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ABSTRACT

The impact of climate change on populations will be contingent upon their contemporary adaptive
evolution. In this study, we investigated the contemporary evolution of four populations of the cold-
water kelp Laminaria digitata by analysing their spatial and temporal genomic variation using ddRAD-
sequencing. These populations were sampled from the center to the southern margin of its north-
eastern Atlantic distribution at two-time points, spanning at least two generations. Through genome
scans for local adaptation at a single time point, we identified candidate loci that showed clinal
variation correlated with changes in sea surface temperature (SST) along latitudinal gradients. This
finding suggests that SST may drive the adaptive response of these kelp populations, although factors
such as species' demographic history should also be considered. Additionally, we performed a
simulation approach to distinguish the effect of selection from genetic drift in allele frequency changes
over time. This enabled the detection of loci in the southernmost population that exhibited temporal
differentiation beyond what would be expected from genetic drift alone: these are candidate loci
which could have evolved under selection over time. In contrast, we did not detect any outlier locus
based on temporal differentiation in the population from the North Sea, which also displayed low and
decreasing levels of genetic diversity. The diverse evolutionary scenarios observed among populations
can be attributed to variations in the prevalence of selection relative to genetic drift across different
environments. Therefore, our study highlights the potential of temporal genomics to offer valuable

insights into the contemporary evolution of marine foundation species facing climate change.
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1. INTRODUCTION

Genetic variation results from the interplay of selection, mutation, migration and genetic drift,
and is essential to assess the ability of natural populations to cope with rapid climate change (Dawson
et al., 2011; Hoban et al., 2020). Amongst these forces, genetic drift is expected to decrease within-
population genetic variation, while the between-population genetic variation may increase when
different alleles fixate across populations. Nonetheless, strong drift is generally considered to hinder
the implementation of local adaptation (Le Corre & Kremer, 2012), yet local adaptation remains an
important source of intraspecific genetic variation when selection pressures vary across
heterogeneous environment and species range. This is also expected in the presence of a substantial
asymmetry in gene flow, as it could result in a situation where the local population's genetic makeup
is overwhelmed ('swamping', Lenormand, 2002, but see Durkee et al., this issue; Sexton et al., this
issue). Nonetheless, gene flow could also facilitate adaptation by increasing local genetic diversity and
by decreasing the relative effect of genetic drift through the increase in effective population size (Ne).

Large Ne is crucial for safeguarding genetic diversity (Birger and Lynch, 1995; Frankham,
1995). Yet with climate change and related extreme events, populations may encounter more frequent
reductions and fluctuations in Ne over time (Holt, 1990; Pauls et al., 2013). Any decline in Ne can
compromise the effectiveness of selection compared to genetic drift (see Charlesworth, 2009 for a
review), thus increasing the likelihood of stochastically losing alleles, which can be problematic,
especially for those associated with fitness-related traits. Estimation of Ne through temporal methods
across contemporary time frames (referred to as ‘contemporary Ne’, Waples, 1989) offers a current
assessment of the relative influence of selective compared to neutral processes (Hare et al., 2011).
Amongst the methods using temporal data, the one based on allele frequency changes has been shown
to give more accurate inferences of contemporary Ne and to enhance the power to detect its declines
particularly when historical population sizes were large (e.g., Nadachowska-Brzyska et al., 2021; Reid
& Pinsky, 2022). Nonetheless, these methods usually neglect the effect that other evolutionary
processes have on allelic fluctuations (Jorde & Ryman, 2007). While these methods can be beneficial
for assessing Ne in spatially separated populations with minimal gene flow, their efficiency may
decrease when local gene flow occurs. Local gene flow from populations, even those not sampled, has
the potential to shape variation in allele frequency, implying that local Ne estimate may be confounded
with gene flow. In this scenario, a joint estimate of Ne and gene flow should be considered instead
(e.g., Wang & Whitlock, 2003).

Genome-wide screening of genetic variation supports that populations can adapt to local
environmental conditions despite substantial levels of genetic drift. Indeed, candidate loci for positive
selection have been identified in relatively small and structured populations (e.g., Funk et al., 2016;
Perrier et al., 2017; Leal et al., 2021; Pratlong et al., 2021), raising questions regarding the relative

contribution of selection and drift in such small populations. Additionally, genome scan approaches,



such as those using Fst, can be biased by high variance in Fst amongst loci as well as by processes other
than selection leading to spatial variation in allele frequencies (Storz, 2005; Bierne et al., 2013;
Lotterhos & Whitlock, 2015; Hoban et al., 2016). Apart from a spatial approach which comprises
samples from populations distributed across the space, selection can also be studied at the temporal
scale, by comparing data from different time points of a given population. Temporal genomics allows
distinguishing signatures of selection from neutral processes through the analysis of genomic variation
over time (see Clark et al., 2023 for a review). This framework offers valuable insights into the species’
adaptive response, by assessing adaptive patterns (e.g., Therkildsen et al., 2013a, b; Frachon et al.,
2017) and facilitating the monitoring of genetic erosion experienced by populations in response to
rapidly changing environments (Jensen & Leigh, 2022). The underlying premise of temporal genomics
is that alleles under selection exhibit a consistent directional trend in frequency variation, unlike the
random changes expected with genetic drift. Hence comparing temporal genetic differentiation
expected by genetic drift using simulations (Goldringer & Bataillon, 2004) or assessing temporal
covariance in allele frequencies (Buffalo & Coop, 2019, 2020), enables to explore the presence of any
response to contemporary selection. While the method of Buffalo & Coop (Buffalo & Coop, 2019, 2020)
appears more suitable for polygenic adaptation (very large number of loci with each having a small
effect on the trait), Fst methods are better suited when the trait under interest involves few loci under
strong selection.

The laminariales, commonly known as kelps, represent an interesting model for investigating
the interplay between selection and genetic drift in the contemporary evolution of populations facing
rapid climate warming. Climate warming has been identified as one of the leading causes behind
population declines, local extinctions and range shifts in kelp species (Araujo et al., 2016; Arafeh-
Dalmau et al., 2019; Filbee-Dexter et al., 2020). Evaluating the vulnerability of these cold-temperate
water species to local extinction requires a comprehensive understanding of their capacity to adapt to
warmer conditions. Recent studies on North Atlantic populations of Laminaria digitata have suggested
that range edges populations might exhibit lower sensitivity to heat stress compared to central ones
(Liesner et al., 2020; Schimpf et al., 2022). This is particularly true of the populations of Quiberon
(South Brittany), located at the species’ southern margin, and Helgoland (North Sea), a highly isolated
population situated at the edge of the South-Atlantic cluster (Liesner et al., 2020), where seawater
warming has intensified over the past few years (Pehlke & Bartsch, 2008). Although significant progress
has been made in understanding the genetic basis of heat tolerance in kelp species (Guzinski et al.,
2020; Mao et al., 2020; Vranken et al., 2021), identifying candidate loci for local adaptation by genome
scans from a spatial approach remains challenging due to high levels of neutral differentiation in these
species. Indeed, kelp species usually display considerable genetic structure attributed to limited
dispersal capacities and seascape features (Coleman et al., 2011; Brennan et al., 2014; Assis et al.,

2022; Fouqueau et al., 2023). This genetic structure can also be exacerbated in the presence of isolated



and marginal populations mainly characterized by low to moderate effective population sizes
(Fouqueau, 2021). Based on the current state of knowledge, the relative contributions of local
adaptation and phenotypic plasticity to the observed thermal tolerance are still uncertain for most
kelp species.

The primary objective of our study is to assess the relative contributions of local selection and
genetic drift in the contemporary evolution of the kelp Laminaria digitata across both spatial and
temporal dimensions. To achieve this, we used a reduced representation sequencing technique
(double digest Restriction site Associated DNA sequencing, or ddRAD-seq, Peterson et al., 2012) on
four populations, with three of these populations sampled at two-time points. Our objectives
encompassed the following aims: i) Assessing whether temporal genomics on contemporary scales can
be used to evaluate the relative contributions of genetic drift and selection within populations, ii)
Testing the hypothesis that the high rate of genetic drift which is expected in small and isolated
populations (Helgoland and Quiberon) may impede the efficiency of selection in these populations, iii)
Conducting genome scans for detecting footprints of adaptation to local thermal conditions. Overall,
our study introduces a novel framework, combining spatial and temporal genomics to gain deeper
insights into the contemporary evolution of this fundamental marine species in response to rapid

environmental changes.

2. MATERIAL AND METHODS

2.1 Model species and sampling

Similar to all laminarian kelps, Laminaria digitata follows a dioecious haplo-diplontic life cycle,
consisting of an alternation between microscopic haploid gametophytes (males or females) and
macroscopic diploid sporophytes. Sex determination takes place during meiosis, through a UV sexual
system (Coelho et al., 2018), while the diploid sporophyte remains asexual. The lifespan of sporophytes
was reported to be four to six years (Bartsch et al., 2008). As the gametophytes of kelp species are
microscopic and thus cannot be studied in the field due to technical constraints, our focus has been
made on the sporophyte stage of L. digitata. Sporophytes of L. digitata were sampled in four locations
spanning from the center to the southern margin of its north-eastern Atlantic distribution. The
sampling sites included Clachan, Scotland (CLA); Helgoland, Germany (HLG); Roscoff, France (ROS) and
Quiberon, France (QUI) (Table 1, Figure 1). Tissue samples of approximately 3 cm were collected from
30-40 sporophytes in the low intertidal zone at each site and were promptly stored in silica gel to
preserve their genetic material. For three out of the four populations (HLG, ROS, QUI), samples were
collected at two time points from the same site to capture changes in allele frequencies over time and
assess the relative influence of local selection and genetic drift. Given the lifespan of sporophytes and
the interval between samplings, temporal samples are separated by at least two generations. The first

set of samples was collected between 2005 and 2011, while the second set was collected in 2018.



Regarding the CLA population, samples were collected in 2008 and 2018 from two separate sites,
CLA_1 and CLA_2, which were approximately 20 km apart (Figure 1). Given the frequent observation
of genetic structure in this species at a scale of 1-10 km (e.g., Billot et al., 2003; Robuchon et al., 2014),
samples from CLA were treated as separate populations rather than two time points of the same

population.

2.2 Temperature data

Given the increasing evidence that temperature has the potential to trigger adaptive differentiation
among kelp populations (e.g., King et al., 2019; Liesner et al., 2020; Schimpf et al., 2022) sea surface
temperature (SST) appeared as the most relevant selective agent for assessing adaptive differentiation
in L. digitata. Daily mean SST were obtained from satellite observations spanning 37 years (1981-2018),
with a spatial resolution of 0.05° x 0.05° for QUI and 0.02° x 0.02° for the other sites (sourced from
E.U. Copernicus Marine Service, 2022). This long-term period was chosen to evaluate the trend and
intensity of climate warming in the studied populations and relate it to the contemporary adaptive
response. Warming was evaluated by performing a linear regression between time (measured in years)
and average SST of the warmest months (June, July and August) for each site. The PELT (Pruned Exact
Linear Time) algorithm, implemented in the changepoint v2.2.4 R package, was subsequently
employed to identify significant shifts in SST for each population and delimit two thermal periods: one
before and one after the significant shift. For each period, we subsequently defined the monthly
average SST of the warmest months (referred to as ‘highest mean SST’ hereafter), of the coolest
months (i.e., from January to March, and referred to as ‘lowest mean SST’ hereafter) and across the

seasons (‘mean SST’).

23 Library preparation, genotype and SNP calling

DNA extraction was performed on dried tissue preserved in silica gel from three to 16 years using the
Nucleospin R 96 plant kit Il (Macherey-Nagel, Diiren, Germany), following the manufacturer’s protocol.
Two double-digest RAD-sequencing libraries (ddRAD-seq, Peterson et al., 2012) were prepared, with
117 individuals for the first time point and 104 individuals for the second time point, including eight
replicates (i.e., eight samples with the same DNA extract but independent library preparation,
sequencing, read mapping, and SNP calling) in each population and time point. Individuals were
randomly distributed across libraries, along with 355 samples of distinct projects to prevent batch
effects and ensure library diversity. Library preparation was conducted according to Reynes et al.,
(2021), using 100 ng of DNA and the Pstl and Hhal enzymes (NEB). Paired-end 150 reads were obtained
by sequencing the libraries on an lllumina Hiseq 4000 platform (Génome Québec Innovation Centre,
McGill Univ., Montreal, Canada). Quality control of raw reads and adaptor removal was performed

using FASTQC v.0.11.7 (Andrews, 2010) and Trimmomatic (Bolger et al., 2014), respectively.



Demultiplexing was carried out using process_radtags with default parameters, implemented in the
Stacks v.2.52 pipeline. Individual paired-end reads were trimmed to 137 bp using Trimmomatic (Bolger
et al., 2014) and mapped to the draft genome of L. digitata (Dryad Digital Repository, see Data
Availability Statement) using BWA-mem with default parameters in BWA v.0.7.17 (Li & Durbin, 2009).
The N50 of the genome is 9.9 Mb with a genome assembly size of ~470 Mb among 671 555 scaffolds.
Uniquely mapped reads were retained with SAMtools v.1.13 (Danecek et al., 2021). Generated BAM
files were processed for SNP calling using the reference mode of the Stacks v.2.52 pipeline (Catchen et
al., 2011, 2013; Rochette et al., 2019). Genotyping and SNP calling were carried out separately for each
time point, and the shared SNPs between temporal datasets were selected before merging individuals
across these SNP positions. The bcftools isec and bcftools merge functions of BCFtools v.1.9 (Danecek
etal., 2021) were used for these steps. Post-call filtering of SNPs was performed on the merged dataset
by keeping SNPs with a call rate >90% per population in one or more populations using
pop_missing_filter.sh of the dDocent pipeline (Puritz et al., 2014). Problematic individuals (n = 23)
having a call rate below 80% were discarded. Filtering based on mean read depth (DP) and minor allele
frequency was executed using vcftools v.0.1.16 (Danecek et al.,, 2011), with specific parameters
indicated in Table 2. To address the effects of excessive linkage disequilibrium (LD) between loci, SNPs
with a square correlation (r?) > 0.2 were removed using PLINK v.1.9 (Chang et al., 2015). The calculation
of r*values was performed separately for each population to separate the effects of physical proximity
among SNPs from the effects of population structure in LD patterns. SNPs with r? values exceeding the
threshold in all populations were discarded (Table 2). After all post-filtering steps, a total of 2 854 SNPs
remained among 190 individuals (excluding the eight replicates). Genotyping concordance was
assessed in this dataset by calculating the SNP error rate between replicate pairs following Mastretta-

Yanes et al., (2015).

24 Genetic differentiation

An analysis of molecular variance (AMOVA) implemented in Arlequin v.3.11 (Excoffier et al., 2005),
with 10 000 permutations was performed to test for temporal changes. We tested for changes in
genetic variation between two time periods for each of the three populations that were resampled
over time (HLG, ROS, QUI). Spatial and temporal genetic differentiation was quantified by calculating
Fst (Weir & Cockerham, 1984) using the R package diveRsity v.1.9.90 (Keenan et al., 2013). Genic
differentiation was tested with an exact test in GENEPOP v.4.7.5 R package (Raymond & Rousset, 1995)
with the Markov chain method and default parameters. A combination of all tests across loci was
performed using Fisher’s method. Genetic structure was investigated using the SNMF (sparse Non-
Negative Matrix Factorization) algorithm implemented in the R package LEA v.2.8 (Frichot et al., 2014;
Frichot & Frangois, 2015). The analyses involved 10 000 iterations and 20 repetitions, with K ranging

from 1 to 16. The best K value was determined based on the cross-entropy criterion. A complementary



analysis of genetic structure was performed using a principal component analysis (PCA) on SNP
variation, with the R packages Bigsnpr v.1.3.0 and Bigstatsr v.1.2.3 (Privé et al., 2018). Missing
genotypes were imputed by replacing them with the average allele frequencies before performing the

PCA.

2.5 Genetic diversity and effective population size

Genetic diversity within populations was estimated using the complete set of 2 854 SNPs. Expected
heterozygosity (He), and observed heterozygosity (Ho) were estimated using the R package diversity.
Differences in He between populations and time points were tested using pairwise Wilcoxon tests,
with adjustment for multiple comparisons using the Bonferroni method. The proportion of
polymorphic loci (P%) within each population and time point, has been computed with a custom bash
script. A confidence interval on P% was calculated by randomly sampling 20 individuals with
replacement within populations, and iterating this procedure 100 times. The extent of local genetic
drift in temporal differentiation was additionally assessed by investigating whether the minor allele
was retained over time given its frequency at the initial time point.

The contemporary effective population size (Ne) was estimated using temporal variance in allele
frequencies with three methods: two methods based on F-statistics, Fc (Nei & Tajima, 1981) and Fs

(Jorde & Ryman, 2007), and a likelihood estimator (Wang & Whitlock, 2003), known for its improved
precision and accuracy in the presence of rare alleles (Wang, 2001). The software Neestimator v.2.1
(Do et al., 2014) was used for methods based on F-statistics and MLNe v.2.0 (Wang & Whitlock, 2003)
for the likelihood approach. The 95% confidence intervals of the likelihood estimate and moment of
the F-statistics were also calculated. Ne estimations were performed considering the plan Il sampling
procedure, which assumes that individuals are sampled before reproduction and are not returning to
the population (Waples, 1989). Finally, given the L. digitata lifespan and the interval between
samplings, we assumed that two generations had passed between the time points. Ne was estimated
twice: first, including both neutral and outlier SNPs, and second, by excluding spatial outliers detected
by at least two genome scan methods. These spatial outliers are more likely to be influenced by strong

directional selection.

2.6 Outlier detection across space

Outlier tests based on spatial differentiation were conducted to identify loci exhibiting high spatial
differentiation, potentially deviating from neutral expectations, and indicating the possible influence
of local selection. These outlier tests were performed separately for each time point and included
individuals from CLA_1 (2008) and CLA_2 (2018). Three different methods were employed for outlier

detection across space. We first used the Bayesian approach of Beaumont & Balding (2004)



implemented in BayeScan 2.1 (Foll & Gaggiotti, 2008). The program was run with different prior odds
(3,5, 10 and 100) with 20 pilot runs of 5 000 iterations each, followed by a burn-in of 50 000 iterations
and 5 000 samplings. We then ran a PCA using the R package pcadapt (Luu et al., 2017) to assess the
contribution of each SNP to the K principal components (PCs). Lastly, we used the OutFLANK v.0.2
software (Whitlock & Lotterhos, 2015) to identify outliers by comparing differentiation at each SNP
against a trimmed null distribution of Fsr values. OutFLANK was run with LeftTrimFraction = 0.55 and
RightTrimFraction = 0.10. To account for multiple testing, the p-values obtained from each method
were corrected using the R package qvalue v.2.18, with a threshold set at 0.10. Overlapping outlier

SNPs across methods and datasets were analyzed using jvenn (Bardou et al., 2014).

2.7 Outlier detection across time

Outlier tests were conducted between time points to distinguish the effects of selection from genetic
drift in allele frequency changes. First, we simulated SNP frequencies over two generations using SLiM
3 (Haller & Messer, 2019) to assess whether the observed patterns of temporal differentiation are
consistent with those expected by genetic drift. For each simulated SNP, the frequency estimated in
the population at the first time point was used as the SNP frequency at the beginning of the simulation.
For each population, the simulations were iterated 5 000 times. We assumed panmictic reproduction
and neglected mutation and migration. The simulations lasted two generations, according to the
aforementioned time interval between sampling points. For each of the three populations (HLG, ROS,
QUI), simulations were conducted using the lowest and highest estimates of Ne based on temporal
methods and by assuming constant population size over time. At the end of simulations, N individuals
were sampled, with N corresponding to the sampling size reported (see Table 1). This framework
served as a baseline for detecting candidate loci undergoing directional selection, as they would exhibit
higher temporal differentiation than expected under neutral evolution. The vcf output files including
empirical and simulated SNPs (5 000 files for each population and Ne scenario) were processed using
vcftools to calculate pairwise Fsr. Finally, the p-value of the outlier test at a focal SNP was computed
as the proportion of simulated Fsrthat was equal to or larger than the observed Fsr. This was performed

using a custom R script, which is accessible at https://lauricreynes.github.io/Temporal-genomics/. In

the main manuscript we will only show the results obtained from the outlier test ran on the high Ne
scenario which is expected to underestimate the level of drift. However, the results were similar when
using the low Ne scenario (Supplementary S1). We additionally compared our simulation to the
method implemented in TempoDiff, which also aims to distinguish neutral from selected
polymorphisms using temporal differentiation (Frachon et al., 2017). We also ran BayeScan, OutFLANK

and pcadapt using the same parameters as reported in the section ‘Outlier detection across space’.


https://lauricreynes.github.io/Temporal-genomics/

The p-values of the tests were corrected for multiple testing before conducting an overlap analysis

among methods, as described in the previous section.

2.8 SNPs-temperature associations

The association between SNPs and temperature was investigated across space using a logistic
regression framework, focusing specifically on SNPs identified as outliers by at least two tests across
different geographical locations (see previous section ‘Outlier detection across space’). In the context
of strong directional selection, logistic regression best meets the assumptions underlying a sigmoidal
pattern compared to linear regression (Rellstab et al., 2015). Logistic regression was applied to the
presence or absence of the alternative allele, respectively coded as 0 or 1 for individual genotypes. As
we aimed to detect signals of local selection across populations, the analysis was conducted using the
complete set of individual genotypes, associating them with SST parameters corresponding to those
estimated for each period (T1 and T2; see Table 3). SST predictors included the ‘highest mean SST’,
‘lowest mean SST’ and ‘mean SST’. To account for potential false positives stemming from shared
ancestry, the first five PCs of SNP variation were incorporated as covariates in the logistic regression
model. The logistic regression was carried out using the gIlm R function, specifying binomial variance
and a logit link function. To refine the model and select the most relevant predictors, a stepwise
variable selection procedure based on the Akaike Information Criterion (AIC) was performed in both
forward and reverse directions using the stepAlIC function from the MASS R package. The fitting of the
model was evaluated using McFadden's pseudo R-squared, a commonly used metric for assessing the
goodness of fit. Given that logistic regression was performed ‘n’ times, corresponding to the number
of outlier SNPs, a strict Bonferroni correction was applied to adjust for multiple testing (P < 0.05/n).
Only models for which at least one SST predictor showed a significant p-value after correction were
retained. From the coefficients (slopes) of the fitted models, odds ratios and confidence intervals were
estimated for each predictor. The fitted model's predictions were then visualized and compared to the

observed data.

2.9 Gene ontology analysis

Candidate loci identified through outlier tests across space and time by at least two methods were
subjected to functional annotation using Omics Box v.1.3.11 (Go6tz et al., 2008). Initially, candidate loci
were annotated using the NCBI Basic Local Alignment Search Tool (BLAST, Johnson et al., 2008) with
the non-redundant protein sequences database. The BLASTx approach was employed, with a specific
focus on Phaeophyceae sequences. The resulting BLAST hits were further mapped using InterProScan
(Zdobnov & Apweiler, 2001) and Gene Ontology (Ashburner et al., 2000). Finally, both analyses were

merged to obtain comprehensive functional annotation for candidate loci.



3. RESULTS

3.1 Warming trends

Sea Surface Temperature (SST) recorded between 1981 and 2018 displayed noticeable variations
among the investigated populations. The ‘highest mean SST’ varied from 13°Cin CLA to 17.7°Cin HLG
and QUI (Table 3), and the ‘lowest mean SST’ was the lowest in HLG (around 4°C), indicating that the
latter population experienced the greatest variation over a season. Populations in Brittany experienced
the most temperate winter period, with SST never dropping below 9.3°C (Table 3). In each studied
population, a substantial rise in SST was observed over 37 years, illustrating the impact of global
warming in that area. Rise in SST was particularly notable in HLG, in which the ‘highest mean SST’
increased by 0.048°C / year according to the linear regression (estimate = 0.048, sd = 0.009, p-value <
0.0001, R%adj = 0.18, Figure 2). This trend contrasted with those reported in Brittany, for which the
model estimated an average increase of 0.013°C / year in ROS (estimate = 0.013, sd = 0.004, p-value =
0.004, R%adj = 0.07) and 0.009°C / year in QUI (estimate = 0.009, sd = 0.004, p-value = 0.035, R%adj =
0.03), respectively. Given that SST increase was variable among the studied populations, the Pruned
Exact Linear Time (PELT) method identified distinct changepoints when splitting the 37 years into two.
These changepoints varied across populations between the years 1993 (QUI) and 2004 (HLG) (Table 3,

see period).

3.2 Sequencing, SNP filtering and data quality

A total of 98.7 million reads were obtained for the first time point and 327 million reads for the second
time point. The individual proportion of mapped reads was on average 86.6% for the first time point
and 95.5% for the second time point. Both the count of high-quality reads and the mapping rate were
significantly lower in the first time point compared to the second time-point (Wilcoxon test, p-value <
0.001). As a result, SNPs were approximately 8.3 times higher for the second time point (644 794 SNPs)
compared to the first time point (77 193 SNPs). After filtering for shared loci between time points, with
a call rate >90% per population in one or more populations, a total of 4 151 SNPs was retained (Table
2). Quality filtering, including individual missingness, read depth, minor allele frequency (MAF), and
linkage disequilibrium further refined the dataset to a final set of 2 854 SNPs across 190 individuals,
excluding eight technical replicates (Table 2). The analysis of the eight replicates indicated a high level
of genotype concordance for the set of 2 854 SNPs, which was consistent across both time points. The
SNP error rate ranged from 0.007 to 0.036 for the first time point and from 0 to 0.02 for the second
time point (Table S1). The mean read depth was 16.7 X + 17.9 SE for the first time point and 22.5 X £
14.2 SE for the second. Despite slight differences in sequencing depth between the two time points,

we found no significant difference in individual heterozygosity (Wilcoxon test, p-value = 0.23).



3.3 Genome-wide genetic diversity

The expected heterozygosity (He) was significantly different between sites (Wilcoxon test, p-value <
0.001). The northern populations (CLA_1 and CLA_2) showed the highest heterozygosity (He = 0.103
and He = 0.109 for CLA_1 and CLA_2, respectively), which was seven times higher than for HLG (He =
0.015 and He = 0.013 for T1 and T2, respectively). Furthermore, He values in CLA_1 and CLA_2 were
1.5 to 2.7 times higher compared to those observed in Brittany (ROS and QUI, respectively, Table 1).
Regarding genetic diversity over time, He slightly decreased (~2%) in HLG (Wilcoxon test over SNPs, p-
value < 0.001), while its slight increase in Brittany was statistically significant for QUI (p-value = 0.047)
but not for ROS (p-value = 0.13). The decline (~3%) in the proportion of polymorphic loci was only
reported in HLG (Table 1), further supporting its overall decrease in genetic diversity. Regarding, allelic
variation over time, the proportion of minor alleles (MAF < 0.05) not detected at the second time point
differed across populations: HLG (0.69), ROS (0.27) and QUI (0.47) (Figure 3). In addition, the
proportion of alleles occurring at higher frequencies (MAF > 0.05) at the first time point and not

detected at the second was more pronounced for HLG (0.27) than for ROS (0.03) and QUI (0.10).

3.4 Genetic structure

The AMOVA analysis conducted using the complete SNPs dataset revealed that variation was primarily
attributable to variance within individuals (81%, p-value < 0.001) and secondly between populations
(21%, p-value=0.002), while the effect of time was not significant (-0.61%, p-value = 0.708, Table 4).
The average Fst values among populations ranged from 0.196 to 0.221 for the first and second time
point, respectively. When excluding CLA_1 and CLA_2, the average Fsr values were 0.100 and 0.129 for
the first and second time points, respectively. All pairwise Fsr values in space were greater than or
equal to 0.078 with a maximum of 0.297 observed between CLA_2 and the second time point of HLG
(Table S2). All pairwise tests of genic differentiation for spatial comparisons were significant (p-values
< 0.001), while none of the tests were significant for temporal comparisons (p-values = 1). This latter
result is consistent with the fact that pairwise temporal Fsr values were close to zero (Table S2). The
lack of significant differentiation over time was further confirmed by the Sparse Non-negative Matrix
Factorization (sNMF), as there was no grouping by date and no important change in genetic structure
between time points (Figure S1). When considering the most informative number of clusters according
to the minimum cross-entropy criterion (K = 5), individuals were grouped by sites, with an additional

distinction between CLA_1 and CLA 2.

3.5 Candidate SNPs for local selection in space
Among the 261 outliers (9.1 % of the total) identified by at least one method, 97 (3.4% of the total)
were shared between time points, illustrating that genetic differentiation at these SNPs was conserved

over time. On the other hand, 47 SNPs were exclusively detected in the first time point, and 88 SNPs



in the second. Interestingly, 36 of the SNPs detected in space were also identified as outliers by the
temporal data-based tests. To reduce the number of false positives, we further considered only those
SNPs that were detected by at least two out of the three detection methods in space. By doing so,
none of the 47 outlier SNP remained for the first time point, while 16 out of the 88 outlier SNPs
remained for the second. Among these 16 SNPs, 15 were detected by both OutFLANK and pcadapt,
and only one SNP was detected by all three methods (OutFLANK, pcadapt and BayeScan).

3.6 Ne is closely related to temporal outliers

When searching for temporal outliers, 149 SNPs (5,2% of the total) were identified by at least one
method: TempoDiff, OutFLANK, or the simulation framework. BayeScan and pcadapt did not detect
any outliers. The outlier tests based on our simulation framework reported the occurrence of 131 SNPs
with Fst values higher than the neutral expectations (Figure 4). Among the 53 SNPs detected by
TempoDiff, 35 were identified by the simulation framework, including 13 SNPs that were detected by
all three methods. When solely considering the SNPs detected by at least two methods, the number
of outlier SNPs decreased to 38, among which 23 were detected in ROS, 15 in QUI and none was
detected in HLG (Figure 5). Interestingly, the absence of temporal outliers was observed in the
population with the lowest effective size. Temporal estimates of Ne indicated that the HLG population
had the smallest Ne values compared to those reported at ROS and QUI. Although Ne estimates varied
depending on the estimator used, and whether spatial outliers were considered in the estimation of
Ne or not (see Table 5), all estimators followed this trend and underscored the small effective size of
the HLG population. Considering observed heterozygosity (Ho) for outlier SNPs reported in ROS and
QUI, Ho increased over time from 0.125 to 0.192 for ROS and from 0.087 to 0.184 for QUI. Further
analyses of allele frequencies indicated that the increase in Ho was primarily attributed to an increase
in low-frequency variants between time points. Specifically, the Minor Allele Frequency (MAF)
increased on average from 0.07 to 0.23 in QUI and from 0.07 to 0.14 in ROS (Figure S3). This pattern
starkly contrasted with the low Ho values observed in HLG, which decreased from 0.033 to 0.021 over

time.

3.7 SNPs-temperature associations

We conducted a logistic regression to analyze the occurrence of the alternative allele as a function of
sea surface temperature (SST) predictors, for the 16 SNPs identified as outliers in the spatial analysis.
This analysis indicated that three of these 16 SNPs were correlated with SST predictors. However, after
applying correction for multiple testing, two of these remained statistically significant (P<0.003) and
correlated with the ‘highest mean SST'. Among the principal components (PCs) of genetic variation,
only PC1 remained statistically significant after applying correction for multiple testing. PC1 was

associated with three SNPs out of the 16 that were different from the ones correlated with SST



predictors. The 10 remaining SNPs did not show any significant associations with either the PCs of
genetic variation or the SST predictors. A summary of the model with predictor significance after
conducting a stepwise variable selection procedure is presented in Table S3. The GLM for the two SNPs
correlated to the ‘highest mean SST’, predicted an increase in the occurrence of the alternative alleles
as the ‘highest mean SST’ increased (Figure 6). This aligns with the expectation in cases where
directional selection favors different alleles in different populations. However, the response curves of
the GLMs are relatively contrasted between these SNPs, suggesting that SST may not have the same
effect on their alternative alleles. For instance, the response curve of the SNP ID ‘144563:157’ indicated
that an increase of one unit in the ‘highest mean SST’ raised the probability of the alternative allele's
presence by 8.03 (OR =8.03;95% Cl: 4.42-21.7; P < 0.003). This is supported by empirical observations,
which highlight that the alternative allele at this SNP is nearly absent when the ‘highest mean SST’ is
lower than 15°C, as observed in CLA (Figure 6), and increases in frequency until reaching fixation at
17.5°C, as observed in QUI. In contrast, the response curve of the second SNP (ID ‘71212:99°), indicated
that both reference and alternative alleles are predicted to co-occur in equal frequency at intermediate
temperatures, gradually increasing or decreasing in frequency with rising or falling temperatures

(Figure 6).

3.8 Gene ontology

Functional analyses were conducted using the OmicsBox 2.2.4/Blast2GO pipeline, focusing on 53 loci
with SNPs detected as outliers in space (16 SNPs) and time (38 SNPs), identified by at least two
methods. Out of these 53 loci, eight showed significant hits in the BLASTX search against the UniProt
database. The top hits were associated with brown algae of the Ectocarpus genus, featuring e-values
ranging from 2.8E-4 to 6.4E-19. Six of the targeted loci were annotated to diverse Gene Ontology terms
(see Table S4). In the context of spatial outlier SNPs, particularly the locus with ID ‘71212’, which
demonstrated correlation with the ‘highest mean SST’ in SNPs-temperature associations, functional
annotation revealed associations with domains involved in lipid transport and cellular anatomical
entity. The remaining three annotated loci associated with spatial outlier SNPs were linked to functions
involving membrane structures, oxidoreductase activity, and methyltransferase activity. Regarding the
three annotated loci associated with temporal outlier SNPs, the analysis indicated specific functions
ranging from phosphorylation and kinase activity to mismatch repair and RNA polyadenylation (Table

s4).



4. DISCUSSION

We studied the contemporary evolution of populations of the kelp Laminaria digitata by examining
spatial and temporal genetic variation. While the detection of outlier SNPs through space, partly linked
to Sea Surface Temperatures (SST), pointed out that temperature may drive adaptive response,
temporal genomics offered further insights into the efficiency of selection relative to genetic drift. With
the support of these spatial and temporal analyses, we delve into a detailed discussion regarding how

the studied populations are currently responding to the challenges posed by climate change.

4.1 Adaptive potential at the southern margin

Analyses of changes in SST indicate that the studied populations experienced distinct thermal
regimes that gradually became warmer over the study period. Nevertheless, our findings revealed
variations in warming trends across populations, suggesting that vulnerability to climate change and
selection for climate-related traits may not occur uniformly throughout the species' geographical
range. While our results emphasized the moderate effective size (Ne) of the southernmost population
(Quiberon) compared to the core one (Roscoff), we expected that selection efficiency would be
reduced at the southern margin. This hypothesis aligns with theoretical expectations and is
corroborated by previous studies on L. digitata, which reported low within-population variation for
Quiberon using microsatellites (Oppliger et al., 2014; Robuchon et al., 2014; Liesner et al., 2020).

Even though Ne was smaller for Quiberon than Roscoff, we did not detect any evidence of
reduced adaptive potential in Quiberon. This is supported by the detection of two types of candidate
loci: i) loci exhibiting high spatial differentiation and potentially associated with SST, and ii) loci showing
greater temporal differentiation than expected under genetic drift alone. Additionally, some of these
candidate loci were shown to be linked to metabolic and cellular functions that might be involved in
adaptive responses, such as variations in thermal regimes. Our findings, therefore, support that SST
may drive the adaptive response of L. digitata, in line with previous heat stress experiments conducted
on the same populations (Liesner et al., 2020; Schimpf et al., 2022) and genome scans from other kelp
species (Guzinski et al., 2020; Mao et al., 2020; Vranken et al., 2021). Nonetheless, confounding factors
may also be at play, such as the phylogeographical history of the species along the north-eastern coast
of the Atlantic which would split the studied populations into two different clusters (Neiva et al., 2020).
In this context where genetic structure complicates the inference of selective loci (see Bierne et al.,
2013), our temporal genomics framework, applied over a short time interval, offered further insights
on the detection of non-neutral loci.

The identification of temporal outliers over a short period, particularly during a period marked
by climate warming, raises questions about the role of SST in driving temporal differentiation.
Nonetheless, despite a moderate increase in SST over the study period at Quiberon, temporal outliers

were mainly observed in this population. Several hypotheses can be advanced to explain this



observation: (i) Other selective factors besides SST may be influencing the observed temporal
differentiation. (ii) Fine-scale variations in temperature, especially in coastal areas, may not be
adequately captured by the available SST data. (iii) Genetic differentiation could potentially be a
reflection of significant changes in SST that occurred before the study period. Regarding the latter
assumption, genetic differentiation at Quiberon may indeed reflect a gradual response to selective
pressures imposed by climate change over successive generations. This aligns with the theory that
populations' adaptation lags (see Martin et al., 2013 for a review) increase with marginality while
stronger intensity is predicted at the species' warm margin (Hampe & Petit, 2005; Fréjaville et al.,

2020).

4.2 The role of genetic drift in shaping genetic variation

The study of the population from the island of Helgoland gave contrasting results compared
to Quiberon. Similar climate-related selective pressures were expected in Quiberon and Helgoland as
both populations experienced warmer SST (Derrien-Courtel et al., 2013) and were shown to exhibit
slightly higher thermal tolerance than populations from the cool margins (Liesner et al., 2020).
However, Helgoland exhibited the lowest level of genome-wide genetic diversity among the
populations included in this study and its diversity tended to decrease over time. In addition, candidate
loci with elevated temporal differentiation were rare in Helgoland, even absent when considering
those detected by at least two genome scan methods. The high environmental variability observed in
this population may have led to increased plasticity for a wide range of temperatures, thereby reducing
the selection pressure and explaining the rarity of temporal outliers. Another explanation is the
detrimental effect of accelerated warming, surpassing that of the other sites, and leading to major
demographic reduction. The high incidence of genetic drift in this population was evidenced by a
reduction in the number of polymorphic loci over time, mainly marked by the loss of low-frequency
alleles. This is in line with earlier studies which have shown low levels of genetic diversity at
microsatellites loci (Liesner et al.,, 2020; Fouqueau, 2021) and patterns of local adaptation to
temperature that became less clear when including gametophytes from Helgoland rather than
Quiberon (Schimpf et al., 2022). This genetic impoverishment likely results from a smaller effective
population size and/or geographical isolation (Blows & Hoffmann, 1993; Johannesson & André, 2006;
Eckert et al., 2008; Pilczynska et al., 2019), potentially exacerbated by climate change. For instance,
Bartsch et al., (2013) noted that the prevailing SST of approximately 18°C in August inhibited the
summer reproduction of the species in Helgoland. Furthermore, climate change appears to have
played a major role in the substantial biomass decline of L. digitata (in terms of sporophytes) observed
between 1970 and 2005 in Helgoland, as reported by Pehlke and Bartsch (2008). The demographic and
genetic erosion observed here does not appear to be limited to L. digitata alone. The kelp Saccharina

latissima also experienced low levels of genetic diversity, as evidenced by both microsatellites and



SNPs (Guzinski et al., 2020). The contemporary response of kelp populations in Helgoland could serve
as a valuable model for gaining insight into how kelp populations might respond to climate change,
particularly for small and fragmented populations already damaged by high rates of genetic drift (e.g.,

Arizmendi-Mejia et al., 2015; Crisci et al., 2017).

4.3 Technical considerations

DNA damage can be a concern in temporal genomics studies, particularly when they have been
carried out on historical samples (Dehasque et al., 2020; Therkildsen et al., 20133, b). In our study, the
decrease in the number of reads and SNPs in the oldest samples compared with the most recent ones
may be the result of lower DNA quality for the oldest time points. As shown by our results, this implies
that only a small proportion of the loci sequenced at the second time point was recovered at the first
time point. Although this reduces the amount of data to study temporal genetic changes at putatively
selected loci, our filtering strategy, by retaining SNPs shared between time points with enough allele
depths, together with an analysis of genotype concordance at each time point, allows us to conclude
that DNA damage is not relevant here to explain temporal genetic changes. An important aspect of
this study is that the earliest sampling point did not occur in the same year for all populations due to
practical constraints. We expect to enhance our ability to assess the effects of climate change on
genetic variation by increasing the interval between sampling periods. In contrast, reducing the
interval between samplings or delaying the initial sampling until after significant climatic changes have
occurred may limit such investigations, as the genetic makeup of the sampled generations could
already be influenced by climate change. However, our results highlighted that temporal outlier SNPs
were detected in Roscoff and Quiberon, even though both populations had the shortest interval
between samplings. This underlines that temporal genomics spanning two or three generations can be

highly valuable in detecting ongoing selection, especially in species with short generation times.

44 Beyond selection: factors influencing temporal outliers

By investigating genetic variation among the sporophyte stage, our study only captures half of
the species’ biphasic life cycle. Gametophytes have the potential to persist as a genetic bank of
microscopic forms (e.g., Edwards, 2000; Bartsch et al., 2013) and are generally associated with higher
thermal resistance than sporophytes (Bolton & Liining, 1982). Both of these characteristics suggest
that gametophytes may serve as a buffer, retaining genetic variation when episodes of heatwave cause
a severe bottleneck in the sporophytic population. Although the importance of gametophytes in
preserving the evolutionary potential is still poorly understood (see Veenhof et al., 2022 for a review),
our results rather question the idea that gametophyte stages represent important hidden genetic

variance. Indeed, if the population of Helgoland has been replenished from its microscopic forms as



suggested by Bartsch et al., (2013), the observed low genomic variation suggests that a restricted
number of gametophytes might have contributed.

Finally, it is important to discuss the assumptions that were made for estimating contemporary
Ne and detecting temporal outliers. Firstly, we assumed that temporal samples were separated by two
sporophytic generations, whichever the populations, although life spans of L. hyperborea sporophytes
are shortened at warmer temperatures (Bartsch et al., 2008). Yet when considering three generations
rather than two, the effect of genetic drift might have been underestimated. This is especially of
concern for the southernmost population which is confronted with the warmest climate. However,
given that loci detected by at least two methods of temporal genome scans exhibited Fsr values
exceeding 2.4 to 3 times the threshold of neutral expectation, this effect should be minimized here.
Secondly, we made the assumption of isolated populations for estimating Ne. However, signatures of
elevated temporal differentiation may be expected in the presence of substantial levels of gene flow
(e.g., Therkildsen et al., 2013a, b). While the effect of gene flow from unsampled populations in the
detection of temporal outliers cannot be ruled out, gene flow is still expected to be extremely limited
among local populations (Fouqueau et al.,, 2023). Gene flow is anticipated to exert substantial
influences on allele frequencies within species characterized by genetic structure operating at the scale
of a few kilometers. While our results indicate that temporal differentiation was not significant when
considering the full set of SNPs, this does not rule out the possibility that there have been moderate
changes in allele frequencies due to local gene flow. Further analysis using chromosome-wide
assembly will be necessary to determine whether temporal outlier SNPs are clustered in the same
genomic regions or distributed randomly across distinct regions. While careful interpretation is
essential regarding temporal genetic changes, selection remains the most pertinent factor for

explaining the detection of temporal outliers in L. digitata populations.”

4.5 Conclusion

Our spatio-temporal study on Laminaria digitata populations has provided valuable insights
into the species' contemporary evolution. We have documented contrasting evolutionary responses,
highlighting the variability in how populations react to the challenges imposed by climate change. This
understanding has been significantly bolstered by temporal genomics, which provided a more detailed
view of the interplay between genetic drift and selection in contemporary times. Given the high threat
that climate warming poses to kelps and other marine foundation species, we anticipate that spatio-
temporal genomic frameworks will become more common, encouraging monitoring and guiding

conservation efforts.



Acknowledgements

This work is especially dedicated to the memory of Gernot Gléckner who contributed to the
sequencing of Laminaria digitata genome and passed away in very recent time. This work was funded
by the EU project MARFOR Biodiversa/004/2015. LF was additionally funded by the Region Bretagne
(ARED 2017 REEALG) and the NOMIS foundation. The authors thank the ABiMS platform of the Roscoff

biological station (http://abims.sb-roscoff.fr) for providing the HPC resources that contributed to the

search results reported in this document. We also acknowledge the staff of the "Cluster de calcul
intensif HPC" Platform of the OSU Institut Pythéas (Aix-Marseille Université, INSU-CNRS) for providing
the computing facilities. The project leading to this publication has received funding from EC2CO

(CNRS) fund and from European FEDER Fund under project 1166-39417.

Competing interests

The authors declare no competing interests.

Data Availability Statement
Individual high-quality reads (paired-end reads) generated in the present study (fg.gz files) and the
filtered VCF file can be accessed via the Dryad repository at https://doi.org/10.5061/dryad.tb2rbp064.

Additionally, the scaffolds assembly of the Laminaria digitata genome, utilised for read mapping and
produced by Gernot Glockner, is also available in the same repository. Furthermore, the custom R
script developed for identifying temporal outlier SNPs, along with the Fsr datasets comparing observed
and  simulated Fst  between time points, can be found on GitHub at

https://doi.org/10.5281/zenodo.10946282.



http://abims.sb-roscoff.fr/
https://doi.org/10.5061/dryad.tb2rbp064

REFERENCES

Andrews, S. (2010). FastQC: a quality control tool for high throughput sequence data. (0.11.7)
[Computer software]. http://www.bioinformatics.babraham.ac.uk/projects/fastqc

Arafeh-Dalmau, N., Montano-Moctezuma, G., Martinez, J. A., Beas-Luna, R., Schoeman, D. S., &
Torres-Moye, G. (2019). Extreme Marine Heatwaves Alter Kelp Forest Community Near Its
Equatorward Distribution Limit. Frontiers in Marine Science, 6.
https://www.frontiersin.org/articles/10.3389/fmars.2019.00499

Araujo, R. M., Assis, J., Aguillar, R., Airoldi, L., Barbara, ., Bartsch, I., Bekkby, T., Christie, H., Davoult,
D., Derrien-Courtel, S., Fernandez, C., Fredriksen, S., Gevaert, F., Gundersen, H., Le Gal, A.,
Lévéque, L., Mieszkowska, N., Norderhaug, K. M., Oliveira, P., ... Sousa-Pinto, |. (2016). Status,
trends and drivers of kelp forests in Europe: An expert assessment. Biodiversity and
Conservation, 25(7), 1319-1348. https://doi.org/10.1007/s10531-016-1141-7

Arizmendi-Mejia, R., Linares, C., Garrabou, J., Antunes, A., Ballesteros, E., Cebrian, E., Diaz, D., &
Ledoux, J.-B. (2015). Combining genetic and demographic data for the conservation of a
Mediterranean marine habitat-forming species. PloS One, 10(3), €0119585.
https://doi.org/10.1371/journal.pone.0119585

Ashburner, M., Ball, C. A., Blake, J. A., Botstein, D., Butler, H., Cherry, J. M., Davis, A. P., Dolinski, K.,
Dwight, S. S., Eppig, J. T., Harris, M. A,, Hill, D. P., Issel-Tarver, L., Kasarskis, A., Lewis, S.,
Matese, J. C., Richardson, J. E., Ringwald, M., Rubin, G. M., & Sherlock, G. (2000). Gene
Ontology: Tool for the unification of biology. Nature Genetics, 25(1), Article 1.
https://doi.org/10.1038/75556

Assis, J., Neiva, J., Bolton, J. J.,, Rothman, M. D., Gouveia, L., Paulino, C., Mohdnasir, H., Anderson, R.
J., Reddy, M. M., Kandjengo, L., Kreiner, A., Pearson, G. A., & Serrdo, E. A. (2022). Ocean
currents shape the genetic structure of a kelp in southwestern Africa. Journal of
Biogeography, 49(5), 822—835. https://doi.org/10.1111/jbi.14338

Bardou, P., Mariette, J., Escudié, F., Djemiel, C., & Klopp, C. (2014). jvenn: An interactive Venn
diagram viewer. BMC Bioinformatics, 15(1), 293. https://doi.org/10.1186/1471-2105-15-293

Bartsch, I., Vogt, J., Pehlke, C., & Hanelt, D. (2013). Prevailing sea surface temperatures inhibit
summer reproduction of the kelp Laminaria digitata at Helgoland (North Sea). Journal of
Phycology, 49(6), 1061-1073. https://doi.org/10.1111/jpy.12125

Bartsch, I., Wiencke, C., Bischof, K., Buchholz, C. M., Buck, B. H., Eggert, A., Feuerpfeil, P., Hanelt, D.,
Jacobsen, S., Karez, R., Karsten, U., Molis, M., Roleda, M. Y., Schubert, H., Schumann, R.,
Valentin, K., Weinberger, F., & Wiese, J. (2008). The genus Laminaria sensu lato: Recent
insights and developments. European Journal of Phycology, 43(1), 1-86.
https://doi.org/10.1080/09670260701711376

Beaumont, M. A., & Balding, D. J. (2004). Identifying adaptive genetic divergence among populations
from genome scans. Molecular Ecology, 13(4), 969-980. https://doi.org/10.1111/j.1365-
294X.2004.02125.x

Bierne, N., Roze, D., & Welch, J. J. (2013). Pervasive selection or is it...? Why are FST outliers
sometimes so frequent? Molecular Ecology, 22(8), 2061-2064.
https://doi.org/10.1111/mec.12241


https://doi.org/10.1111/j.1365-294X.2004.02125.x
https://doi.org/10.1111/j.1365-294X.2004.02125.x

Billot, C., Engel-Gautier, C., Rousvoal, S., Kloareg, B., & Valero, M. (2003). Current patterns, habitat
discontinuities and population genetic structure: The case of the kelp Laminaria digitata in
the English Channel. Marine Ecology Progress Series, 253, 111-121.
https://doi.org/10.3354/meps253111

Blows, M. W., & Hoffmann, A. A. (1993). The Genetics of Central and Marginal Populations of
Drosophila Serrata. I. Genetic Variation for Stress Resistance and Species Borders. Evolution,
47(4), 1255-1270. https://doi.org/10.1111/j.1558-5646.1993.th02151.x

Bolger, A. M., Lohse, M., & Usadel, B. (2014). Trimmomatic: A flexible trimmer for Illumina sequence
data. Bioinformatics, 30(15), 2114-2120. https://doi.org/10.1093/bioinformatics/btul70

Bolton, J. J., & Llning, K. (1982). Optimal growth and maximal survival temperatures of Atlantic
Laminaria species (Phaeophyta) in culture. Marine Biology, 66(1), 89-94.
https://doi.org/10.1007/BF00397259

Brennan, G., Kregting, L., Beatty, G. E., Cole, C., ElsaRer, B., Savidge, G., & Provan, J. (2014).
Understanding macroalgal dispersal in a complex hydrodynamic environment: A combined
population genetic and physical modelling approach. Journal of The Royal Society Interface,
11(95), 20140197. https://doi.org/10.1098/rsif.2014.0197

Bridle, J. R., Polechov3, J., Kawata, M., & Butlin, R. K. (2010). Why is adaptation prevented at
ecological margins? New insights from individual-based simulations. Ecology Letters, 13(4),
485-494, https://doi.org/10.1111/j.1461-0248.2010.01442 .x

Buffalo, V., & Coop, G. (2019). The Linked Selection Signature of Rapid Adaptation in Temporal
Genomic Data. Genetics, 213(3), 1007—1045. https://doi.org/10.1534/genetics.119.302581

Buffalo, V., & Coop, G. (2020). Estimating the genome-wide contribution of selection to temporal
allele frequency change. Proceedings of the National Academy of Sciences, 117(34), 20672—-
20680. https://doi.org/10.1073/pnas.1919039117

Birger, R., & Lynch, M. (1995). Evolution and extinction in a changing environment: a quantitative-
genetic analysis. Evolution, 49(1), 151-163. https://doi.org/10.1111/j.1558-
5646.1995.tb05967.x

Catchen, J., Hohenlohe, P. A., Bassham, S., Amores, A., & Cresko, W. A. (2013). Stacks: An analysis
tool set for population genomics. Molecular Ecology, 22(11), 3124-3140.
https://doi.org/10.1111/mec.12354

Catchen, J. M., Amores, A., Hohenlohe, P., Cresko, W., & Postlethwait, J. H. (2011). Stacks: Building
and Genotyping Loci De Novo From Short-Read Sequences. G3&amp,#58;
Genes|Genomes|Genetics, 1(3), 171-182. https://doi.org/10.1534/g3.111.000240

Chang, C. C., Chow, C. C,, Tellier, L. C., Vattikuti, S., Purcell, S. M., & Lee, J. J. (2015). Second-
generation PLINK: Rising to the challenge of larger and richer datasets. GigaScience, 4(1).
https://doi.org/10.1186/s13742-015-0047-8

Charlesworth, B. (2009). Effective population size and patterns of molecular evolution and variation.
Nature Reviews Genetics, 10(3), Article 3. https://doi.org/10.1038/nrg2526

Clark, R. D., Catalano, K. A., Fitz, K. S., Garcia, E., Jaynes, K. E., Reid, B. N., Sawkins, A., Snead, A. A,,
Whalen, J. C., & Pinsky, M. L. (2023). The practice and promise of temporal genomics for



measuring evolutionary responses to global change. Molecular Ecology Resources.
https://doi.org/10.1111/1755-0998.13789

Coelho, S. M., Gueno, J., Lipinska, A. P., Cock, J. M., & Umen, J. G. (2018). UV Chromosomes and
Haploid Sexual Systems. Trends in Plant Science, 23(9), 794-807.
https://doi.org/10.1016/j.tplants.2018.06.005

Coleman, M. A,, Roughan, M., Macdonald, H. S., Connell, S. D., Gillanders, B. M., Kelaher, B. P., &
Steinberg, P. D. (2011). Variation in the strength of continental boundary currents
determines continent-wide connectivity in kelp. Journal of Ecology, 99(4), 1026—1032.
https://doi.org/10.1111/j.1365-2745.2011.01822.x

Crisci, C., Ledoux, J.-B., Mokhtar- Jamai, K., Bally, M., Bensoussan, N., Aurelle, D., Cebrian, E., Coma,
R., Féral, J.-P., La Riviere, M., Linares, C., Lopez-Sendino, P., Marschal, C., Ribes, M., Teixidd,
N., Zuberer, F., & Garrabou, J. (2017). Regional and local environmental conditions do not
shape the response to warming of a marine habitat-forming species. Scientific Reports, 7(1),
5069. https://doi.org/10.1038/s41598-017-05220-4

Danecek, P., Auton, A., Abecasis, G., Albers, C. A., Banks, E., DePristo, M. A,, ... & 1000 Genomes
Project Analysis Group. (2011). The variant call format and VCFtools. Bioinformatics, 27(15),
2156-2158.

Danecek, P., Bonfield, J. K., Liddle, J., Marshall, J., Ohan, V., Pollard, M. O., Whitwham, A., Keane, T.,
McCarthy, S. A., Davies, R. M., & Li, H. (2021). Twelve years of SAMtools and BCFtools.
GigaScience, 10(2), giab008. https://doi.org/10.1093/gigascience/giab008

Dawson, T. P., Jackson, S. T., House, J. I., Prentice, I. C., & Mace, G. M. (2011). Beyond Predictions:
Biodiversity Conservation in a Changing Climate. Science, 332(6025), 53-58.
https://doi.org/10.1126/science.1200303

Dehasque, M., Avila-Arcos, M. C., Diez-del-Molino, D., Fumagalli, M., Guschanski, K., Lorenzen, E. D.,
Malaspinas, A., Marques-Bonet, T., Martin, M. D., Murray, G. G. R., Papadopulos, A.S. T.,
Therkildsen, N. O., Wegmann, D., Dalén, L., & Foote, A. D. (2020). Inference of natural
selection from ancient DNA. Evolution Letters, 4(2), 94—108.
https://doi.org/10.1002/evl3.165

Derrien-Courtel, S., Le Gal, A., & Grall, J. (2013). Regional-scale analysis of subtidal rocky shore
community. Helgoland Marine Research, 67(4), Article 4. https://doi.org/10.1007/s10152-
013-0355-2

Eckert, C. G., Samis, K. E., & Lougheed, S. C. (2008). Genetic variation across species’ geographical
ranges: The central-marginal hypothesis and beyond. Molecular Ecology, 17(5), 1170-1188.
https://doi.org/10.1111/j.1365-294X.2007.03659.x

Edwards, M. S. (2000). The Role of Alternate Life-History Stages of a Marine Macroalga: A Seed Bank
Analogue? Ecology, 81(9), 2404-2415. https://doi.org/10.1890/0012-
9658(2000)081[2404:TROALH]2.0.CO;2

Excoffier, L., Laval, G., & Schneider, S. (2005). Arlequin (version 3.0): An integrated software package
for population genetics data analysis. Evolutionary Bioinformatics, 1, 117693430500100.
https://doi.org/10.1177/117693430500100003

Filbee-Dexter, K., Wernberg, T., Grace, S. P., Thormar, J., Fredriksen, S., Narvaez, C. N., Feehan, C. J,,


https://doi.org/10.1093/gigascience/giab008

& Norderhaug, K. M. (2020). Marine heatwaves and the collapse of marginal North Atlantic
kelp forests. Scientific Reports, 10(1), Article 1. https://doi.org/10.1038/s41598-020-70273-x

Foll, M., & Gaggiotti, O. (2008). A genome-scan method to identify selected loci appropriate for both
dominant and codominant markers: A Bayesian perspective. Genetics, 180(2), 977-993.
https://doi.org/10.1534/genetics.108.092221

Fouqueau, L. (2021). Adaptation dans les populations centrales et marginales: Contribution de la
sélection, de la connectivité et du systéme de reproduction. Approche théorique et empirique
sur 'espéce d’algue brune Laminaria digitata [These de doctorat, Sorbonne université].
https://www.theses.fr/2021SORUS256

Fouqueau, L., Reynes, L., Tempera, F., Bajjouk, T., Blanfuné, A., Chevalier, C., Laurans, M., Mauger, S.,
Sourisseau, M., Assis, J., Lévéque, L., & Valero, M. (2023). Influence of oceanography and
geographic distance on genetic structure: How varying the sampled domain influences
conclusions in Laminaria digitata (p. 2023.05.11.540379). bioRxiv.
https://doi.org/10.1101/2023.05.11.540379

Frachon, L., Libourel, C., Villoutreix, R., Carrére, S., Glorieux, C., Huard-Chauveau, C., Navascués, M.,
Gay, L., Vitalis, R., Baron, E., Amsellem, L., Bouchez, O., Vidal, M., Le Corre, V., Roby, D.,
Bergelson, J., & Roux, F. (2017a). Intermediate degrees of synergistic pleiotropy drive
adaptive evolution in ecological time. Nature Ecology & Evolution, 1(10), 1551-1561.
https://doi.org/10.1038/s41559-017-0297-1

Frachon, L., Libourel, C., Villoutreix, R., Carrére, S., Glorieux, C., Huard-Chauveau, C., Navascués, M.,
Gay, L., Vitalis, R., Baron, E., Amsellem, L., Bouchez, O., Vidal, M., Le Corre, V., Roby, D.,
Bergelson, J., & Roux, F. (2017b). Intermediate degrees of synergistic pleiotropy drive
adaptive evolution in ecological time. Nature Ecology & Evolution, 1(10), Article 10.
https://doi.org/10.1038/s41559-017-0297-1

Frankham, R. (1995). Conservation Genetics. Annual Review of Genetics, 29(1), 305-327.
https://doi.org/10.1146/annurev.ge.29.120195.001513

Fréjaville, T., Vizcaino-Palomar, N., Fady, B., Kremer, A., & Benito Garzén, M. (2020). Range margin
populations show high climate adaptation lags in European trees. Global Change Biology,
26(2), 484-495. https://doi.org/10.1111/gcb.14881

Frichot, E., & Francois, O. (2015). LEA: An R package for landscape and ecological association studies.
Methods in Ecology and Evolution, 6(8), 925-929. https://doi.org/10.1111/2041-210X.12382

Frichot, E., Mathieu, F., Trouillon, T., Bouchard, G., & Francois, O. (2014). Fast and efficient
estimation of individual ancestry coefficients. Genetics, 196(4), 973—983.
https://doi.org/10.1534/genetics.113.160572

Funk, W. C., Lovich, R. E., Hohenlohe, P. A., Hofman, C. A., Morrison, S. A., Sillett, T. S., Ghalambor, C.
K., Maldonado, J. E., Rick, T. C., Day, M. D., Polato, N. R, Fitzpatrick, S. W., Coonan, T. J.,
Crooks, K. R., Dillon, A., Garcelon, D. K., King, J. L., Boser, C. L., Gould, N., & Andelt, W. F.
(2016). Adaptive divergence despite strong genetic drift: Genomic analysis of the
evolutionary mechanisms causing genetic differentiation in the island fox (Urocyon littoralis).
Molecular Ecology, 25(10), 2176-2194. https://doi.org/10.1111/mec.13605

Garant, D., Forde, S. E., & Hendry, A. P. (2007). The multifarious effects of dispersal and gene flow on



contemporary adaptation. Functional Ecology, 21(3), 434—443.
https://doi.org/10.1111/j.1365-2435.2006.01228.x

Goldringer, |., & Bataillon, T. (2004). On the Distribution of Temporal Variations in Allele Frequency:
Consequences for the Estimation of Effective Population Size and the Detection of Loci
Undergoing Selection. Genetics, 168(1), 563—-568.
https://doi.org/10.1534/genetics.103.025908

Gotz, S., Garcia-Gémez, J. M., Terol, J., Williams, T. D., Nagaraj, S. H., Nueda, M. J., Robles, M., Taldn,
M., Dopazo, J., & Conesa, A. (2008). High-throughput functional annotation and data mining
with the Blast2GO suite. Nucleic Acids Research, 36(10), 3420-3435.
https://doi.org/10.1093/nar/gkn176

Guzinski, J., Ruggeri, P., Ballenghien, M., Mauger, S., Jacquemin, B., Jollivet, C., Coudret, J., Jaugeon,
L., Destombe, C., & Valero, M. (2020). Seascape Genomics of the Sugar Kelp Saccharina
latissima along the North Eastern Atlantic Latitudinal Gradient. Genes, 11(12), Article 12.
https://doi.org/10.3390/genes11121503

Haller, B. C., & Messer, P. W. (2019). SLiM 3: Forward Genetic Simulations Beyond the Wright—Fisher
Model. Molecular Biology and Evolution, 36(3), 632—637.
https://doi.org/10.1093/molbev/msy228

Hampe, A., & Petit, R. J. (2005). Conserving biodiversity under climate change: The rear edge matters.
Ecology Letters, 8(5), 461-467. https://doi.org/10.1111/j.1461-0248.2005.00739.x

Hare, M. P., Nunney, L., Schwartz, M. K., Ruzzante, D. E., Burford, M., Waples, R. S., Ruegg, K., &
Palstra, F. (2011). Understanding and Estimating Effective Population Size for Practical
Application in Marine Species Management. Conservation Biology, 25(3), 438—449.
https://doi.org/10.1111/j.1523-1739.2010.01637.x

Hoban, S., Bruford, M., D’Urban Jackson, J., Lopes-Fernandes, M., Heuertz, M., Hohenlohe, P. A., Paz-
Vinas, I., Sjogren-Gulve, P., Segelbacher, G., Vernesi, C., Aitken, S., Bertola, L. D., Bloomer, P.,
Breed, M., Rodriguez-Correa, H., Funk, W. C., Grueber, C. E., Hunter, M. E., Jaffe, R., ... Laikre,
L. (2020). Genetic diversity targets and indicators in the CBD post-2020 Global Biodiversity
Framework must be improved. Biological Conservation, 248, 108654.
https://doi.org/10.1016/j.biocon.2020.108654

Hoban, S., Kelley, J. L., Lotterhos, K. E., Antolin, M. F., Bradburd, G., Lowry, D. B., Poss, M. L., Reed, L.
K., Storfer, A., & Whitlock, M. C. (2016). Finding the genomic basis of local adaptation:
Pitfalls, practical solutions, and future directions. The American Naturalist, 188(4), 379-397.
https://doi.org/10.1086/688018

Holt, R. D. (1990). The microevolutionary consequences of climate change. Trends in Ecology &
Evolution, 5(9), 311-315. https://doi.org/10.1016/0169-5347(90)90088-U

lensen, E. L., & Leigh, D. M. (2022). Using temporal genomics to understand contemporary climate
change responses in wildlife. Ecology and Evolution, 12(9), e9340.
https://doi.org/10.1002/ece3.9340

Johannesson, K., & André, C. (2006). INVITED REVIEW: Life on the margin: genetic isolation and
diversity loss in a peripheral marine ecosystem, the Baltic Sea. Molecular Ecology, 15(8),
2013-2029. https://doi.org/10.1111/j.1365-294X.2006.02919.x



Johnson, M., Zaretskaya, |., Raytselis, Y., Merezhuk, Y., McGinnis, S., & Madden, T. L. (2008). NCBI
BLAST: A better web interface. Nucleic Acids Research, 36(suppl_2), W5-W9.
https://doi.org/10.1093/nar/gkn201

Jorde, P. E., & Ryman, N. (2007). Unbiased Estimator for Genetic Drift and Effective Population Size.
Genetics, 177(2), 927-935. https://doi.org/10.1534/genetics.107.075481

Keenan, K., McGinnity, P., Cross, T. F., Crozier, W. W., & Prodéhl, P. A. (2013). diveRsity: An R package
for the estimation and exploration of population genetics parameters and their associated
errors. Methods in ecology and evolution, 4(8), 782-788.

King, N. G., McKeown, N. J., Smale, D. A., Wilcockson, D. C., Hoelters, L., Groves, E. A., Stamp, T., &
Moore, P. J. (2019). Evidence for different thermal ecotypes in range centre and trailing edge
kelp populations. Journal of Experimental Marine Biology and Ecology, 514-515, 10-17.
https://doi.org/10.1016/j.jembe.2019.03.004

Leal, B.S. S., Chaves, C.J. N,, Graciano, V. A., Boury, C., Huacre, L. A. P, Heuertz, M., & Palma-Silva, C.
(2021). Evidence of local adaptation despite strong drift in a Neotropical patchily distributed
bromeliad. Heredity, 127(2), Article 2. https://doi.org/10.1038/s41437-021-00442-9

Le Corre, V., & Kremer, A. (2012). The genetic differentiation at quantitative trait loci under local
adaptation. Molecular ecology, 21(7), 1548-1566

Lenormand, T. (2002). Gene flow and the limits to natural selection. Trends in Ecology & Evolution,
17(4), 183-189. https://doi.org/10.1016/S0169-5347(02)02497-7

Li, H., & Durbin, R. (2009). Fast and accurate short read alignment with Burrows—Wheeler transform.
Bioinformatics, 25(14), 1754—1760. https://doi.org/10.1093/bioinformatics/btp324

Liesner, D., Fouqueau, L., Valero, M., Roleda, M. Y., Pearson, G. A., Bischof, K., Valentin, K., & Bartsch,
I. (2020). Heat stress responses and population genetics of the kelp Laminaria digitata
(Phaeophyceae) across latitudes reveal differentiation among North Atlantic populations.
Ecology and Evolution, 10(17), 9144-9177. https://doi.org/10.1002/ece3.6569

Lotterhos, K. E., & Whitlock, M. C. (2015). The relative power of genome scans to detect local
adaptation depends on sampling design and statistical method. Molecular Ecology, 24(5),
1031-1046. https://doi.org/10.1111/mec.13100

Luu, K., Bazin, E., & Blum, M. G. B. (2017). pcadapt: An R package to perform genome scans for
selection based on principal component analysis. Molecular Ecology Resources, 17(1), 67-77.
https://doi.org/10.1111/1755-0998.12592

Mao, X., Augyte, S., Huang, M., Hare, M. P., Bailey, D., Umanzor, S., Marty-Rivera, M., Robbins, K. R.,
Yarish, C., Lindell, S., & Jannink, J.-L. (2020). Population Genetics of Sugar Kelp Throughout
the Northeastern United States Using Genome-Wide Markers. Frontiers in Marine Science, 7,
694. https://doi.org/10.3389/fmars.2020.00694

Martin, R. A., da Silva, C. R. B., Moore, M. P, & Diamond, S. E. (2023). When will a changing climate
outpace adaptive evolution? WIREs Climate Change, 14(6), e852.
https://doi.org/10.1002/wcc.852

Mastretta-Yanes, A., Arrigo, N., Alvarez, N., Jorgensen, T. H., Pifiero, D., & Emerson, B. C. (2015).
Restriction site-associated DNA sequencing, genotyping error estimation and de novo


https://doi.org/10.1534/genetics.107.075481
https://doi.org/10.1038/s41437-021-00442-9

assembly optimization for population genetic inference. Molecular Ecology Resources, 15(1),
28-41. https://doi.org/10.1111/1755-0998.12291

Nadachowska-Brzyska, K., Dutoit, L., Smeds, L., Kardos, M., Gustafsson, L., & Ellegren, H. (2021).
Genomic inference of contemporary effective population size in a large island population of
collared flycatchers (Ficedula albicollis). Molecular Ecology, 30(16), 3965—3973.
https://doi.org/10.1111/mec.16025

Nei, M., & Tajima, F. (1981). Genetic drift and estimation of effective population size. Genetics, 98(3),
625—640. https://doi.org/10.1093/genetics/98.3.625

Neiva, J., Serrdo, E. A., Paulino, C., Gouveia, L., Want, A., Tamigneaux, E., Ballenghien, M., Mauger, S.,
Fouqueau, L., Engel-Gautier, C., Destombe, C., & Valero, M. (2020). Genetic structure of
amphi-Atlantic Laminaria digitata (Laminariales, Phaeophyceae) reveals a unique range-edge
gene pool and suggests post-glacial colonization of the NW Atlantic. European Journal of
Phycology, 55(4), 517-528. https://doi.org/10.1080/09670262.2020.1750058

Oppliger, L. V., von Dassow, P., Bouchemousse, S., Robuchon, M., Valero, M., Correa, J. A., Mauger,
S., & Destombe, C. (2014). Alteration of Sexual Reproduction and Genetic Diversity in the
Kelp Species Laminaria digitata at the Southern Limit of Its Range. PLoS ONE, 9(7).
https://doi.org/10.1371/journal.pone.0102518

Pauls, S. U., Nowak, C., Balint, M., & Pfenninger, M. (2013). The impact of global climate change on
genetic diversity within populations and species. Molecular Ecology, 22(4), 925-946.
https://doi.org/10.1111/mec.12152

Pehlke, C., & Bartsch, I. (2008). Changes in depth distribution and biomass of sublittoral seaweeds at
Helgoland (North Sea) between 1970 and 2005. Climate Research, 37(2-3), 135-147.
https://doi.org/10.3354/cr00767

Perrier, C., Ferchaud, A.-L., Sirois, P., Thibault, I., & Bernatchez, L. (2017). Do genetic drift and
accumulation of deleterious mutations preclude adaptation? Empirical investigation using
RADseq in a northern lacustrine fish. Molecular Ecology, 26(22), 6317—6335.
https://doi.org/10.1111/mec.14361

Peterson, B. K., Weber, J. N., Kay, E. H., Fisher, H. S., & Hoekstra, H. E. (2012). Double digest RADseq:
An inexpensive method for de novo SNP discovery and genotyping in model and non-model
species. PloS One, 7(5), e37135. https://doi.org/10.1371/journal.pone.0037135

Pilczynska, J., Cocito, S., Boavida, J., Serrdo, E. A., Assis, J., Fragkopoulou, E., & Queiroga, H. (2019).
Genetic diversity increases with depth in red gorgonian populations of the Mediterranean
Sea and the Atlantic Ocean. PeerJ, 7, €6794. https://doi.org/10.7717/peerj.6794

Pratlong, M., Haguenauer, A., Brener, K., Mitta, G., Toulza, E., Garrabou, J., Bensoussan, N.,
Pontarotti, P., & Aurelle, D. (2021). Separate the wheat from the chaff: Genomic scan for
local adaptation in the red coral Corallium rubrum. Peer Community Journal, 1.
https://doi.org/10.24072/pcjournal.12

Privé, F., Aschard, H., Ziyatdinov, A., & Blum, M. G. B. (2018). Efficient analysis of large-scale genome-
wide data with two R packages: Bigstatsr and bigsnpr. Bioinformatics, 34(16), 2781-2787.
https://doi.org/10.1093/bioinformatics/bty185

Puritz, J. B., Hollenbeck, C. M., & Gold, J. R. (2014). dDocent: A RADseq, variant-calling pipeline



designed for population genomics of non-model organisms. PeerJ, 2, e431.
https://doi.org/10.7717/peerj.431

Raymond, M., & Rousset, F. (1995). An exact test for population differentiation. Evolution, 49(6),
1280-1283. https://doi.org/10.1111/j.1558-5646.1995.tb04456.x

Reid, B. N., & Pinsky, M. L. (2022). Simulation-Based Evaluation of Methods, Data Types, and
Temporal Sampling Schemes for Detecting Recent Population Declines. Integrative and
Comparative Biology, 62(6), 1849-1863. https://doi.org/10.1093/icb/icac144

Rellstab, C., Gugerli, F., Eckert, A. J., Hancock, A. M., & Holderegger, R. (2015). A practical guide to
environmental association analysis in landscape genomics. Molecular Ecology, 24(17), 4348—
4370. https://doi.org/10.1111/mec.13322

Reynes, L., Thibaut, T., Mauger, S., Blanfuné, A., Holon, F., Cruaud, C., Couloux, A., Valero, M., &
Aurelle, D. (2021). Genomic signatures of clonality in the deep water kelp Laminaria
rodriguezii. Molecular Ecology, 30(8), 1806—1822. https://doi.org/10.1111/mec.15860

Robuchon, M., Le Gall, L., Mauger, S., & Valero, M. (2014). Contrasting genetic diversity patterns in
two sister kelp species co-distributed along the coast of Brittany, France. Molecular Ecology,
23(11), 2669-2685. https://doi.org/10.1111/mec.12774

Rochette, N. C., Rivera-Coldn, A. G., & Catchen, J. M. (2019). Stacks 2: Analytical methods for paired-
end sequencing improve RADseq-based population genomics. Molecular Ecology, 28(21),
4737-4754. https://doi.org/10.1111/mec.15253

Schimpf, N. M., Liesner, D., Franke, K., Roleda, M. Y., & Bartsch, |. (2022). Microscopic Stages of North
Atlantic Laminaria digitata (Phaeophyceae) Exhibit Trait-Dependent Thermal Adaptation
Along Latitudes. Frontiers in Marine Science, 9, 870792.
https://doi.org/10.3389/fmars.2022.870792

Storz, J. F. (2005). INVITED REVIEW: Using genome scans of DNA polymorphism to infer adaptive
population divergence. Molecular Ecology, 14(3), 671-688. https://doi.org/10.1111/j.1365-
294X.2005.02437 .x

Therkildsen, N. O., Hemmer-Hansen, J., Als, T. D., Swain, D. P., Morgan, M. J., Trippel, E. A., Palumbi,
S. R., Meldrup, D., & Nielsen, E. E. (2013). Microevolution in time and space: SNP analysis of
historical DNA reveals dynamic signatures of selection in Atlantic cod. Molecular Ecology,
22(9), 2424-2440. https://doi.org/10.1111/mec.12260

Therkildsen, N. O., Hemmer-Hansen, J., Hedeholm, R. B., Wisz, M. S., Pampoulie, C., Meldrup, D.,
Bonanomi, S., Retzel, A,, Olsen, S. M., & Nielsen, E. E. (2013). Spatiotemporal SNP analysis
reveals pronounced biocomplexity at the northern range margin of Atlantic cod Gadus
morhua. Evolutionary Applications, 6(4), 690-705. https://doi.org/10.1111/eva.12055

Veenhof, R. J., Champion, C., Dworjanyn, S. A., Wernberg, T., Minne, A. J. P, Layton, C., Bolton, J. J,,
Reed, D. C., & Coleman, M. A. (2022). Kelp gametophytes in changing oceans. In S. J.
Hawkins, A. J. Lemasson, A. L. Allcock, A. E. Bates, M. Byrne, A. J. Evans, L. B. Firth, C. H.
Lucas, E. M. Marzinelli, P. J. Mumby, B. D. Russell, J. Sharples, I. P. Smith, S. E. Swearer, & P.
A. Todd (Eds.), Oceanography and Marine Biology (Vol. 60, pp. 335—-371). CRC Press.
https://doi.org/10.1201/9781003288602-7

Vranken, S., Wernberg, T., Scheben, A., Severn-Ellis, A. A., Batley, J., Bayer, P. E., Edwards, D.,


https://doi.org/10.1111/mec.15253

Wheeler, D., & Coleman, M. A. (2021). Genotype—Environment mismatch of kelp forests
under climate change. Molecular Ecology, 30(15), 3730-3746.
https://doi.org/10.1111/mec.15993

Wang, J. (2001). A pseudo-likelihood method for estimating effective population size from temporally
spaced samples. Genetics Research, 78(3), 243-257.
https://doi.org/10.1017/50016672301005286

Wang, J., & Whitlock, M. C. (2003). Estimating Effective Population Size and Migration Rates From
Genetic Samples Over Space and Time. Genetics, 163(1), 429-446.
https://doi.org/10.1093/genetics/163.1.429

Waples, R. S. (1989). A generalized approach for estimating effective population size from temporal
changes in allele frequency. Genetics, 121(2), 379-391.
https://doi.org/10.1093/genetics/121.2.379

Weir, B. S., & Cockerham, C. C. (1984). Estimating F-Statistics for the analysis of population structure.
Evolution, 38(6), 1358-1370. https://doi.org/10.1111/j.1558-5646.1984.tb05657.x

Whitlock, M. C., & Lotterhos, K. E. (2015). Reliable Detection of Loci Responsible for Local Adaptation:
Inference of a Null Model through Trimming the Distribution of F st. The American Naturalist,
186(S1), S24-S36. https://doi.org/10.1086/682949

Zdobnov, E. M., & Apweiler, R. (2001). InterProScan — an integration platform for the signature-
recognition methods in InterPro. Bioinformatics, 17(9), 847-848.
https://doi.org/10.1093/bioinformatics/17.9.847



Figure 1. Sampling sites of the Laminaria digitata populations used in this study, with populations from
Clachan highlighted in a zoomed-in area at the bottom right corner.
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Figure 2. Linear regression analysis between the average Sea Surface Temperature (SST) of the
warmest months (‘highest mean SST’) and the Years. Each population was subject to separate linear
regression analysis with the corresponding regression equation displayed in the bottom right corner
of each subplot. Note that the Y-axis scale is not uniform throughout the entire graph.
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Figure 3. Minor allele frequencies (MAF) change between time points. Alleles not reported at the

second time point are depicted in red, while retained polymorphic shown in blue.
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Figure 4. Temporal Fst per SNP is compared to the upper limit of the neutral expectation. The green
line represents the 99% quantile of Fsr values expected under genetic drift alone, determined from
5 000 simulations for (A) HLG, (B) ROS, and (C) QUI. Outlier SNPs detected only by the simulation
framework are represented by gray triangles. Those detected by two or three methods are
represented by purple and red triangles, respectively. Gray crosses indicate putatively neutral SNPs
that were not detected by outlier tests. Note that the order of SNPs is based on contigs and does not

reflect their position along the genome.
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Figure 5. Outlier SNPs based on temporal differentiation are shown, depicting (A) the unique or shared
outlier SNPs among methods for HLG, ROS, and QUI. The (B) allele frequency between time points and
(C) observed Fsr values are provided depending on whether the SNPs were detected by none or only
one method (gray), two methods (2X; purple) and three methods (3X; red). Note that the total number
of SNPs on the Venn diagrams (A) is not equal to 149 SNPs, as two outliers were detected twice in ROS
and QUI by the simulation framework.
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Figure 6. Absence (coded 0) or presence (coded 1) of the alternative allele for three outlier SNPs of the
spatial analysis, best fitted by the highest and lowest mean SST predictors in the GLM models. Dots,
colored according to the legend, represent observed data, while the response curve derived from the
model highlights the relationship between SST and the alternative allele.
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Table 1. Geographical coordinates and genetic diversity of populations at two different time points.

Population Year Lat. Lon. n P (£ SE) He (£ SE)
2005 18 0.11 (0.001) 0.015 (0.001)
Helgoland (HLG) 54.178 N 7.893 E
2018 22 0.08 (0.001) 0.013 (0.001)
Clachan (CLA_1) 2008 56.454 N 5.444 W 25 0.42 (0.001) 0.103 (0.003)
Clachan (CLA_2) 2018 56.318 N 5.592 W 25 0.42 (0.001) 0.109 (0.003)
2011 27 0.36 (0.001) 0.065 (0.002)
Roscoff (ROS) 48.727 N 4.005W
2018 25 0.36 (0.001) 0.069 (0.002)
2009 24 0.21 (0.001) 0.038 (0.001)
Quiberon (QUI) 47.470 N 3.091 W
2018 24 0.20 (0.001) 0.040 (0.002)

Year: the specific year when the samples were collected; Lat: latitude coordinates of the sampling location; Lon:
longitude coordinates of the sampling location; n: the number of genotyped individuals; P (x SE): the proportion
of polymorphic loci using a minor allele frequency threshold of 0.01 (mean and + SE); He (+ SE): expected
heterozygosity, represented as the mean value with standard error (SE)

Table 2. The filtering steps applied to the raw sets of 77 193 SNPs and 644 794 SNPs for the first and
second time points, respectively.

Filtering steps SNP Individual
SNPs present in both the first and second time points 36 293 213
Shared SNPs among populations with less than 10% of missingness per 4151
SNP within a population
Individual missingness rate < 0.2 4151 190
Mean read depth (DP); SNPs between 10x and twice the mean. For the
first time point, the mean read depth was 34x, and for the second time 3995 -
point, it was 45x
SNPs deviating from HWE (P < 0.001) in at least 25% of the populations 3995 -
Minimum allele count of three 3609 -
SNPs pruned at an LD threshold of r2= 0.20 within and among populations 2 854 -




Table 3. SST predictors employed in the analysis of SNP-temperature associations. SST predictors were

estimated for each period according to the Pruned Exact Linear Time (PELT) algorithm.

Population Period mean SST highest mean SST lowest mean SST
CLA 1981-1996 10.07 12.99 7.32
CLA 1997-2018 10.65 13.46 7.87
HLG 1981-2004 10.34 17.02 3.99
HLG 2005-2018 11.08 17.74 4.58
ROS 1981-1995 12.37 15.18 9.92
ROS 1996-2018 12.85 15.51 10.27
Qul 1981-1993 13.44 17.57 9.35
Qul 1994-2018 13.68 17.75 9.51

*mean SST: monthly average over the entire period; highest mean SST: monthly average over the warmest
months of the year (June, July, and August); lowest mean SST: monthly average over the coolest months of the

year (January, February and March).

Table 4. Analyses of molecular variance (AMOVA) using the complete SNPs dataset

Source of variation D.f Var. components Variation (%) P-value
Among populations 4 16.07 20.71 0.00188
Between time points 3 -0.47 -0.61 0.70832
Within populations 182 -0.88 -1.14 0.91881
Within individuals 190 62.93 81.04 < 0.00001




Table 5. Contemporary effective population size (Ne) based on temporal genetic changes using two F-

statistics (Fc, Fs) and the likelihood estimator implemented in MLNe. Ne estimates were computed for
the entire dataset and selectively for putatively neutral SNPs, achieved by excluding those identified
through outlier tests in space.

SNP dataset Ne estimator HLG ROS Qul
Fc 59 [26 - 469] 451 [157 - Inf] 165 [77 - 3412]
initial dataset
assasnpe) 45 [23 - 1403] 247 [111 - Inf] 104 [56 - 738]
likelihood 104 [70 - 195] 43 063 [935 - Inf] 227 [134 - 667]
Fc 77 [30 - Inf] 443 [155 - Inf] 168 [77 - 6558]
Neutral Fs 60 [28 - Inf] 251 [112 - Inf] 107 [57 - 918]
(2838 SNPs)
likelihood 112 [74 - 227] 43 455 [949 - Inf] 238 [138 - 772]

Supplementary section
Supplementary material S1

This supplementary section aims to evaluate the impact of choosing low or high Ne scenarios in the simulation
framework. We performed simulations of SNP frequencies 5 000 times with the same parameters as the ones
described in the “Outlier detection across time” section of the main manuscript but considering the lowest Ne
estimates obtained from temporal methods (see Table 5). We expected that decreasing Ne would strengthen
genetic drift, leading to increased levels of temporal neutral genetic differentiation and a higher detection
threshold for outlier SNPs. However, we found no significant differences in mean Fsr values when comparing
simulations based on the low and high Ne scenarios. The mean Fsr values ranged from 0.002 to 0.003 for the
high and low Ne scenarios, respectively. Additionally, the detection of outlier SNPs was minimally influenced by
this parameter. Person's correlations between SNP p-values in the low and high Ne scenarios were high, with
correlations of r = 0.962 at HLG, r = 0.997 at ROS and r = 0.986 at QUI. This indicates that the SNPs detected as
outliers were almost identical across the two different Ne scenarios. Interestingly, reducing Ne at ROS from
43 063 to 247 prevented the detection of two outliers that were reported from the high Ne scenario. It is
noteworthy that major differences were expected at ROS, considering the reduction in Ne from thousands to
hundreds of individuals, while the range was narrower at HLG and QUI (around two times). This suggests that
changes in allele frequencies under genetic drift over two generations may be buffered at ROS by maintaining
Ne in at least two hundred individuals. However, subsequent analyses indicated that reducing Ne had a greater
impact on simulations and genetic changes when genetic drift was simulated over a thousand generations,

rather than two (data not shown).



Figure S1. SNMF admixture plots for different values of K, including K= 2, K = 3, and the optimal number
of clusters K =5. Each bar in the plots represents one sampled individual, and the colors within the bar
represent the membership proportions of each cluster.
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Figure S2. PCA biplots of SNP variation, including the five principal components: PC1 (46.5%) vs PC2
(8.3%); PC2 vs PC3 (6.1%), PC3 vs PC4 (4.5%) and PC4 vs PC5 (2.7%).
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Figure S3. Analysis of minor allele frequencies (MAF) for temporal outliers reported at Quiberon (QUI)
and Roscoff (Roscoff). The upper plots illustrate the density of the MAF at the first time point, while
the lower plots report those at the second time point for the same SNPs.
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Table S1. Individual missingness, and mean read depth (Mean DP) were assessed at both time points.
Individual missingness refers to the average proportion of missing genotypes for each individual. Mean
read depth was calculated by averaging the read depth across all sites. The SNP error rate estimated
using eight replicates is also indicated.

Population Time point n  Ind. missingness Mean DP SNP error rate

1st 18 0.05 13.218 0.020

LG 2nd 22 0.02 11.640 0.012

CLA 1st 25 0.04 12.497 0.036
2nd 25 0.02 26.362 0.002

ROS 1st 27 0.03 28.457 0.021
2nd 25 0.02 26.177 0.001

Qul 1st 24 0.06 10.570 0.007
2nd 24 0.02 24.703 0

Table S2. Pairwise Fst values between populations and the comparisons between time points are
highlighted in bold in the lower diagonal matrix. The p-values of the genic differentiation tests are
displayed in the upper diagonal matrix.

Fst HLG (T1) | HLG (T2) | CLA_1 CLA_2 ROS (T1) | ROS(T2) | QUI(T1) | QUI(T2)
HLG (T1) NS <0.001 | <0.001 <0.001 <0.001 <0.001 <0.001
HLG (T2) 0.008 <0.001 | <0.001 <0.001 <0.001 <0.001 <0.001
CLA_1 0.257 0.285 <0.001 <0.001 <0.001 <0.001 <0.001
CLA_2 0.266 0.297 0.039 <0.001 <0.001 <0.001 <0.001
ROS (T1) 0.094 0.113 0.224 0.235 NS <0.001 <0.001
ROS (T2) 0.104 0.125 0.223 0.237 0.000 <0.001 <0.001
Qul (T1) 0.127 0.150 0.251 0.262 0.078 0.083 NS

Qul (T2) 0.142 0.167 0.249 0.272 0.090 0.095 0.003



Table S3. Predictors retained in each GLM model for predicting the occurrence of the alternative allele
in outlier SNPs detected in space. Only predictors deemed significant after conducting a stepwise
variable selection procedure are presented. P-values highlighted in bold indicate predictors that
remain significant after correcting for multiple testing.

SNP ID fitted model OR 1C2.5 1C97.5 Pval AIC R2

144563:157:- PC4 0.54 0.29 0.74 0.0053 58.07 0.74
144563:157:- highest mean SST 8.03 4.42 21.7 <0.003 58.07 0.74
174791:33:+ PC1 2.29 1.62 5.92 0.0045 46.02 0.83
218088:45:+ PC1 1.65 1.45 2.01 <0.003 36.73 0.84
24705:82:+ lowest mean SST 7.68 3.3 104.45 0.0043 39.54 0.82
35776:116:+ PC1 1.63 1.4 2.21 <0.003 70.05 0.72
59182:127:- PC1 1.93 1.57 2.94 <0.003 24.45 0.91
71212:99:- PC1 11.06 4.13 37.49 <0.003 118.57 0.56
71212:99:- PC3 0.67 0.48 0.87 0.0077 118.57 0.56
71212:99:- PC5 0.11 0.02 0.45 0.0033 118.57 0.56
71212:99:- highest mean SST 3.16 1.94 5.67 <0.003 118.57 0.56
72447:52:- PC2 0.58 0.32 0.78 0.0050 58.14 0.77

* This summary includes Odds Ratios (OR), estimated odds ratios derived from logistic regression coefficients,
95% Confidence Intervals (Cls) for ORs, P-values, AIC, and pseudo R? values of the fitted model.



1  Table S4. Functional categorization of eight annotated loci derived from outlier SNPs out of the 53 loci.

Locus

71212

100680

10940

30235

59182

62443

94321

95165

Description

conserved unknown
protein

ankyrin repeat protein

MutS protein homolog 4

ankyrin repeat protein

2-hydroxy-3-
oxopropionate reductase

unnamed protein product

unnamed protein product

methyltransferase

Lengt

h

216

254

503

241

339

319

229

257

Hits

20

20

19

e-value

6.4E-19

4.8E-11

1.9E-4

8.1E-10

6.9E-4

1.6E-6

2.8E-4

2.2E-5

sim mean

92.0

54.24

85.29

54.25

96.3

60.99

95.45

71.64

GO GO Names

P:lipid transport; C:cellular anatomical entity

P:protein phosphorylation; F:protein kinase
activity; F:ATP binding

P:mismatch repair; F:ATP binding;
F:mismatched DNA binding; F:ATP-
dependent DNA damage sensor activity

C:membrane

F:oxidoreductase activity; F:NADP binding;
F:NAD binding

P:RNA polyadenylation; F:polynucleotide
adenylyltransferase activity; F:metal ion
binding; C:membrane; C:TRAMP complex

Enzyme Names

Transferring phosphorus-
containing groups

Oxidoreductases

polynucleotide
adenylyltransferase




