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Investigating the genetic mechanisms of local adaptation is critical to understanding how species adapt to heterogeneous environments. In the present study, we analyzed restriction site-associated DNA sequencing (RADseq) data in order to explore genetic diversity, genetic structure, genetic differentiation, and local adaptation of Stipa breviflora. In total, 135 individual plants were sequenced and 25,786 polymorphic loci were obtained. We found low genetic diversity (He = 0.1284) within populations of S. breviflora. Four genetic clusters were identified along its distribution range. The Mantel test, partial Mantel test, and multiple matrix regression with randomization (MMRR) indicate that population differentiation was caused by both geographic distance and environmental factors. Through the FST outlier test and environmental association analysis (EAA), 113 candidate loci were identified as putatively adaptive loci. RPK2 and CPRF1, which are associated with meristem maintenance and light responsiveness, respectively, were annotated. To explore the effects of climatic factors on genetic differentiation and local adaptation of S. breviflora, gradient forest (GF) analysis was applied to 25,786 single nucleotide polymorphisms (SNPs) and 113 candidate loci, respectively. The results showed that both temperature and precipitation affected the genetic differentiation of S. breviflora, and precipitation was strongly related to local adaptation. Our study provides a theoretical basis for understanding the local adaptation of S. breviflora.
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1 Introduction

Landscape genomics investigates and quantifies the effects of environmental heterogeneity on geographic patterns of genetic variation in natural populations, providing critical insights into the local adaptation of species (Joost et al., 2007; Balkenhol et al., 2017; Li et al., 2017). Environmental factors vary spatially, causing plant populations to evolve different advantageous traits to survive under local stresses (Kawecki and Ebert, 2004; Savolainen et al., 2013). Diverse selection pressures may lead to genetic variation and differentiation of species on a genome-wide scale (Rellstab et al., 2015). Such genetic variation and differentiation along environmental gradients can be indicative of local adaptation (Zhang et al., 2020). In past decades, many studies have documented local adaptation to different environmental factors, such as temperature (Zheng et al., 2011; Körner, 2016; Aguirre-Liguori et al., 2021), soil characteristics (Guerrero et al., 2018), and even atmospheric gases (Watson-Lazowski et al., 2016), across many species, including Quercus rugosa (Gugger et al., 2021), Arabidopsis thaliana (Lasky et al., 2014), and Pterocarya stenoptera (Li et al., 2018). Revealing the molecular basis of the genetic variation caused by heterogeneous environments helps to understand how populations evolve owing to local adaptation.

Investigating how genomic variations contribute to local adaptation and identifying selective forces is still challenging for species with limited genomic resources (Mayol et al., 2020). Nonetheless, the development of genome-scale genotyping approaches, such as restriction site-associated DNA sequencing (RADseq), has made it possible to collect thousands to millions of single nucleotide polymorphisms (SNPs) for non-model species (Savolainen et al., 2013; Sork et al., 2013). Abundant genomic data coupled with effective loci-identifying methods have promoted an understanding of local adaptation. The methods used to identify the loci underlying local adaptation are grouped into two categories: differentiation-based outlier tests (FST outlier tests) and environmental association analysis (EAA) (Schoville et al., 2012). FST outlier tests are used to detect loci potentially under selection, which exhibit significantly higher values of genetic differentiation (FST) than expected under neutrality (Narum and Hess, 2011). However, this approach may detect some false positive loci associated with evolutionary processes (i.e., genetic drift, population history, and gene flow) other than local adaptation (Aguirre-Liguori et al., 2021). Therefore, EAA, an approach that separates a subset of SNPs that have exceptional environmental associations from the background associations generated by neutral processes, is usually combined with FST outlier tests to minimize false positives (Lotterhos and Whitlock, 2015; Li et al., 2017).

The steppe zone is a huge area in temperate Eurasia where different grasslands, dominated by various Stipa species, form the main type of vegetation (Pfadenhauer and Klötzli, 2020; Sergeev, 2021). Recent studies have shed light on the demographic history (Vintsek et al., 2022), phylogeny (Krawczyk et al., 2022), hybridization, and introgression events (Baiakhmetov et al., 2020; Baiakhmetov et al., 2021) of some Stipa species in Central Asia, advancing our understanding of this genus from different perspectives. Desert steppe, an important steppe formation of the Eurasian steppe, is the ecotone between grassland and desert (Chen et al., 2020). Compared with other grassland types, the desert steppe has far less vegetation, which is susceptible to climate change and anthropogenic disturbances (Zhao et al., 2002; Angerer et al., 2008). Stipa breviflora Griseb., as one of the dominant species in the desert steppe, is an important foraging resource because of its palatability, rich nutrient content, early greening, and resistance to grazing and drought (Ren et al., 2017; Yan et al., 2020). Moreover, S. breviflora has attracted attention for its potential use for water and soil conservation and for desertification control (Wang et al., 2018; Chen et al., 2020). However, this kind of desert steppe has undergone degradation succession, and the role of S. breviflora in constructing communities is likely to change as a consequence of global warming (Zhang et al., 2014; Wang et al., 2015; Wu et al., 2020; Lv et al., 2021).

The distribution of S. breviflora covers a large temperature and precipitation range, from the cold and dry climate of the Qinghai-Tibetan Plateau (QTP) to the relatively warm and wet Loess Plateau. However, how this species adapts to these highly heterogeneous habitats, both geographically and ecologically, is still unknown. To uncover the genomic basis of genetic variation and local adaptation of S. breviflora, we sampled 135 individual plants belonging to 27 populations from its distribution area. We generated two datasets: all-SNP dataset that derived from the original RADseq, and the outlier dataset that derived from the all-SNP dataset and represents the loci under selection. We generated two datasets: all-SNP dataset that derived from the original RADseq, and the outlier dataset that derived from the all-SNP dataset and represents the loci under selection. Our study will provide information on the inter-relationship existing between heterogeneous environments and genetic variability, which will deepen our understanding of the local adaptation of S. breviflora.




2 Materials and methods



2.1 Study species and sampling

Stipa breviflora is a wind-pollinated and selfing facultatively perennial grass (Wan et al., 1997) that is widely distributed across a continuous zone that stretches from the southwest of the Loess Plateau, across the Yinshan Mountains, to the south of the Mongolian Plateau (Zhang et al., 2012). It also dominates the desert steppe, within altitude zones that differ in terms of temperature, precipitation, and soil attributes, in mountains located in the Xinjiang region and the QTP (Zhang et al., 2012; Lv and Zhou, 2018) The plant regreens in early April and sets seeds from May to July. The seeds are characterized by a short plumose awn and spinulose lemma apex that allows for wind or zoochorous dispersal (Ye et al., 2020). It can also be propagated clonally via tillering. With its strong ecological adaptability, S. breviflora can be codominant with other Stipa species such as Stipa bungeana in warm–temperate steppes and Stipa krylovii in typical steppes (Lu and Wu, 1996).

The fresh leaves of 135 S. breviflora samples were collected from 27 localities throughout the species’ distribution area (Figure 1A; Table 1). From each population, five individuals were sampled at least 10 m apart to avoid sampling ramets of the same genet. Leaf materials were stored in liquid nitrogen in the field and frozen at –80°C in the laboratory. No specific permits were required for S. breviflora sampling and all samples were collected following government regulations.




Figure 1 | (A) Geographical locations of the 27 sampled populations of Stipa breviflora and (B) genetic structure for K = 4 based on admixture analysis. Abbreviations in both (A, B), such as PL and LZ, represent the sampling sites in the present study. K, number of clusters.




Table 1 | Population locations and summary of genetic statistics of S. breviflora.






2.2 Library construction, sequencing, and data processing

DNA extraction was performed with the Tiangen Plant DNA Extraction Kit DP305 (Tiangen, Beijing, China) in accordance with the manufacturer’s protocol. Extracted DNA was quantified by NanoDrop 2000 UV–Vis spectrophotometers (ThermoFisher Scientific, Waltham, MA, USA). Restriction site-associated DNA (RAD) libraries were prepared and sequenced for each DNA sample by Beijing Genomics Institute (BGI; Shenzhen, China) using the restriction enzyme EcoRI and sample-specific barcodes. Samples in the libraries were pooled and sequenced on an Illumina Hiseq X10 to generate 146-bp paired-end reads.

Standard quality control (QC) pipelines (BGI, Shenzhen, China) were used to process the raw sequencing data. Raw reads from the same library were demultiplexed according to index barcodes and reads containing adaptors were removed. Reads with more than 40% low-quality bases (phred scores < 20) and reads with more than 10% “Ns” were discarded using SOAPnuke v1.5.6 (Chen et al., 2018). STACKS v1.48 (Catchen et al., 2013) was used to assemble the clean reads into de novo loci, and to call the SNPs using the “denovo_map.pl” module with the following settings: minimum number of reads to create a stack, m = 2; maximum distance allowed between stacks, M = 2; maximum number of mismatches allowed between loci, n = 3; minimum number of populations a locus must be present in, p = 20; minimum percentage of individuals in a population required to process a locus for that population, r = 0.8; minimum minor allele frequency, min-maf = 0.05. In addition, data analysis was restricted to the first SNP per RAD locus, to reduce the impact of linkage disequilibrium (-write_single_snp). The filtered dataset (all-SNP dataset) of 25,786 SNPs was exported in vcf format using the “-vcf” option.




2.3 Population genetic diversity, structure, and differentiation

Nucleotide diversity (π), observed heterozygosity (Ho), expected heterozygosity (He), and inbreeding coefficient (Fis) were calculated using the “populations” module in STACKS v1.48 (Catchen et al., 2013). Genetic structure analysis and principal component analysis (PCA) were employed in this study. The population structure was investigated using ADMIXTURE v1.3.0 (Alexander et al., 2009). This program adopts an unsupervised approach to calculate a matrix of ancestry coefficients that are the proportions of an individual genome belonging to different ancestral populations. The input file was converted to “plink” format using VCFtools v0.1.13 (–plink) (Danecek et al., 2011) and to “ped” format using plink v2.0 (Chang et al., 2015). We ran ADMIXTURE with K ranging from 1 to 27 and repeated the process 10 times for each K (number of clusters) with different random seeds. The most probable number of clusters was inferred by the lowest cross-validation error. We also conducted PCA in plink v2.0 (Chang et al., 2015) to assess the genetic variance. Pairwise population differentiation (FST) was computed using the R package “hierfstat” (Goudet, 2005). Analysis of molecular variance (AMOVA) in Arlequin v3.5.2 (Excoffier and Lischer, 2010) was used to quantify the genomic variance between individuals, within and among sample groups, with significance tests based on 10,000 permutations.




2.4 Isolation by distance or environment

Environmental data (19 climatic variables for 1970-2000 with a spatial resolution of 1 km) were downloaded from WorldClim (http://www.worldclim.org) (Fick and Hijmans, 2017). PCA was applied to eliminate inter-correlations of these environmental variables and to extract independent climatic gradients. Both environmental and geographical distances were calculated by PASSaGE v2 (Rosenberg and Anderson, 2011). Genetic distances were estimated using the formula FST/(1 – FST). Mantel and partial Mantel tests were performed using the “vegan” package (Dixon, 2003). Multiple matrix regression with randomization (MMRR), an approach for quantifying geographical and ecological isolation, was implemented with 10,000 permutations in R with the MMRR script (Wang, 2013).




2.5 Outlier detection and functional annotation

We used both the FST outlier test and EAA to detect outliers. Firstly, Bayescan v2.1 (Foll and Gaggiotti, 2008) was used to detect the loci (under positive or balancing selection) with FST that deviated from expectations under a neutral model of selected. Bayescan v2.1 (Foll and Gaggiotti, 2008) was run with 20 pilot runs of 5,000 iterations followed by 100,000 iterations and an additional burn-in of 50,000 iterations. Loci with a false discovery rate (FDR) <0.05 were considered to be outliers. Secondly, to perform EAA, latent factor mixed modeling (LFMM) analysis and 19 bioclimatic factors were used to identify outliers in the LEA package with the “lfmm2” function (Frichot and François, 2015). We set a significance threshold of FDR-adjusted p < 0.01 to select loci under natural selection. The intersection of the loci obtained by both Bayescan and LFMM analysis constituted the outlier dataset. To annotate the function of identified outliers, their sequences were mapped against the transcriptome sequences of S. breviflora (non-published data) using the program BLASTN (Altschul et al., 1990) with an E-value cut-off of 10–5, as there is no available genome data of S. breviflora. Then, the Kyoto Encyclopedia of Genes and Genomes (KEGG, https://www.kegg.jp/) database and Gene Ontology (GO, http://geneontology.org/) database were used for BLAST search and annotation.




2.6 Determination of environmental impacts on genetic variation and local adaptation of S. breviflora

Gradient forest (GF) is a non-parametric, machine learning, regression tree approach that uses SNP allele frequencies (as response variables) and climatic data (as predictors) to identify environmental gradients that are associated with genetic variation and also to determine allele frequency turnover along that gradient. We applied gradient forest analysis to the all-SNP dataset and the outlier dataset, using gradientForest_0.1–18 (https://r-forge.r-project.org/R/?group_id=973). R packages “raster” (Hijmans et al., 2015) and “rgdal” (Hijmans et al., 2015) were used to extract 19 climatic variables at each sampling location. After removing variables with a Pearson’s R2 > 0.9, 12 climatic variables were retained to build the final GF model with the default parameters (Table S1). Then, The statistical significance of the most important environmental factor generated by GF analysis was then assessed using analysis of variance (ANOVA).





3 Results



3.1 Sequencing data

A total of 374.48 Gb of sequencing data were generated from 135 individuals of S. breviflora. Over 2,546 million reads passed initial quality controls. The mean, minimum, and maximum number of sequencing data for each individual were 18.86 million, 11.38 million, and 25.51 million, respectively (Table S2). By assembling and filtering in STACKS v1.48, the final dataset containing 25,786 polymorphic loci was retained for further analyses.




3.2 Population genetic diversity, structure, and differentiation

Stipa breviflora showed low genetic diversity at the species level, with a value of 0.1284 (He). Population HN, located in the central part of the S. breviflora distribution region, showed the highest genetic diversity with the highest Ho (0.2180), He (0.1919), and π (0.1146). In contrast, the peripheral population, PL, exhibited the lowest level of genetic diversity, with an Ho of 0.0076 and He of 0.0068 (Table 1). Admixture analysis indicated that K = 4 is the most likely number of genetic clusters according to the lowest cross-validation error value (Figure S1A). These four identified genetic clusters were largely consistent with their geographic distributions (Figure 1). All eastern populations formed Cluster 1. Cluster 2 was composed of populations from the northeastern QTP and the northern Tianshan Mountains, except for population TK. Cluster 3 included populations in the northern Tianshan Mountains and the northern Kunlun Mountains. The remaining two populations (PL and LZ) formed cluster 4. Using PCA, principal components 1 and 2 explained 22.12% and 14.19% of the total genetic variance, respectively, separated clusters 1 and 4 from other clusters, while clusters 2 and 3 were mixed (Figure 2A). As Table 2 indicates, the majority of variations (57.01%, p < 0.001) were explained among individuals within populations. Variation between groups accounted for only 17.99% of the total variance (p < 0.001), and a higher percentage of variance (25.00%, p < 0.001) was attributed to the difference among populations within groups. We detected a large genetic differentiation between populations, with FST values ranging from 0.04 (BN vs. HG) to 0.36 (PL vs. HJ) (Table S3).




Figure 2 | (A) Principal component analysis (PCA) based on 25,786 single nucleotide polymorphisms (SNPs). (B) Venn diagram showing overlap of SNPs identified by Bayescan and latent factor mixed modeling (LFMM).




Table 2 | The analysis of molecular variance (AMOVA) among 27 S. breviflora populations.



The Mantel test detected significant patterns in both isolation by distance (IBD) (r = 0.633, p < 0.01) and isolation by environment (IBE) (r = 0.625, p < 0.01) in S. breviflora populations, which were also supported by a partial Mantel test (IBD: r = 0.411, p < 0.01; IBE: r = 0.392, p < 0.01) and MMRR (IBD: β = 0.127, p < 0.01; IBE: β = 0.063, p < 0.01) (Table 3). These analyses suggested significant effects of both IBD and IBE on the divergence of S. breviflora populations. IBD explains slightly more of the variation in genetic differentiation than IBE.


Table 3 | Results of the Mantel test, partial Mantel test, and multiple matrix regression with randomization (MMRR).






3.3 Outlier analyses

Bayescan and LFMM analysis detected 494 and 1,455 outlier SNPs, respectively. There are 113 overlapping outlier SNPs were identified as outlier dataset (Figure 2B). Among them, three SNPs (loci 20733068, 17208702, and 17208770) were matched to two annotated contigs (receptor-like protein kinase 2 and common plant regulatory factor 1) in the S. breviflora transcriptome with an E value < 10–5 (Table 4). Locus 20733068 matched to receptor-like protein kinase 2 (RPK2; GO term: protein kinase activity; protein binding; ATP binding), which regulates plant growth (Mizuno et al., 2007). Loci 17208702 and 17208770 matched to common plant regulatory factor 1 (CPRF1; GO term: DNA-binding transcription factor activity; sequence-specific DNA binding), which relates to the light response of the plant (Table 4; Table S4).


Table 4 | Annotation information of the three candidate loci selected.






3.4 Genetic variation associated with environmental factors

We used the all-SNP dataset and outlier-SNP dataset to perform GF analyses to test the environmental effects on the population divergence and local adaptation of S. breviflora. The outlier-SNP dataset (Figure 3A) showed an overall higher R2 weighted importance value than the all-SNP dataset (Figure S2A). Figures 3B; Figure S2B indicate the cumulative importance of all allele frequency changes with the environmental gradient. Annual precipitation (bio12) showed a strong correlation with SNPs included in both of the two datasets. ANOVA analysis of annual precipitation (bio12) indicated a significant difference among four genetic clusters (F = 7.36; p < 0.05), demonstrating the considerable heterogeneity of precipitation in the study region. However, temperature factors appeared to be more highly associated with genetic differentiation for the all-SNP dataset, with bio2 (mean diurnal range), bio3 (isothermality), and bio1 (annual mean temperature) ranking second, third, and fourth in R2 weighted importance, respectively (Figure S2A). For the outlier-SNP dataset, annual precipitation (bio12), precipitation seasonality (bio15), and precipitation of the coldest quarter (bio19) are important (Figure 3A).




Figure 3 | Gradient forest (GF) analysis of outlier-single nucleotide polymorphism (SNP) dataset. (A) R2-weighted importance of environmental variables. (B) Cumulative importance of allelic change along the first six environmental gradients. The bioclimatic factors included both in figure (A, B) are as follows: bio1, annual mean temperature; bio2, mean diurnal range; bio3 isothermality; bio4 temperature seasonality; bio5, max temperature of warmest month; bio6, minimum temperature of coldest month; bio7, temperature annual range; bio9, mean temperature of driest month; bio12, annual precipitation; bio14, precipitation of driest month; bio15, precipitation seasonality; and bio19, precipitation of coldest quarter.







4 Discussion



4.1 Genetic diversity, structure, and differentiation

We detected a low level of genetic diversity in S. breviflora (He = 0.1284) using RAD sequencing data (Table 1). This is in sharp contrast to previous studies by Yan et al. (2020) (He = 0.34) and Ren et al. (2022) (He = 0.52), which were based on simple-sequence repeat (SSR) markers. A similar phenomenon occurs in the study of maize germplasm (He = 0.263 and He = 0.77 based on SNPs and SSRs, respectively) (Taramino and Tingey, 1996; Rafalski, 2002). This result may be due to the differences in molecular marker systems. SSR allelic diversity is generated by replication slippage, which contributes to the multiallelic characteristic of SSR markers (Gupta and Varshney, 2000; Varshney et al., 2005). SNP markers are mainly biallelic and consequently exhibit less information than SSR markers (Varshney et al., 2007). In addition, our results demonstrated a spatial configuration of decreasing genetic diversity from the center to the peripheral populations, as indicated by the trend of Ho, He, and π (Table 1). This center-to-edge pattern of genetic diversity has also been observed in many other species, such as Emmenopterys henryi (Xu et al., 2021), Euptelea pleiosperma (Wei et al., 2016), and Taxus wallichiana var. mairei (Liu et al., 2019).

Our admixture analysis identified four optimal clusters along the distribution range of S. breviflora (Figure 1A), and this was also supported by PCA results (Figure 2A). These clusters almost entirely corresponded to different geographic regions. Western populations were mainly distributed in the Mongolian Plateau and Loess Plateau, which are relatively flat with no large geographical barriers to gene flow. In contrast, eastern populations were geographically separated by the Tianshan Mountains and the QTP, which likely act not only as dispersal boundaries, limiting the gene flow of S. breviflora, but also create the complicated and heterogeneous habitats that promote local adaptation, shaping the spatial pattern of the genetic structure. In our recorded observations, we noticed that S. breviflora tends to have longer reproductive branches in regions with high precipitation levels. Moreover, we observed the purple spikelet of the S. breviflora in PL, which is distinct from the green, yellow–green, or pale-yellow (depending on the phenological stage) spikelet in other populations. We speculated that the distinctive purple spikelet is an adaptive trait that enables the species to survive in a harsh environment with strong solar radiation in the QTP. Both IBD and IBE played important roles in triggering genetic differentiation in S. breviflora (Table 3). However, only significant IBD was detected in the previous studies of Zhang et al. (2012) and Ren et al. (2022). This may be because a great number of SNPs were used in the present study, which provides more informative loci to explain the genetic differentiation of S. breviflora. In addition, PCA demonstrated mixed phenomena among populations TK, AK, and HJ (Figure 1A; Figure S3). We suggest that a future study should use a larger sample size for TK, AK, and HJ, to obtain clearer clustering results, as AMOVA results indicate that genetic variation within populations accounted for the majority (57.01%) of variations in S. breviflora (Table 1).




4.2 Impacts of environmental heterogeneity on population divergence and local adaptation

Annual precipitation (bio12) was detected as the most important climatic variable in the two datasets (Figure 3; Figure S2), suggesting that precipitation is an important driver of the genetic variation and local adaptation of S. breviflora populations. However, the increasing pattern of bio12’s cumulative importance was different between datasets. It showed a gradual increase for the all-SNP dataset (Figure S2B); however, a step-like increase at 50 mm, 100 mm, and 200 mm of precipitation was observed for the outlier-SNPs dataset (Figure 3B), suggesting that the outlier frequency of S. breviflora changed to adapt to precipitation changes in the regions with rainfalls of 50 mm, 100 mm, and 200 mm. The effects of temperature factors such as mean diurnal range (bio2), isothermality (bio3), and annual mean temperature (bio1) were also noticeable, as Figure S2 shows. Our finding that temperature plays an important role in the genetic differentiation of S. breviflora populations is consistent with the results of a previous study by Zhang et al. (2012). Stipa breviflora is mainly distributed in temperate eastern Asia, where there are temporal and spatial variations in rainfall, confined mainly to summer (Dore, 2005). Therefore, it is not surprising to find that both precipitation and temperature contributed to the population differentiation of S. breviflora in the present study, as precipitation and temperature are often linearly related to the distribution areas of plants. Although most studies use GF analysis to explore the relationship between environmental and genetic differentiation, we combined the methods of FST outlier tests and EAA, and selected outliers for GF analysis, providing a new insight into the mechanism for S. breviflora local adaptation, i.e., that precipitation plays a key role in the process of local adaptation.




4.3 Genomic signatures associated with local adaptation

We obtained the gene RPK2 and transcription factor CPRF1 by blasting outlier loci to the transcriptome data of S. breviflora. RPK2 is a regulator of plant meristem maintenance (Kinoshita et al., 2010) and plays a part in anther and embryo development (Mizuno et al., 2007). This gene is involved in the signaling pathway CLAVATA 3 (CLV3), which controls stem renewal and differentiation (Shimizu et al., 2015; Shinohara and Matsubayashi, 2015). Considering that S. breviflora lives in a highly heterogeneous and complicated environment, we speculate that RPK2 may contribute to balance cell proliferation and differentiation to help it survive in harsh environments. CPRF1 is a transcription factor involved in the regulation of chalcone synthase (CHS) gene expression, which is responsible for light responsiveness (Feldbrügge et al., 1994; Jiao et al., 2007). UV light induces synthesis of CPRF1, which activates the expression of the light-responsive CHS gene, a key gene in the biosynthesis of flavonoids that protect plants against the damaging effects of UV irradiation (Strid et al., 1994; Sprenger-Haussels and Weisshaar, 2000; Zhang et al., 2018). We suggest that CPRF1 is of importance in facilitating the adaptation of S. breviflora to the intense UV radiation found in the QTP region.

There were some limits to our study. Firstly, given that RADseq covers only the partial genome of S. breviflora, we could obtain only a portion of the loci involved in adaptation. Secondly, the lack of whole-genome data for S. breviflora also brings bias and inaccuracy to the annotation of outliers. Thirdly, genetic variations that relate to local adaptation are most likely polygenic and controlled by numerous small-effect genes (Savolainen et al., 2013), and it is still challenging for most methods to detect loci with small or moderate effects (Wellenreuther and Hansson, 2016). Finally, pleiotropy is a common phenomenon in which a mutation in one gene can affect more than one phenotypic character. In the present study, it is possible that a single adaptive locus may be associated with multiple phenotypes. However, without sufficient phenotypic information, it is difficult to link specific traits to their underlying genetic mutations. To establish these connections, genome-wide association studies (GWAS) should be considered for future studies.






Data availability statement

The data presented in the study are deposited in the GSA (Genome Sequence Archive) of NGDC (National Genomics Data Center) repository, accession number CRA007694.





Author contributions

JN contributed to the conception and design of the study. JN, DY, JL, YF, and ZL contributed to the investigation of the study. ZD, DY, and JL performed the statistical analysis. DY and JL performed the visualization of the study. DY wrote the original draft of the manuscript. JN revised and edited the manuscript. All authors contributed to the article and approved the submitted version.





Funding

This work was supported by the National Natural Science Foundation of China (31860106) and the Major Science and Technology Projects of Inner Mongolia Autonomous Region (2019ZD008).





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpls.2023.1170075/full#supplementary-material




References

 Aguirre-Liguori, J. A., Ramírez-Barahona, S., and Gaut, B. S. (2021). The evolutionary genomics of species’ responses to climate change. Nat. Ecol. Evol. 1-11. doi: 10.1038/s41559-021-01526-9

 Alexander, D. H., Novembre, J., and Lange, K. (2009). Fast model-based estimation of ancestry in unrelated individuals. Genome Res. 19 (9), 1655–1664. doi: 10.1101/gr.094052.109

 Altschul, S. F., Gish, W., Miller, W., Myers, E. W., and Lipman, D. J. (1990). Basic local alignment search tool. J. Mol. Biol. 215 (3), 403–410. doi: 10.1016/S0022-2836(05)80360-2

 Angerer, J., Han, G., Fujisaki, I., and Havstad, K. (2008). Climate change and ecosystems of Asia with emphasis on inner Mongolia and Mongolia. Rangelands 30 (3), 46–51. doi: 10.2111/1551-501X(2008)30[46:CCAEOA]2.0.CO;2

 Baiakhmetov, E., Nowak, A., Gudkova, P. D., and Nobis, M. (2020). Morphological and genome-wide evidence for natural hybridisation within the genus Stipa (Poaceae). Sci. Rep. 10 (1), 1–14. doi: 10.1038/s41598-020-70582-1

 Baiakhmetov, E., Ryzhakova, D., Gudkova, P. D., and Nobis, M. (2021). Evidence for extensive hybridisation and past introgression events in feather grasses using genome-wide SNP genotyping. BMC Plant Biol. 21 (1), 505. doi: 10.1186/s12870-021-03287-w

 Balkenhol, N., Dudaniec, R. Y., Krutovsky, K. V., Johnson, J. S., Cairns, D. M., Segelbacher, G., et al. (2017). “Landscape genomics: understanding relationships between environmental heterogeneity and genomic characteristics of populations,” in Population genomics (Cham, Switzerland: Springer), 261–322.

 Catchen, J., Hohenlohe, P. A., Bassham, S., Amores, A., and Cresko, W. A. (2013). Stacks: an analysis tool set for population genomics. Mol. Ecol. 22 (11), 3124–3140. doi: 10.1111/mec.12354

 Chang, C. C., Chow, C. C., Tellier, L. C., Vattikuti, S., Purcell, S. M., and Lee, J. J. (2015). Second-generation PLINK: rising to the challenge of larger and richer datasets. GigaScience 4, 7. doi: 10.1186/s13742-015-0047-8

 Chen, Y., Chen, Y., Shi, C., Huang, Z., Zhang, Y., Li, S., et al. (2018). SOAPnuke: a MapReduce acceleration-supported software for integrated quality control and preprocessing of high-throughput sequencing data. GigaScience 7, 1–6. doi: 10.1093/gigascience/gix120

 Chen, L., Saixi, Y., Yi, R., and Baoyin, T. (2020). Characterization of soil microbes associated with a grazing-tolerant grass species, Stipa breviflora, in the inner Mongolian desert steppe. Ecol. Evol. 10 (19), 10607–10618. doi: 10.1002/ece3.6715

 Danecek, P., Auton, A., Abecasis, G., Albers, C. A., Banks, E., DePristo, M. A., et al. (2011). The variant call format and VCFtools. Bioinformatics 27 (15), 2156–2158. doi: 10.1093/bioinformatics/btr330

 Dixon, P. (2003). VEGAN, a package of r functions for community ecology. J. Veg. Sci. 14 (6), 927–930. doi: 10.1111/j.1654-1103.2003.tb02228.x

 Dore, M. H. I. (2005). Climate change and changes in global precipitation patterns: what do we know? Environ. Int. 31 (8), 1167–1181. doi: 10.1016/j.envint.2005.03.004

 Excoffier, L., and Lischer, H. E. L. (2010). Arlequin suite ver 3.5: a new series of programs to perform population genetics analyses under Linux and windows. Mol. Ecol. Resour. 10 (3), 564–567. doi: 10.1111/j.1755-0998.2010.02847.x

 Feldbrügge, M., Sprenger, M., Dinkelbach, M., Yazaki, K., Harter, K., and Weisshaar, B. (1994). Functional analysis of a light-responsive plant bZIP transcriptional regulator. Plant Cell 6, 1607–1621. doi: 10.1105/tpc.6.11.1607

 Fick, S. E., and Hijmans, R. J. (2017). WorldClim 2: new 1-km spatial resolution climate surfaces for global land areas. Int. J. Climatol. 37 (12), 4302–4315. doi: 10.1002/joc.5086

 Foll, M., and 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. doi: 10.1534/genetics.108.092221

 Frichot, E., and François, O. (2015). LEA: an r package for landscape and ecological association studies. Methods Ecol. Evol. 6 (8), 925–929. doi: 10.1111/2041-210X.12382

 Goudet, J. (2005). Hierfstat, a package for r to compute and test hierarchical f-statistics. Mol. Ecol. Notes 5 (1), 184–186. doi: 10.1111/j.1471-8286.2004.00828.x

 Guerrero, J., Andrello, M., Burgarella, C., and Manel, S. (2018). Soil environment is a key driver of adaptation in Medicago truncatula: new insights from landscape genomics. New Phytol. 219 (1), 378–390. doi: 10.1111/nph.15171

 Gugger, P. F., Fitz-Gibbon, S. T., Albarrán-Lara, A., Wright, J. W., and Sork, V. L. (2021). Landscape genomics of Quercus lobata reveals genes involved in local climate adaptation at multiple spatial scales. Mol. Ecol. 30 (2), 406–423. doi: 10.1111/mec.15731

 Gupta, P., and Varshney, R. (2000). The development and use of microsatellite markers for genetic analysis and plant breeding with emphasis on bread wheat. Euphytica 113 (3), 163–185. doi: 10.1023/A:1003910819967

 Hijmans, R. J., Van Etten, J., Cheng, J., Mattiuzzi, M., Sumner, M., Greenberg, J. A., et al. (2015). Package ‘raster’. R Package 734.

 Jiao, Y., Lau, O. S., and Deng, X. W. (2007). Light-regulated transcriptional networks in higher plants. Nat. Rev. Genet. 8 (3), 217–230. doi: 10.1038/nrg2049

 Joost, S., Bonin, A., Bruford, M. W., Després, L., Conord, C., Erhardt, G., et al. (2007). A spatial analysis method (SAM) to detect candidate loci for selection: towards a landscape genomics approach to adaptation. Mol. Ecol. 16 (18), 3955–3969. doi: 10.1111/j.1365-294X.2007.03442.x

 Kawecki, T. J., and Ebert, D. (2004). Conceptual issues in local adaptation. Ecol. Lett. 7 (12), 1225–1241. doi: 10.1111/j.1461-0248.2004.00684.x

 Kinoshita, A., Betsuyaku, S., Osakabe, Y., Mizuno, S., Nagawa, S., Stahl, Y., et al. (2010). RPK2 is an essential receptor-like kinase that transmits the CLV3 signal in arabidopsis. Development 137 (22), 3911–3920. doi: 10.1242/dev.048199

 Körner, C. (2016). Plant adaptation to cold climates. F1000Research 5, 1–5. doi: 10.12688/f1000research.9107.1

 Krawczyk, K., Myszczyński, K., Nobis, M., and Sawicki, J. (2022). Insights into adaptive evolution of plastomes in Stipa l. (Poaceae). BMC Plant Biol. 22 (1), 525. doi: 10.1186/s12870-022-03923-z

 Lasky, J. R., Des Marais, D. L., Lowry, D. B., Povolotskaya, I., McKay, J. K., Richards, J. H., et al. (2014). Natural variation in abiotic stress responsive gene expression and local adaptation to climate in Arabidopsis thaliana. Mol. Biol. Evol. 31 (9), 2283–2296. doi: 10.1093/molbev/msu170

 Li, Y., Zhang, X., Mao, R., Yang, J., Miao, C., Li, Z., et al. (2017). Ten years of landscape genomics: challenges and opportunities. Front. Plant Sci. 8. doi: 10.3389/fpls.2017.02136

 Li, J., Zhu, X., Li, Y., Liu, Y., Qian, Z., Zhang, X., et al. (2018). Adaptive genetic differentiation in Pterocarya stenoptera (Juglandaceae) driven by multiple environmental variables were revealed by landscape genomics. BMC Plant Biol. 18 (1), 1–12. doi: 10.1186/s12870-018-1524-x

 Liu, L., Wang, Z., Huang, L., Wang, T., and Su, Y. (2019). Chloroplast population genetics reveals low levels of genetic variation and conformation to the central–marginal hypothesis in Taxus wallichiana var mairei, an endangered conifer endemic to China. Ecol. Evol. 9 (20), 11944–11956. doi: 10.1002/ece3.5703

 Lotterhos, K. E., and Whitlock, M. C. (2015). The relative power of genome scans to detect local adaptation depends on sampling design and statistical method. Mol. Ecol. 24 (5), 1–16. doi: 10.1111/mec.13100

 Lu, S., and Wu, Z. (1996). On geographical distribution of the genus Stipa l. in China. J. Syst. Evol. 34 (3), 242–253.

 Lv, G., Wang, Z., Guo, N., Xu, X., Liu, P., and Wang, C. (2021). Status of Stipa breviflora as the constructive species will be lost under climate change in the temperate desert steppe in the future. Ecol. Indic. 126, 107715. doi: 10.1016/j.ecolind.2021.107715

 Lv, X., and Zhou, G. (2018). Climatic suitability of the geographic distribution of Stipa breviflora in Chinese temperate grassland under climate change. Sustainability 10 (10), 3767. doi: 10.3390/su10103767

 Mayol, M., Riba, M., Cavers, S., Grivet, D., Vincenot, L., Cattonaro, F., et al. (2020). A multiscale approach to detect selection in nonmodel tree species: widespread adaptation despite population decline in. Taxus baccata L. Evol. Appl. 13 (1), 143–160. doi: 10.1111/eva.12838

 Mizuno, S., Osakabe, Y., Maruyama, K., Ito, T., Osakabe, K., Sato, T., et al. (2007). Receptor-like protein kinase 2 (RPK 2) is a novel factor controlling anther development in Arabidopsis thaliana. Plant J. 50 (5), 751–766. doi: 10.1111/j.1365-313X.2007.03083.x

 Narum, S. R., and Hess, J. E. (2011). Comparison of FST outlier tests for SNP loci under selection. Mol. Ecol. Resour. 11, 184–194. doi: 10.1111/j.1755-0998.2011.02987.x

 Pfadenhauer, J. S., and Klötzli, F. A. (2020). Global vegetation: fundamentals, ecology and distribution (Cham, Switzerland: Springer Nature).

 Rafalski, A. B. (2002). Applications of single nucleotide polymorphisms in crop genetics. Curr. Opin. Plant Biol. 5 (2), 94–100. doi: 10.1016/S1369-5266(02)00240-6

 Rellstab, C., Gugerli, F., Eckert, A. J., Hancock, A. M., and Holderegger, R. (2015). A practical guide to environmental association analysis in landscape genomics. Mol. Ecol. 24 (17), 4348–4370. doi: 10.1111/mec.13322

 Ren, J., Su, Z., Dang, Z., Ding, Y., Wang, P., and Niu, J. (2017). Development and characterization of EST-SSR markers in Stipa breviflora (Poaceae). Appl. Plant Sci. 5 (4), 1600157. doi: 10.3732/apps.1600157

 Ren, J., Yan, D., Ma, Y., Liu, J., Su, Z., Ding, Y., et al. (2022). Combining phylogeography and landscape genetics reveals genetic variation and distribution patterns of Stipa breviflora populations. Flora 293, 152102. doi: 10.1016/j.flora.2022.152102

 Rosenberg, M. S., and Anderson, C. D. (2011). PASSaGE: pattern analysis, spatial statistics and geographic exegesis. version 2. Methods Ecol. Evol. 2 (3), 229–232. doi: 10.1111/j.2041-210X.2010.00081.x

 Savolainen, O., Lascoux, M., and Merilä, J. (2013). Ecological genomics of local adaptation. Nat. Rev. Genet. 14 (11), 807–820. doi: 10.1038/nrg3522

 Schoville, S. D., Bonin, A., François, O., Lobreaux, S., Melodelima, C., and Manel, S. (2012). Adaptive genetic variation on the landscape: methods and cases. Annu. Rev. Ecol. Evol. Syst. 43, 23–43. doi: 10.1146/annurev-ecolsys-110411-160248

 Sergeev, M. G. (2021). Distribution patterns of grasshoppers and their kin over the Eurasian steppes. Insects 12, 77. doi: 10.3390/insects12010077

 Shimizu, N., Ishida, T., Yamada, M., Shigenobu, S., Tabata, R., Kinoshita, A., et al. (2015). BAM 1 and RECEPTOR-LIKE PROTEIN KINASE 2 constitute a signaling pathway and modulate CLE peptide-triggered growth inhibition in A rabidopsis root. New Phytol. 208 (4), 1104–1113. doi: 10.1111/nph.13520

 Shinohara, H., and Matsubayashi, Y. (2015). Reevaluation of the CLV3-receptor interaction in the shoot apical meristem: dissection of the CLV3 signaling pathway from a direct ligand-binding point of view. Plant J. 82 (2), 328–336. doi: 10.1111/tpj.12817

 Sork, V. L., Aitken, S. N., Dyer, R. J., Eckert, A. J., Legendre, P., and Neale, D. B. (2013). Putting the landscape into the genomics of trees: approaches for understanding local adaptation and population responses to changing climate. Tree Genet. Genomes 9 (4), 901–911. doi: 10.1007/s11295-013-0596-x

 Sprenger-Haussels, M., and Weisshaar, B. (2000). Transactivation properties of parsley proline-rich bZIP transcription factors. Plant J. 22 (1), 1–8. doi: 10.1046/j.1365-313x.2000.00687.x

 Strid, Å., Chow, W. S., and Anderson, J. M. (1994). UV-B damage and protection at the molecular level in plants. Photosynth. Res. 39 (3), 475–489. doi: 10.1007/BF00014600

 Taramino, G., and Tingey, S. (1996). Simple sequence repeats for germplasm analysis and mapping in maize. Genome 39 (2), 277–287. doi: 10.1139/g96-038

 Varshney, R. K., Chabane, K., Hendre, P. S., Aggarwal, R. K., and Graner, A. (2007). Comparative assessment of EST-SSR, EST-SNP and AFLP markers for evaluation of genetic diversity and conservation of genetic resources using wild, cultivated and elite barleys. Plant Sci. 173 (6), 638–649. doi: 10.1016/j.plantsci.2007.08.010

 Varshney, R. K., Graner, A., and Sorrells, M. E. (2005). Genic microsatellite markers in plants: features and applications. Trends Biotechnol. 23 (1), 48–55. doi: 10.1016/j.tibtech.2004.11.005

 Vintsek, L., Klichowska, E., Nowak, A., and Nobis, M. (2022). Genetic differentiation, demographic history and distribution models of high alpine endemic vicariants outline the response of species to predicted climate changes in a central Asian biodiversity hotspot. Ecol. Indic. 144, 109419. doi: 10.1016/j.ecolind.2022.109419

 Wan, T., Wei, Z., Yang, J., and Zhang, E. (1997). Study of pollen morphology of 6 species of Stipa l. in the grassland of inner Mongolia. Acta Agrestia Sin. 5 (2), 117–122.

 Wang, I. J. (2013). Examining the full effects of landscape heterogeneity on spatial genetic variation: a multiple matrix regression approach for quantifying geographic and ecological isolation. Evolution 67 (12), 3403–3411. doi: 10.5061/dryad.kt71r

 Wang, Z., Li, Y., Hao, X., Zhao, M., and Han, G. (2015). Responses of plant community coverage to simulated warming and nitrogen addition in a desert steppe in northern China. Ecol. Res. 30 (4), 605–614. doi: 10.1007/s11284-015-1265-3

 Wang, B., Zhang, G., Yang, Y., Li, P., and Liu, J. (2018). Response of soil detachment capacity to plant root and soil properties in typical grasslands on the loess plateau. Agric. Ecosyst. Environ. 266, 68–75. doi: 10.1016/j.agee.2018.07.016

 Watson-Lazowski, A., Lin, Y., Miglietta, F., Edwards, R. J., Chapman, M. A., and Taylor, G. (2016). Plant adaptation or acclimation to rising CO2? insight from first multigenerational RNA-seq transcriptome. Global Change Biol. 22 (11), 3760–3773. doi: 10.1111/gcb.13322

 Wei, X., Sork, V. L., Meng, H., and Jiang, M. (2016). Genetic evidence for central-marginal hypothesis in a Cenozoic relict tree species across its distribution in China. J. Biogeogr. 43 (11), 2173–2185. doi: 10.1111/jbi.12788

 Wellenreuther, M., and Hansson, B. (2016). Detecting polygenic evolution: problems, pitfalls, and promises. Trends Genet. 32 (3), 155–164. doi: 10.1016/j.tig.2015.12.004

 Wu, Q., Ren, H., Wang, Z., Li, Z., Liu, Y., Wang, Z., et al. (2020). Additive negative effects of decadal warming and nitrogen addition on grassland community stability. J. Ecol. 108 (4), 1442–1452. doi: 10.1111/1365-2745.13363

 Xu, W. Q., Comes, H. P., Feng, Y., Zhang, Y. H., and Qiu, Y. X. (2021). A test of the centre–periphery hypothesis using population genetics in an East Asian tertiary relict tree. J. Biogeogr. 00), 1–12. doi: 10.1111/jbi.14244

 Yan, D., Ren, J., Liu, J., Ding, Y., and Niu, J. (2020). De novo assembly, annotation, marker discovery, and genetic diversity of the Stipa breviflora Griseb.(Poaceae) response to grazing. PloS One 15 (12), e0244222. doi: 10.1371/journal

 Ye, R., Liu, G., Chang, H., Shan, Y., Mu, L., Wen, C., et al. (2020). Response of plant traits of Stipa breviflora to grazing intensity and fluctuation in annual precipitation in a desert steppe, northern China. Global Ecol. Conserv. 24, e01237. doi: 10.1016/j.gecco.2020.e01237

 Zhang, T., Guo, R., Gao, S., Guo, J. X., and Sun, W. (2014). Response of plant community composition and productivity to warming and nitrogen deposition in a temperate meadow ecosystem. Biogeosci. Discuss. 11 (5), 6647–6672. doi: 10.5194/bgd-11-6647-2014

 Zhang, Q., Niu, J. M., Wu, S., Buyantuyev, A., and Dong, J. J. (2012). Impact of climatic factors on genetic diversity of Stipa breviflora populations in inner Mongolia. Genet. Mol. Res. 11 (3), 2081–2093. doi: 10.4238/2012.August.6.12

 Zhang, X., Sun, Y., Landis, J. B., Zhang, J., Yang, L., Lin, N., et al. (2020). Genomic insights into adaptation to heterogeneous environments for the ancient relictual Circaeaster agrestis (Circaeasteraceae, ranunculales). New Phytol. 228 (1), 285–301. doi: 10.1111/nph.16669

 Zhang, X., Zheng, X., Sun, B., Peng, C., and Chow, W. S. (2018). Over-expression of the CHS gene enhances resistance of Arabidopsis leaves to high light. Environ. Exp. Bot. 154, 33–43. doi: 10.1016/j.envexpbot.2017.12.011

 Zhao, M., P., N. R., Yan, X., and Dong, W. (2002). Modelling the vegetation of China under changing climate. Acta Geogr. Sin. 57 (1), 28–38.

 Zheng, G., Tian, B., Zhang, F., Tao, F., and Li, W. (2011). Plant adaptation to frequent alterations between high and low temperatures: remodelling of membrane lipids and maintenance of unsaturation levels. Plant Cell Environ. 34 (9), 1431–1442. doi: 10.1111/j.1365-3040.2011.02341.x




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2023 Yan, Liu, Fan, Lian, Dang and Niu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fpls-14-1170075-g001.jpg
50°0'0"N

40°0'0"N

30°0'0"N

80°0'0"E

90°0'0"E

100°0'0"E

100°0'0"E

110°0'0"E

Elev:

120°0'0"E

luster4

ation
- High : 7734.14

~ Low :-995.058

120°0'0"E

50°0'0"N

40°0'0"N

30°0'0"N





OEBPS/Images/fpls-14-1170075-g003.jpg
bio3+
bio144
bio7+4
bio5+
bio4d T [ Precipitation
biosd === [ Temperature
O.E)O 0.2)5 0.|10

R % weighted importance

Cumulative importance

0.00 0.06 0.12 0.00 0.06 0.12

0.00 0.06 0.12

L

L

o
s
&
S
O_
o—,_l'_rl_,—""
S
T T T T T T T ST T T T T T
50 150 250 350 50 70 90 110
bio12 bio15
o
s
o
S
O_
R
=
T T T o T T T T T TT1
5 10 20 -14 =10 -6 -2
bio19 bio9
o
CHl
o
o4
o]
,___"’_H O—J"—’_‘_/
(=
sSTTTTTTTIT






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Genomic insights into genetic diversity and local adaptation of a dominant desert steppe feather grass, Stipa breviflora Griseb.

      

        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Study species and sampling

          



          		

            2.2 Library construction, sequencing, and data processing

          



          		

            2.3 Population genetic diversity, structure, and differentiation

          



          		

            2.4 Isolation by distance or environment

          



          		

            2.5 Outlier detection and functional annotation

          



          		

            2.6 Determination of environmental impacts on genetic variation and local adaptation of S. breviflora

          



        



        



        		

          3 Results

        

          		

            3.1 Sequencing data

          



          		

            3.2 Population genetic diversity, structure, and differentiation

          



          		

            3.3 Outlier analyses

          



          		

            3.4 Genetic variation associated with environmental factors

          



        



        



        		

          4 Discussion

        

          		

            4.1 Genetic diversity, structure, and differentiation

          



          		

            4.2 Impacts of environmental heterogeneity on population divergence and local adaptation

          



          		

            4.3 Genomic signatures associated with local adaptation

          



        



        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/table2.jpg
Source of variati Fixation index

Among groups 3 299.36 1.49 17.99 0.18*
Among populations within groups 23 585.00 2.07 25.00 0.30*
Within populations 243 1147.80 4.72 57.01 0.43*

Total 269 2032.16 8.29

df, degrees of freedom; *p < 0.01.





OEBPS/Images/table4.jpg
D

nam Length (bp) E-value

SCrip
20733068 RPK2 Receptor-like protein kinase 2 146 1.47E-72

17208702;17208770 CPRF1 Common plant regulatory factor 1 146 147E-72





OEBPS/Images/table3.jpg
Mantel test Partial Mantel test

p
IBD 0.633 100E-04* 0411 1.00E-04* 0127 1.00E-04*
IBE 0.625 1.00E-04* 0392 4.00E-04* 0.063 9.00E-04*

IBD, isolation by distance; IBE, isolation by environment; *p < 0.01.





OEBPS/Images/fpls.2023.1170075_cover.jpg
& frontiers | Frontiers in Plant Science

Genomic insights into genetic diversity and
local adaptation of a dominant desert
steppe feather grass, Stipa breviflora

Griseb.





OEBPS/Images/logo.jpg
, frontiers ‘ Frontiers in Plant Science





OEBPS/Images/fpls-14-1170075-g002.jpg
cluster4

cluster1

5
e
A
X

0.2

0.1

0.0

-0.1

T
N
2

-0.44

(%61 ¥1)20d

PC1(22.12%)





OEBPS/Images/table1.jpg
Cluster Populatio Elevation

Cluster 1 WN 119.2 42.6 576.1 5 0.0172 0.0955 0.0839 0.1860
BL 115.4 42.4 1287.7 5 0.0163 0.1713 0.1534 0.3523

BT 1149 42.5 1236.9 5 0.0131 0.1291 0.1156 0.2754

BN 112.1 423 1304.9 5 0.0826 0.1755 0.1564 0.2059

HG 111.6 42.1 1283.9 5 0.0473 0.1890 0.1686 0.3175

G 111.0 39.8 1160.2 5 ‘ 0.0268 0.1751 0.1556 0.3315

BY 108.9 41.5 13304 5 0.0575 0.1868 0.1664 0.2863

CJ 108.3 41.8 1378.2 E 0.0145 0.1983 0.1768 0.4188

HQ 108.6 39.8 13425 5 0.0149 0.1693 0.1571 0.3524

ET 107.4 39.5 1386.0 5 0.0253 0.1831 0.1635 0.3572

HX 106.9 37.1 1554.8 5 0.0192 0.2059 0.1827 0.4175

wzZ 106.2 37.3 1687.5 5 0.0230 0.1542 0.1359 0.2741

SH 105.1 39.8 1461.6 5i 0.0117 0.1725 0.1536 0.3569

GL 103.8 36.3 1784.1 5 0.0964 0.1951 0.1725 0.2135

ML 100.9 38.4 24409 5 . 0.0227 0.2068 0.1844 0.4133

HN 100.6 36.3 2956.3 5 0.1146 0.2180 0.1919 0.2299

DL 97.4 37.4 3049.5 5 0.0175 0.1872 0.1656 0.3706

Cluster 2 AK 943 39.4 2623.4 5 0.0218 0.1934 0.1725 0.3848
BK 93.5 43.5 1980.1 5 0.0126 0.0775 0.0694 0.1515

HJ 86.3 42.9 2141.2 5 0.0260 0.0676 0.0603 0.0775

TL 834 45.9 1208.4 5 0.0121 0.0778 0.0697 0.1445

Cluster 3 TK 82.0 43.2 11136 5 0.0146 0.0932 0.0831 0.1740
KS 754 40.1 2583.2 5 0.0146 0.0931 0.0825 0.1734

YC 77.0 37.1 2629.5 5 0.0150 0.1215 0.1076 0.2328

MF 83.2 36.7 2485.1 5 0.0167 0.0936 0.0828 0.1807

Cluster 4 Lz 923 28.5 3996.5 5 0.0223 0.0535 0.0472 0.0823
PL 81.2 30.3 3863.5 5 0.0131 0.0076 0.0068 -0.0099

mean 5 0.0292 0.1441 0.1284 0.2574

n, number of individuals sampled; 7, nucleotide diversity; Ho, observed heterozygosity; He, expected heterozygosity; Fis, inbreeding coefficient.





