies, illustrating
how parallel evolution can manifest in diverse contexts

The case of the gold replicate provides particularly interesting insights into the
factors that can constrain adaptive potential. Despite experiencing identical
selection pressures, this replicate consistently showed poorer performance
compared to others across multiple fitness parameters. This pattern might
reflect the consequences of genetic drift or founder effects during the estab-
lishment of replicates [168]. If the initial sampling resulted in a less favorable
combination of alleles or reduced genetic variation in the gold replicate, this
could have limited its capacity to respond to selection effectively. Alternatively,
this replicate might have become trapped on a suboptimal fitness peak, unable
to access more favorable genetic combinations due to epistatic constraints or
the necessity of crossing fitness valleys [169].

The divergent evolutionary trajectories observed among replicates also have
important implications for understanding adaptation in natural populations.
They demonstrate that even under controlled laboratory conditions with
strong directional selection, populations can evolve different solutions to the
same selective challenges. This suggests that natural populations, facing more
complex and variable selective pressures, might harbor even greater potential
for diverse adaptive strategies. Furthermore, these findings emphasize the
importance of maintaining multiple populations in conservation efforts, as
different populations might preserve distinct adaptive potential even when
seemingly redundant [170].

Fitness Component Integration

The integration and sequential improvement of different fitness components
throughout the selection experiment revealed intriguing patterns about the
organization and evolution of life-history traits in C. riparius. Observations
suggest a hierarchical structure in how different fitness components respond
to selection, with emergence time showing priority in the adaptive response.
This temporal sequence of adaptation, where development time optimization
preceded improvements in survival and fertility, provides valuable insights
into the architecture of life-history evolution. Thus, life-history theory is a
framework that seeks to explain how natural selection and other evolution-
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ary forces shape organisms to optimize their survival and reproduction in
response to environmental challenges [171].

The prioritization of emergence time as an early target of adaptation suggests
its potential role as a master trait’ in C. riparius life history. The observed
reduction in development time from 21.4 to 19.9 days, representing a 7%
improvement, likely triggered cascading effects through other fitness compo-
nents. Such master traits, which exert broad influence over multiple aspects
of an organism’s life history, have been documented in insect systems [172].
For example, development time has been shown to influence adult body
size, reproductive capacity, and lifetime fitness in numerous insects species
[173]. The hierarchical nature of the adaptive response may reflect several
underlying mechanisms. First, the genetic architecture of these traits likely
plays a crucial role, with emergence time potentially having a simpler genetic
basis allowing for more rapid evolution [174]. Second, varying degrees of
evolutionary constraint may affect different traits, with some components
being more constrained by physiological or developmental requirements than
others [175]. Finally, the relative contributions of different traits to overall
fitness under laboratory conditions may have shaped the sequence of adapta-
tion, with emergence time potentially having the most immediate impact on
reproductive success in this experimental setting.

The integration of these various fitness components is particularly well illus-
trated by the population growth rate (PGR) patterns observed across genera-
tions. The PGR served as a comprehensive metric of adaptation, capturing
the combined effects of multiple fitness parameters and their interactions,
as survival, fertility and mean emergence. The highly significant differences
between replicates across all generations (p < 4e — 05) demonstrate how
sensitive this integrated measure is to subtle variations in adaptive strate-
gies. Moreover, the observed two-phase improvement pattern in PGR may
provides evidence for the temporal structure of adaptation, where different
fitness components contribute to overall population performance at different
stages. This temporal pattern of adaptation is consistent with findings in
other biological systems, such as in subalpine plants, where researchers ob-
served similar multi-year variations in population growth rates that reflected
different phases of adaptive response [176]. Perhaps the most remarkable
phenotypic adaptation was the improvement in adult survival rates, which
more than doubled from 40% to 88% over the course of the experiment. These
demographic changes likely have significant consequences for population dy-
namics and evolutionary potential. First, the greatly improved survival rates
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contribute to enhanced population stability and resilience [177], providing
a larger effective population size that better buffers against environmental
fluctuations [178]. Second, the maintenance of a larger breeding population
potentially supports the retention of greater genetic diversity, which is crucial
for continued adaptive potential [179]. Finally, the combination of improved
survival and enhanced fertility creates positive feedback loops in the demo-
graphic structure, potentially accelerating future adaptive responses, as an
experimental evolution studies with spider mites showed [180].

Complex Patterns of Convergent and Divergent
Adaptation

The combined analysis of phenotypic and genetic changes revealed a com-
plex adaptation process. The initial rapid decrease in emergence time (until
generation 4) corresponded to selection on broadly shared regulatory ele-
ments and structural proteins. The subsequent plateau phase, rather than
indicating a halt in adaptation, represented a period of genetic refinement
where populations explored different optimization strategies, as evidenced by
moderate increasing pairwise Fsp values and divergent gene family patterns.
This demonstrates how polygenic adaptation can proceed through an initial
targeting of major effect genes followed by population-specific fine-tuning,
ultimately achieving similar phenotypic outcomes through different genetic
architectures.

Genetic diversity patterns in broad-effect and strong-effect variants

The analysis of genetic diversity patterns across replicate populations revealed
complex dynamics during rapid adaptation to the applied selection regime on
emergence time. While using the terms ’broad-effect’ and ’strong-effect’ vari-
ants throughout this study, these likely represent different temporal patterns
of selection response. Strong-effect variants may represent primary targets of
selection showing immediate frequency changes, while broad-effect variants
could include both secondary targets and linked variants that change fre-
quency more gradually over time. The broad-effect variants exhibited slightly
elevated genetic diversity (both = and #) compared to genome-wide patterns in
both generations 1 and 7, suggesting adaptation primarily occurred through
standing genetic variation, where multiple alleles of small effect contribute to
the phenotype [7]. This maintenance of diversity, even under strong selection,
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indicates that multiple adaptive variants can persist within populations while
still achieving directional selection for earlier emergence time. Interestingly,
Tajima’s D patterns showed distinct trajectories among replicates. Red and
gold replicate populations exhibited decreasing values from generation 1
to 7, while replicates blue and green showed increased D values, though re-
maining positive. This divergent patter is consistent with genetic redundancy
in pathway functions. The persistent positive Tajima’s D values in blue and
green replicates might indicate the maintenance of multiple allelic variants at
intermediate frequencies [181]. However, it is important to note that positive
Tajima’s D values can also result from recent population contractions or mod-
erate bottlenecks [182], which could be a consequence of the experimental
design. In contrast, the strong-effect variants showed reduced nucleotide
diversity (both = and ) in generation 7 compared to genome-wide patterns in
three of four replicates, with gold showing a distinct pattern. This reduction
in diversity suggests regions under stronger selection, potentially represent-
ing crucial regulatory or functional elements where specific key regulation
variants were favored [183]. Lower diversity suggests these variants are more
critical and therefore less redundant.

The disparity between broad-effect and strong-effect variant patterns sug-
gested a hierarchical model of adaptation, where some genomic regions main-
tain flexibility through standing variation while others undergo more targeted
selection [23]. For instance, research indicates that standing genetic variation
facilitates rapid adaptation to environmental changes, such as ocean acidi-
fication, by providing a reservoir of pre-existing alleles that can be selected
for under new conditions [184]. Investigations into songbird populations
e.g. revealed that pre-existing genetic variants were predominant in local
adaptation, emphasizing the importance of standing variation in shaping
evolutionary potential [185]. The balance between maintenance of variation
and selective optimization was shown to be crucial for successful rapid adap-
tation, allowing populations to both respond to immediate selective pressures
and maintain adaptive potential for future challenges [105, 186].

However, it is important to consider alternative explanations for these ob-
servations. The maintenance of diversity could be partly due to linkage dise-
quilibrium causing neutral variants to hitchhike with selected alleles [187].
Further research, including analysis of linkage disequilibrium and more de-
tailed temporal sampling, could help disentangle these potential confounding
factors from the adaptive processes we aim to study.



Convergent Phenotypes Through Genetic Redundancy

The average pairwise Fis7 value between the populations of ancestral genera-
tion and last generation ranged from around 0.03 to around 0.06, suggesting
a low to moderate genetic differentiation during adaptation [188]. This ge-
netic divergence, occurring alongside phenotypic convergence, reveals how
populations can traverse distinct regions of the adaptive landscape while
achieving similar functional outcomes. While all replicates originated from
the same source population, random sampling effects during replicate estab-
lishment could have created subtle but important differences in their starting
genetic composition. This variation in genetic starting points could have pre-
disposed different replicates toward particular adaptive strategies. Stochastic
effects during early generations likely played a crucial role in determining
subsequent evolutionary trajectories. Early random fluctuations in allele
frequencies, particularly during the initial periods of adaptation stress, might
have pushed replicates onto different evolutionary paths [189, 190, 191]. This
concept of historical contingency, where early events can have lasting effects
on evolutionary outcomes, has been demonstrated in various experimental
evolution studies [192, 193, 194]. The substantial overlap in affected gene
families, despite the minimal number of shared specific loci, indicates that
adaptation may be more predictable at the functional level than at the genetic
level [195].

Furthermore, the accumulation of genetic differences between replicates
while maintaining similar phenotypic trajectories indicates that rapid adapta-
tion does not necessarily constrain future evolutionary potential. For instance,
a study on the Australian wildflower Senecio lautus found that replicate popu-
lations evolved along the same phenotypic trajectory despite differing genetic
changes, indicating that rapid adaptation does not necessarily limit future
evolutionary potential. This suggests that maintaining pathway function-
ality may be more critical than preserving specific genetic variants, which
has implications for conservation strategies [196]. These results emphasize
the importance of examining adaptation across multiple biological levels of
organization.

Sequential Optimization: A two-phase model of adaptation

In this work, a distinct two-phase pattern in emergence time adaptation was
investigated, with corresponding signatures at both phenotypic and genetic
levels. The data suggests an adaptive model where initial rapid phenotypic
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changes operate through broad metabolic adjustments, followed by a refine-
ment phase characterized by regulatory fine-tuning. The initial rapid decrease
in emergence time through generation 4 was characterized by selection on
broadly shared elements, followed by a plateau phase that appeared to repre-
sent a period of genetic refinement rather than adaptive stasis. This temporal
pattern provides new insights into how populations optimize complex life-
history traits under strong selection.

During this initial phase, adaptation was primarily associated with broad
metabolic pathways, particularly retinol metabolism and ABC transporters.
This pattern of initial metabolic adaptation has been observed in multiple
systems, from bacterial antibiotic resistance to thermal adaptation in fish [197,
198]. The absence of enriched pathways in strong-effect variants during this
phase supports theoretical predictions that early adaptation often operates
through subtle changes across many loci rather than strong selection on
specific genes [199, 200].

The subsequent phase (generations 4-7) revealed a shift from metabolic to
signaling pathway optimization, suggesting a transition from general physio-
logical adjustment to fine-tuned regulatory control. Research indicates that
metabolic enzyme loci can influence signaling pathways, suggesting that ini-
tial broad metabolic changes can lead to more refined regulatory control
over time [201, 202]. The convergence of replicates on shared pathways
while maintaining distinct genetic architectures suggests that the two-phase
pattern could represent a general feature of rapid adaptation rather than a
population-specific response. However, it is important to note that the adap-
tive architecture may depend more on the ancestry of the founder population
than the specific selection regime, as demonstrated by Otte et al. [203]. This
two-phase model has important implications for understanding rapid adap-
tation in natural populations. The continued improvement in population
growth rate during phenotypic plateau suggests that apparent stasis can mask
ongoing genetic optimization, a phenomenon also observed in long-term evo-
lution experiments, particularly with Escherichia coli [204, 205, 206]. In such
studies, researchers observed sustained improvements in fitness, often mea-
sured as growth rates, across tens of thousands of generations, even when
visible phenotypic changes appeared to have plateaued. These enhancements
are suggested to result from fine-tuning genetic adaptations [207]. These
findings highlight the importance of considering both phenotypic and genetic
changes when studying adaptation trajectories.



Molecular pathways in emergence time regulation: from metabolism to
signalling pathways

The pathway analysis revealed an intricate network of molecular mecha-
nisms involved in emergence time adaptation. The prominent enrichment
of retinol metabolism pathways in both generation 4 and 7 across all repli-
cates suggests a fundamental role in emergence time adaptation. Retinoids
are crucial regulators of developmental timing in insects, influencing both
metamorphosis and emergence through their effects on hormone synthesis
and molecular signalling [208]. Studies in mammals furthermore showed the
precise regulation of vitamin A metabolism and its conversion to retinoic acid
is critical for development, requiring coordinated action of multiple enzymes
and regulatory pathways [209].

This analysis also revealed enrichment of ABC transporters across both gen-
erations, highlighting their consistent role in hormonal regulation during
development. These transporters mediate ecdysone and juvenile hormone
(JH) transport, with ecdysone promoting metamorphosis while JH acts as
its antagonist. JH regulates developmental timing through Kr-h1 expression,
which suppresses steroidogenic enzyme transcription in the prothoracic gland,
thereby modulating ecdysone levels [210]. This hormone interplay also in-
fluences body size and growth duration through ecdysone synthesis control
[211], demonstrating the integrated nature of hormonal regulation in insect
development and metamorphosis [188].

By generation 7, additional pathways emerged, indicating further refinement
of the adaptive response. The cytochrome P450 pathways, enriched in all
replicates of generation 7, may indicate a regulatory network similar to that
seen in mammals for RA metabolism [209]. Additionally, previous studies in
Drosophila melanogaster have shown that P450 genes are crucial for proper
developmental timing, with variations in expression affecting pupation and
emergence times [212].

The MAPK signalling pathway, enriched in all replicates’ strong-effect datasets
of generation 7, is known to integrate environmental signals with develop-
mental timing in insects [213, 214]. Similarly, mTOR signalling, found in some
replicates, couples nutritional status with developmental progression, poten-
tially optimizing emergence timing in response to resource availability [215]
and was shown to be involved in regulating developmental processes in honey
bees [216]. The WNT and hedgehog signaling pathways, also identified in
later generations, are fundamental regulators of insect development, where
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for example Wnt/S-catenin signaling is required for posterior elongation in
insects, indicating its fundamental role in development [217] and Hedgehog
signaling was shown to be essential for growth and pattern formation during
wing development in insects [218].

The enrichment of neuroactive ligand-receptor interaction pathways sug-
gests adaptation in neuronal signaling, which could influence emergence
behavior. In insects, the timing of emergence is partly controlled by circadian
rhythms and environmental sensing, processes that, for sintance, rely heavily
on neurotransmitter signaling [219]. Additionally, Butt [220] showed its spe-
cific involvement in regulating insect behaviors and physiological responses,
particularly those related to circadian rhythms. The involvement of FoxO
signaling is particularly interesting, as this pathway acts as a master regulator
integrating insulin signaling and juvenile hormone pathways [221]. Through
its regulation of juvenile hormone degradation, FoxO plays a critical role in
controlling growth and development in insects [222], potentially allowing for
more robust emergence timing under varying conditions.

These molecular changes suggest adaptation occurred through optimization
of both housekeeping metabolism and its underlying regulatory networks.
The involvement of drug metabolism pathways might reflect broader changes
in xenobiotic handling capacity, potentially enhancing stress tolerance during
development [223]. This multilevel regulation could explain the continued
improvement in population growth rate even after emergence time stabi-
lized [224], as these pathways also influence general fitness traits beyond
developmental timing [225].

Limitations and Future Directions

Several limitations and opportunities for future research emerge from this
study. For instance, relatively short experimental duration of seven genera-
tions may have captured only initial adaptive responses. Longer-term studies
could reveal whether the observed plateaus in development time represent
stable endpoints or temporary stasis [226]. Additionally, Pool-Sequencing
Data itself is a limiting factor, as it is not displaying the genomic insight on
an individual’s level. Therefore, haplotype block identification as well as
recombination rate analysis is not yet easy to apply on Pool-Seq data and is
still in the stage of development.



The here presented OCSVM-FET method, while effective, requires careful
parameter tuning. Future work should explore automated parameter opti-
mization approaches [158] to enhance the method’s accessibility and repro-
ducibility. The method’s validation across diverse empirical data sets remains
crucial, particularly given that parameter optimization in NBC significantly
impacts results - as shown in yeast studies where reducing from 12 to 5 repli-
cate populations eliminated detection of candidate regions [48]. The results
underscore the importance of considering the temporal dynamics of adap-
tation when applying detection methods in natural populations, where the
timing of adaptive events is often unknown. The model’s peak performance at
generation 40 might be due to optimization reflecting patterns in the training
data or specific setting to the simulations, that mostly reflected the polygenic
adaptation pattern observed in C. riparius. Future work could explore ways to
make the model more generalizable across different stages of adaptation, per-
haps by incorporating time-series data in the training process. It is important
to note that while OCSVM effectively identifies loci showing unusual patterns
of allele frequency change, the method does not directly provide functional
characterisation of these selected loci. To fully leverage the power of this
approach, future work could focus on developing complementary methods
to elucidate the biological impact of the identified loci. Such methods should
examine the genomic locations and known functional annotations of iden-
tified loci, analyse the magnitude and direction of allele frequency changes
in these regions, investigate potential relationships among selected loci such
as clustering in specific genomic regions, and explore associations between
identified loci and specific traits or environmental variables. By integrating
these analyses, researchers could transform the "shortlist” of interesting loci
provided by OCSVM into a more comprehensive understanding of the genetic
basis of adaptation. This multi-faceted approach would not only identify
potential targets of selection but also provide insights into the functional and
evolutionary significance of these genomic regions. In conclusion, while the
OCSVM-based method represents a significant advance in detecting polygenic
adaptation, there remains room for refinement and expansion. The dual-
threshold approach was designed to capture different aspects of selection.
The broad-effect variant threshold (p < 0.001) was specifically chosen to de-
tect subtle allele frequency changes that might be biologically relevant in
polygenic adaptation, complementing a stringent threshold analysis that fo-
cused on the strongest selection signals. Comparison with neutral simulations
suggests that future studies might benefit from using a more conservative
threshold (>99%) for the broad-effect variants to more definitively distinguish

9.7 Limitations and Future Directions

121



122

selection from drift. Furthermore, the incorporation of linkage disequilibrium
patterns and haplotype structure analysis would help distinguish primary
selection targets from hitchhiking variants. Additionally, the recent comple-
tion of an improved reference genome for C. riparius offers opportunities
to refine these findings. While the current analysis provides valuable in-
sights into the temporal dynamics of adaptation, these additional analyses
would further clarify the mechanisms of polygenic selection. Additionally,
annotation databases beyond PFAM, and investigation of extended genomic
windows around candidate positions would provide more comprehensive
insights, since regulatory elements can be in distance of 100kb to the selected
locus [227].

Future research should particularly investigate biological mechanisms under-
lying rapid adaptation. The role of epigenetic mechanisms deserves special
attention [228], as recent work suggests their importance in facilitating rapid
adaptation. The potential role of epistatic interactions in shaping these diver-
gent adaptive pathways warrants particular attention. Complex interactions
between genes could create different local fitness optima, making certain
evolutionary trajectories more accessible depending on which combinations
of alleles became established early in the selection process. For instance, re-
search has shown that epistatic interactions can significantly affect the fitness
effects of mutations, thereby shaping the paths available for adaptation [229].
Similarly, understanding the molecular basis of photoperiod-development
time interactions [230] and temporal dynamics of gene expression (RNA-
Sequencing data) changes during adaptation would provide valuable insights
into adaptation mechanisms. Method development should explore the ap-
proach’s performance across different genetic architectures and selection
intensities. Future work could explore ways to make the model more gen-
eralizable across different stages of adaptation, perhaps by incorporating
time-series data in the training process. Implementation of advanced parame-
ter tuning techniques, such as Bayesian optimization [49], could enhance both
OCSVM and NBC implementations. Additionally, developing complementary
methods for functional characterization of identified loci would strengthen
biological interpretations of results.



9.8 Conclusions

This study introduces a powerful integrated approach to understanding rapid
polygenic adaptation, combining experimental evolution, novel methodolog-
ical development, and comprehensive genomic analysis. The development
and successful application of the OCSVM-FET method addresses a critical gap
in detecting subtle polygenic selection signatures in pool-sequencing data,
enabling researchers to capture both strong and distributed selection effects
that traditional methods often miss.

The findings of this work not only provide empirical support for key the-
oretical predictions in evolutionary biology but also reveal previously un-
recognized complexities in rapid adaptation processes. The discovery of a
two-phase adaptation pattern offers strong empirical evidence for theoretical
models predicting an initial rapid response through large-effect variants fol-
lowed by slower optimization through smaller-effect variants [199]. However,
this results challenge simplistic views of adaptation by demonstrating that this
process involves replicate-specific strong-effect variants operating alongside
shared pathway-level responses. This suggests a more sophisticated model
of adaptation where selection acts simultaneously across multiple scales of
genetic organization - from individual variants to broader regulatory net-
works - rather than proceeding through a simple sequential progression. This
pattern particularly validates recent theoretical frameworks emphasizing
genetic redundancy and pathway-level organization in rapid evolutionary
responses [23].

The maintenance of genetic diversity in broad-effect variants, even under
strong directional selection, provides compelling empirical evidence for the-
oretical models that predict the preservation of standing genetic variation
during polygenic adaptation [186]. This finding directly challenges classical
selective sweep models while supporting modern theoretical frameworks
incorporating genetic redundancy and multivariate selection. Furthermore,
the continued improvement in population growth rate despite phenotypic sta-
bilization strongly supports theoretical predictions about the importance of
genetic variation and compensatory evolution in adaptive processes [231].

This finding challenges classical selective sweep models while supporting
more recent theoretical frameworks that incorporate genetic redundancy
and multivariate selection. Furthermore, the continued improvement in
population growth rate despite phenotypic stabilization supports theoretical
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predictions about the importance of cryptic genetic variation and compen-
satory evolution in adaptive processes [231].

Perhaps most significantly, the observation of pathway-level convergence
despite divergent genetic trajectories addresses fundamental questions about
evolutionary predictability. While specific genetic changes appear stochastic,
the functional convergence at the pathway level suggests that certain aspects
of adaptation may be more deterministic than previously recognized, particu-
larly at higher levels of biological organization. This discovery has profound
implications for understanding evolutionary processes across different scales
and timeframes.

These findings have important applications for predicting evolutionary re-
sponses in rapidly changing environments, understanding the genetic basis of
complex adaptive traits, and potentially informing conservation strategies for
populations facing environmental challenges. Future research should expand
this approach to more complex traits and diverse organisms, explore the time-
dependent nature of polygenic adaptation in greater detail, and investigate
how pathway-level selection interfaces with environmental complexity.
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Example Appendix

Material and Methods Experiment
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Fig. A.1.: Feeding protocol for larvae

DF F P Value
Survival 6 21,52 5,87e-08
EmT50 male 6 102,1 1,96e-14
EmT50 female 6 1411 7,39e-04
EmT50 female/male 6 6,272 6,78e-04
Mean Emergence Time 6 1778 <2e-16
Sex ratio 6 1,769 0,154
Fertility 6 11,22 1,24e-05
PGR 6 13,81 2,46e-06

Fig. A.2.: ANOVA associated degrees of freedom, F values and p-values for each pa-

rameter analyzed.
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Emergence EmT50 male EmT50 female I‘ersglgfr‘\)ale EmergN(Iance Time Fertility PGR
1-2 0,3753 <2e-16 9e-07 0,0159 1e-07 0,4314 0,1631
1-3 0,0004 0,0087 3e-07 0,0009 <2e-16 0,1215 0,0111
1-4 1,4e-06 <2e-16 <2e-16 0,0046 <2e-16 0,0011 0,0001
1-5 1,24e-05 1,07e-04 <2e-16 0,0097 <2e-16 0,0015 0,0002
1-6 9e-07 1,02e-04 <2e-16 0,001 <2e-16 0,0011 0,0001
1-7 1,4e-06 0,0002 8e-07 0,0472 1e-07 8,4e-06 1,8e-06
1-3 0,0559 <2e-16 <2e-16 0,8692 <2e-16 0,9843 0,8436
1-4 0,0001 <2e-16 <2e-16 0,9975 <2e-16 0,0946 0,0441
1-5 0,0013 <2e-16 <2e-16 0,9999 <2e-16 0,1215 0,0748
1-6 7,9e-05 <2e-16 <2e-16 0,8798 <2e-16 0,0946 0,0431
2-7 1,2e-04 <2e-16 <2e-16 0,8581 <2e-16 0,0007 0,0005
3-4 0,1354 2,6e-06 2,2e-06 0,9915 3e-07 0,3610 0,4377
3-5 0,6451 0,4787 0,8869 0,9433 0,7521 0,4314 0,5922
3-6 0,0951 0,0788 0,0265 1 0,1294 0,3610 0,4311
3-7 0,1365 0,7373 0,9957 0,2047 0,9992 0,0042 0,0101
4-5 0,927 0,0001 2,72e-05 0,9998 4,7¢-06 1 0,9999
4-6 0,9999 0,0019 0,0053 0,9931 7,28e-05 1 1
4-7 1 6,37e-05 7e-07 0,5507 1e-07 0,3284 0,4560
5-6 0,8591 0,9248 0,2673 0,9496 0,8501 1 0,9999
5-7 0,9282 0,9993 0,5561 0,7464 0,4822 0,2689 0,3186
6-7 0,9999 0,7312 0,0068 0,2140 0,0532 0,3284 0,4627

Fig. A.3.: p-values of the Tuckey’s post hoc test for each comparison between the
different generations.

Results Experiment
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Fig. A.4.: Lineplot of emergence of the 4 replicates over 7 generations [%]. The distri-
bution of the emergence of each individual is displayed per generation for
A) red replicate, B) blue replicate, C) gold replicate and D) green replicate.
The different lines styles indicate different generatios
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Fig. A.7.: EmT50 of the 4 replicates over 7 generations, females. This parameters
displays the timepoint, where 50% of the population has emerged per gen-
eration, respectively A) the red replicate, B) blue replicate, C) gold replicate
and D) green replicate. Error bars denote the standard deviation.
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Fig. A.8.: Population Growth Rate (PGR) of the 4 replicates over 7 generations, fe-
males. PGR combines the factor of fertility (number of fertile eggs laid),
emergence and survival, respective of A) the red replicate, B) blue replicate,
C) gold replicate and D) green replicate. Error bars denotes for the standard

deviation
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Fig. A.9.: Sex Ratio of the 4 replicates over 7 generations in percentage, females vs.
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Fig. A.10.: Overview of the respective Mean per parameter per generation and repli-
cate. A) Mean B) Emt50 C) PGR D) Survival E) Fertility
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Fig. A.11.: Bayesian Statistics Replicate Red. A) Mean B) Emt50 C) PGR D) Mean Plotted
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Fig. A.13.: Bayesian Statistics Replicate Gold. A) Mean B) Emt50 C) PGR D) Mean
Plotted

hdi_3% hdi_97% mcse_mean mcse_sd ess_bulk ess_tail r_hat

40C 1.0

frean=dy oy
/
/ asmon \ | v\
\
% L o Y
% hdi_97% mcse_mean s moa ms
0017  0.012 1.0 - s donits
o1 o
\ /
¥ > s *_

Fig. A.14.: Bayesian Statistics Replicate Green. A) Mean B) Emt50 C) PGR D) Mean
Plotted

Bayes’ Theorem

Bayesian theorem is a fundamental concept in probability theory and statis-
tics, demonstrating the relationship between conditional probabilities and
marginal probabilities for random variables [232]. Considering a sample
X ={x1,29,...,2,} Where each component represents values from a set of n
attributes. In Bayes’ Theorem, X is seen as the "evidence." Let H represent a
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hypothesis, such as the data X belongs to a specific class C. In classification
tasks, our objective is to ascertain P(H|X), the probability of the hypothesis
H being true given the observed data sample X. Essentially, we seek to de-
termine the probability that the sample X belongs to H. Applied to our data
set, we could designate classes as ¢ = 1 for non-anomalous data and ¢ = —1
for anomalous data, with X representing allele frequencies Similarly, P(X|H)
is the probability of X conditioned on H. That is, it is the probability that a
data point X shows certain allele frequencies, given that we know the data
point belongs to a known class. According to Bayes’ Theorem, the probability
to compute P(H|X) can be expressed in terms of probabilities P(H), P(X|H)

and P(X) a

S:

Genetic Diversity Analysis

Tab. A.1.: Quantile thresholds of -log10(p-values) for allele frequency changes

(a) Generation 1 vs. Generation 7

Quantile Red Blue Gold Green

Obs Sim Obs Sim Obs Sim Obs Sim
95% 3.037 2.071 3.083 3.048 2478 1966 3.848 3.293
99% 7.180 6.065 6.078 5.634 5.520 4.888 6.133  5.407
99.9% 10.782 9.494 9.147 8798 8218 7.766 9.242  8.572
99.99%  13.667 12.999 11.767 12.058 10.669 10.588 12.511 11.784

99.999%

16.199 16.735 14.086 15.549 12.864 13.402 15.790 15.260

(b) Generation 1 vs. Generation 4

Quantile Red Blue Gold Green
Obs  Sim Obs Sim Obs Sim Obs Sim
95% 2.526 2.023 2.823 1926 2.902 1.698 2.705 1.830
99% 4.015 3.360 4.412 3.182 4.614 2794 4.524 3.069
99.9% 6.068 5.396 6.625 5.119 7.013 4.486 7.135 5.062
99.99%  8.057 7.493 8.808 7.248 9.481 6.285 9.708 7.216
99.999% 9.936 9.591 11.106 9.293 12.136 8.128 12.000 9.656

Tab. A.2.: Quantile thresholds of -log10(p-values) for allele frequency changes com-

paring generation 1 to generation 7 (a) and generation 1 to generation 4 (b).
Observed data (Obs) represents the experimntal data. Simulated data (Sim)
represents the expected outcome of genetic drift under neutral selection
(Fisher-Wright Model)
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Fig. A.15.:

Allele Frequency (AF) trajectories over all generation of reduced signifi-
cant anomalies in replicate Gold. Upper panel: The left panel shows AF
that appeared high in the ancestral generation and increased over time,
the right panel shows the opposite cases. Down panel: Allele Frequency
ancestral (af1) against following generations (af*), with reduced signifi-
cant anomalies highlighted as black dots
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Fig. A.16.: Allele Frequency (AF) trajectories over all generation of reduced signifi-
cant anomalies in replicate Blue. Upper panel: The left panel shows AF
that appeared high in the ancestral generation and increased over time,
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ancestral (afl) against following generations (af*), with reduced signifi-
cant anomalies highlighted as black dots
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Fig. A.17.: Allele Frequency (AF) trajectories over all generation of reduced signifi-
cant anomalies in replicate Green. Upper panel: The left panel shows AF
that appeared high in the ancestral generation and increased over time,
the right panel shows the opposite cases. Down panel: Allele Frequency
ancestral (af1) against following generations (af*), with reduced signifi-
cant anomalies highlighted as black dots
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Tab. A.3.: Comparison of genetic diversity measures between Generation 1 and Generation 7 in broad-effect variants (p < 0.001)

Tajima’s p: Watterson’s theta Tajima’s D
Replicate | Gen Value V Stat | P Value | Effect Value V Stat | P Value | Effect Value V Stat | P Value
Red L ea ) | 2.43e8 | 22006 | 0.440 | 002002 | 24868 | 2.2e16 | 0.451 | 0172000 | 21568 | 22016
Blue 0 | 1848 | 0.049 | 0.006 | 00 10*0010 1 2.08e8 | 2.2e16 | 0.068 | 057*70 | 1.24e8 | 2216
Gold 0 | 4328 | 22016 | 0.195 | 00 220000 | 4.45e8 | 2.2e16 | 0.166 | 001*005 | 3.48e8 | 2.2¢16
Green |1 | O0TE000 50368 | 2.2e16 | 0.208 | 00100000 | 5.68e8 | 2.2e16 | 0.232 | pranrp o | 3.63¢8 | 2.216

Tab. A.4.: Tajima‘s =, Watterson‘s # and Tajima‘s D metrices for broad-effect variants. The table shows V-Statistic, p-Value (Mann-Whitney
U) and Effect Size (Cohen’s D)
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Tab. A.7.: Kruskal-Wallis Test for all Replicates

Comparison H Statistic | P Value | Effect Size (eta-squared)
Gen. 1vs. Gen. 2 | 78638.06 | <0.0001 0.131
Gen. 1vs. Gen. 3 | 41833.50 | <0.0001 0.070
Gen. 1vs. Gen. 4 | 26432.43 | <0.0001 0.044
Gen. 1vs. Gen. 5 | 39686.41 | <0.0001 0.066
Gen. 1vs. Gen. 6 | 30803.70 | <0.0001 0.051
Gen. 1vs. Gen. 7 | 20861.45 | <0.0001 0.035

Tab. A.8.: Kruskal-Wallis Test for Fsr Values. The table shows statistical comparisons
of Fsr values between 4 replicate groups using the Kruskal-Wallis test (in-
cluding H-statistics and p-values) along with eta-squared values to measure
effect size.

172 Appendix A Example Appendix



	0674f3474d786ee01aa3e13a8815c56f7806ecf6f011340a6d455f2be651bf15.pdf
	fa7294ee8329add6eff9b67a9ce7d3a3fa709bf70032246786e8d1136b66b1ae.pdf
	0674f3474d786ee01aa3e13a8815c56f7806ecf6f011340a6d455f2be651bf15.pdf

