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Abstract 29 

Climate change is threatening plant health and productivity at all spatial scales, 30 

and these impacts are further compounded by the rising incidence of invasive 31 

pests and pathogens. Effectively addressing these challenges requires a 32 

comprehensive understanding of plant demography as well as the mechanisms 33 

and drivers of adaptation. Achieving this understanding requires the 34 

integration of physiological, ecological, and genetic datasets. However, such 35 

integration is often hindered by disconnected data sources, inconsistent 36 

metadata standards, and limited tools to link, analyze, and visualize multi-37 

dimensional datasets in a unified framework. Addressing these hurdles is 38 

critical to advancing the understanding of species responses to environmental 39 

change and developing informed strategies for conservation, restoration, and 40 

adaptive management. 41 

 42 

CartograPlant (https://cartograplant.org) is a web-based interactive application 43 

which facilitates the visualization and analysis of genotypic, phenotypic, and 44 

environmental data, as well as associated metadata, from georeferenced 45 

individuals. Developed as a Tripal module, CartograPlant addresses a critical 46 

gap in biological data integration by enabling users to explore complex eco-47 

https://cartograplant.org/


evolutionary patterns across space and time. Recent updates have expanded its 48 

data sources, improved interoperability, and introduced NextFlow pipelines 49 

alongside new tools for the integration and analysis of these data. 50 

CartograPlant offers a scalable, flexible, and continually-updated platform for 51 

researchers, conservationists, land managers, and plant breeders to better 52 

understand and mitigate the impacts of global change on plant biodiversity, 53 

accelerate resilience in breeding programs, and inform data-driven decisions 54 

in agriculture and ecosystem management.  55 



1 | Introduction 56 

Globally, plant species face pressures from habitat loss, native and invasive 57 

pests and pathogens, and climate change (Urban 2015, 2024; Nadeau et al. 2017). 58 

The upcoming century is forecasted to bring increasingly novel climates with 59 

no historical analog (Mahony et al. 2018; Smith et al. 2022; Ordonez et al. 2024; 60 

Kerr et al. 2025), which is expected to disrupt relationships between locally 61 

adaptive genetic variation and environmental optima of many species (Aitken 62 

et al. 2008; Wilczek et al. 2014; McGraw et al. 2015; Browne et al. 2019; Fréjaville 63 

et al. 2020; Anderson et al. 2025). Such mismatches exacerbate environmental 64 

stresses on plants, resulting in increased susceptibility to both native and 65 

invasive pests and pathogens (Hellmann et al. 2008; Mainka and Howard 2010; 66 

Velásquez et al. 2018; Hartmann et al. 2022) as well as reductions in speciesʼ 67 

genetic diversity (Exposito-Alonso et al. 2022; Shaw et al. 2025). 68 

Addressing these challenges requires a comprehensive understanding of plant 69 

ecology and evolution, as well as the ability to predict responses to global 70 

change (Ehrlén and Morris 2015; Díaz et al. 2019; Johnston et al. 2019; 71 

Capblancq et al. 2020; Lee-Yaw et al. 2022; Anderson et al. 2025). Recent 72 

advancements in genomic sequencing and high-throughput phenotyping offer 73 

excellent opportunities to address these knowledge gaps (Mir et al. 2019; 74 
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Bernatchez et al. 2023; León et al. 2023; Nguyen et al. 2025). Knowledge of 75 

neutral population structure as well as the genetic variation that confers 76 

resilience to climate change, pests, and pathogens can be leveraged for tailored 77 

management actions to enhance health and productivity at both the species 78 

and ecosystem level (Fraser and Bernatchez 2001; Funk et al. 2012; Barbosa et 79 

al. 2018; Thorogood et al. 2023). However, to translate these insights into 80 

effective management, it is necessary to integrate diverse data types and 81 

approaches to capture the complexity of plant responses to environmental 82 

change. Such integration can also enhance our understanding of plant 83 

adaptations (Sork et al. 2013; Rellstab et al. 2015; Josephs et al. 2017; Carvalho et 84 

al. 2021; Volk et al. 2021; Lasky et al. 2022).  85 

Three main data types are used to understand plant adaptations to 86 

environmental variation (Sork et al. 2013): genomic data (i.e., DNA nucleotide 87 

and structural polymorphism data as well as the intermediate, reference, and 88 

pangenome assemblies to which they are mapped), geospatial data (i.e., 89 

georeferenced climatic and environmental data), and phenotypic data, which 90 

includes morphological, developmental (e.g., phenology and ontogenic traits), 91 

physiological, molecular (e.g., transcriptomic, proteomic, metabolomic, and 92 

epigenetic traits), and categorical traits (e.g., infection status, survival, and 93 
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sex). At the genomic level, two main approaches are used to identify the genetic 94 

basis of adaptation: top-down and bottom-up approaches. Top-down 95 

approaches attempt to link genomic variation with the phenotypic variation 96 

thought to underlie adaptation. For example, genome-wide association studies 97 

(GWAS) attempt to identify associations between paired phenotypic and 98 

genomic polymorphism data (reviewed in Korte and Farlow 2013). Other top-99 

down approaches include quantitative trait locus (QTL) mapping studies 100 

(reviewed in Stinchcombe and Hoekstra 2008). Variation within genomic data 101 

can also be associated with various forms of molecular variation, such as in 102 

expression quantitative trait locus (eQTL) studies (reviewed in Gilad et al. 103 

2008). In contrast to top-down approaches, bottom-up approaches can identify 104 

putatively adaptive genetic variation without the a priori measurement of 105 

phenotypes thought to underlie adaptive responses to the environment (Barrett 106 

and Hoekstra 2011; Sork et al. 2013; Rellstab et al. 2015). For example, genome-107 

wide scans of selection such as genotype-environment association analysis 108 

(GEA; Hedrick et al. 1976), methods that quantify reductions in heterozygosity 109 

due to selective sweeps (sensu Smith and Haigh 1974), or allele frequency 110 

differences among populations (e.g., Whitlock and Lotterhos 2015) can be used 111 

to complement top-down approaches by offering independent lines of evidence 112 
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for adaptation at the genetic level (but see Barrett and Hoekstra 2011; Rockman 113 

2012; Tiffin and Ross-Ibarra 2014; Booker et al. 2020). 114 

In addition to genomic approaches, phenotypes measured in reciprocal 115 

transplant experiments can be used to establish evidence for local adaptation 116 

by comparing the fitness of populations in their sympatric environments with 117 

their average fitness in allopatry (Kawecki and Ebert 2004; Blanquart et al. 118 

2013). Additionally, phenotype-environment clines (Savolainen et al. 2007; Hut 119 

et al. 2013) found in single or reciprocal transplant experiments, as well as QST-120 

FST comparisons (Spitze 1993; Whitlock 2008), which contrast the degree of 121 

differentiation among populations for a quantitative trait (QST) with neutral 122 

expectations from genetic markers (FST), can also be used to infer spatially 123 

heterogeneous selection. Finally, while these datasets can be sampled from a 124 

single time point, temporal variation found in time-series data can also be used 125 

to identify molecular variation involved in development (Bar-Joseph et al. 2012; 126 

Li et al. 2023) or identify genetic signatures underlying ongoing selection 127 

(Schraiber et al. 2016; Buffalo and Coop 2019). While the methods discussed 128 

above can lead to valuable biological insight, integrating inferences across 129 

these data types can lead to a better understanding of the biotic and abiotic 130 
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drivers underlying current and ongoing adaptation that may be overlooked 131 

when using any single approach. 132 

Although individual genomic and phenotypic datasets have grown in 133 

prevalence and volume, there is increasing recognition of the need for well-134 

curated spatiotemporal metadata to enable future data reuse (Toczydlowski et 135 

al. 2021; Crandall et al. 2023; Forsdick et al. 2023; Leigh et al. 2024). Well-curated 136 

datasets enable a deeper understanding of adaptive and demographic 137 

dynamics within species by facilitating reanalysis, meta-analysis, and mega-138 

analysis. Meta-analysis involves the investigation of pooled summary statistics 139 

from previous empirical work, while mega-analysis describes the use of pooled 140 

data from multiple independent studies (Eisenhauer 2021; Thompson et al. 141 

2025). Indeed, the increased availability of population genetics datasets and 142 

associated metadata has facilitated the emergence of macrogenetics (Blanchet 143 

et al. 2017), a field of study with the aim of understanding the broad spatial, 144 

temporal, and taxonomic patterns and drivers of genetic diversity through the 145 

re-analysis of publicly available datasets. This shift towards broad, integrative 146 

analyses highlights the value of data reuse as a powerful framework for 147 

uncovering the eco-evolutionary processes that shape genetic diversity across 148 

space and time (Leigh et al. 2021; Hoban et al. 2022; Schmidt et al. 2023). 149 
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Despite the benefits offered by biological data integration, its implementation 150 

can be challenging. Storing and integrating data from diverse sources 151 

(genotypic, phenotypic, and environmental) can be difficult due to inconsistent 152 

reporting standards and decentralized repositories (Deng et al. 2023). The FAIR 153 

(Findable, Accessible, Interoperable, and Reusable) principles provide 154 

guidelines to address these issues, promoting machine-actionable data through 155 

readable metadata, persistent identifiers, standardized data formats, and the 156 

enforcement of community-curated ontologies (Wilkinson et al. 2016). 157 

However, FAIR implementation for non-model organisms faces additional 158 

obstacles due to a combination of biological, technical, and infrastructural 159 

challenges. For instance, many non-model organisms lack reference genomes, 160 

or consistent versioning where one exists, and rely on intermediate assemblies 161 

that are seldom archived (e.g., RADseq contigs or de novo assembled 162 

transcriptomes). These limitations are compounded in multi-omics contexts, 163 

where differences in methods, technology, and data types complicate data 164 

integration and machine-actionable use (Jamil et al. 2020; Hao et al. 2025). 165 

While ontology-driven frameworks like MIAPPE (Minimum Information About 166 

a Plant Phenotyping Experiment) have indeed improved standardization for 167 

trait data, their adoption has not been uniform (Papoutsoglou et al. 2023). 168 

Despite these efforts, the widespread adoption of FAIR principles has remained 169 
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limited, especially for non-model organisms. Moreover, while some web-based 170 

tools such as GWAPP (Seren et al. 2012) and easyGWAS (Grimm et al. 2016) offer 171 

integrated approaches to genotypic and phenotypic data, most are primarily 172 

designed for use with a few model species and do not support the integration of 173 

multidimensional, georeferenced datasets that include environmental 174 

variables. 175 

In response to these ongoing challenges, CartograPlant was developed as a 176 

Tripal module (Falk et al. 2018) to facilitate the integration, visualization, and 177 

analysis of genotypic, phenotypic, and environmental data for georeferenced 178 

plants. The Tripal toolkit, which supports numerous databases worldwide, 179 

provides a common framework for the storage of genomic, genetic, and 180 

breeding data, reducing duplication of effort and improving interoperability 181 

(Sanderson et al. 2013; Staton et al. 2021). CartograPlant (Figure 1A-D), 182 

previously known as CartograTree, provides an interactive web-based 183 

geospatial interface along with analytic tools, NextFlow pipelines, and High-184 

Performance Computing (HPC) resources for real-time analysis. It has been 185 

developed for the purpose of integrating data resources about any plant taxon, 186 

thereby enhancing ease and breadth of research. Here, we review the 187 
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functionality of CartograPlant, including data ingestion and integration 188 

methodologies, data availability, and supported analyses. 189 

2 | Data ingestion and integration 190 

CartograPlant is designed to create FAIR datasets from existing and ongoing 191 

studies of plant populations that integrate genotype, phenotype, and 192 

environmental data in a geospatial context. Datasets are sourced from studies 193 

of plants on the landscape, in common gardens (including reciprocal 194 

transplant experiments), and in controlled environments such as greenhouses 195 

and growth chambers. CartograPlant is designed to host FAIR datasets arising 196 

from diverse areas of plant research including landscape genomics, 197 

quantitative genetics, ecophysiology, phenology, and conservation biology. 198 

Closely associated with the TreeGenes database (https://treegenesdb.org/), 199 

CartograPlant historically focused on forest tree species but has recently 200 

expanded to accept data from all plant species. CartograPlant has a unique role 201 

in providing a platform for the ingestion of studies focused on both traditional 202 

model- and non-model plant systems. 203 

 204 

Data ingestion is organized at the level of a study, with a focus on enhancing 205 

the utility of shared data objects across studies (Figure 1A, Figure 2). These 206 

https://treegenesdb.org/


objects can include genotyping assays applied across studies, plant populations 207 

monitored over time, traits measured at multiple time points or with identical 208 

ontological definitions, climatic variables derived from environmental layers, 209 

and markers which are reused or re-discovered over time. This effort is 210 

supported by a structured import mechanism that adheres to FAIR data 211 

standards and combines community-sourced study submissions (including 212 

from the authors themselves), published studies imported directly by trained 213 

biocurators, and external sources of trait metrics, including mobile 214 

applications (e.g., TreeSnap; Crocker et al. 2020) and independent repositories 215 

(e.g., BIEN; Maitner et al. 2018). 216 

 217 

Both direct submissions and internal study biocuration are facilitated by the 218 

Tripal Plant Population Submit pipeline (TPPS; http://treegenesdb.org/tpps, 219 

Figure 2). TPPS provides users with a questionnaire that adapts dynamically to 220 

user responses and permits the direct upload of genotypic, phenotypic, and 221 

environmental data (Table 1). Metadata describing the publication and the 222 

experimental design is also collected and is consistent with the MIAPPE v1.1 223 

standard, which supports the description of studies involving both perennial 224 

plants and traditional crop models (Papoutsoglou et al. 2020). Reporting 225 

standards in MIAPPE are realized through connections to existing biological 226 
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ontologies. CartograPlant hosts and actively curates several ontology mappings 227 

that describe aspects of genotype, phenotype, and environment (Table 1). 228 

Ingested trait and field-measured environmental data include metadata that 229 

describes instrumentation, units, scales, timing, and the associated plant 230 

anatomical structure(s) (Figure 1A). This detailed annotation facilitates 231 

informed mapping to ontologies. Alternatively, environmental data may be 232 

incorporated into a study through the selection of any of CartograPlantʼs 998 233 

global and regional environmental layers, with metrics from chosen layers 234 

systematically associated with the georeferenced coordinates of all studied 235 

plants (Figure 1B). Whether ingested directly or derived from spatial layers, 236 

these datasets are standardized for integration. Once a study has been 237 

submitted and approved by CartograPlant biocurators, it can be assigned a 238 

Digital Object Identifier (DOI) through Zenodo (European Organization for 239 

Nuclear Research 2013). If the dataset already has a DOI (e.g., through Dryad) 240 

or accession (e.g., through NCBI), CartograPlant will also reference those 241 

existing identifiers, ensuring the linkage between the dataset and any 242 

associated publication or previously cited data resources. CartograPlant now 243 

hosts geospatially contextualized biological and environmental data from more 244 

than 400 studies representing over 25.6 million individuals across 846 species, 245 

cultivars, and hybrid complexes georeferenced in more than 40 countries. 246 
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These records also span a wide range of eco-evolutionary contexts, and the 247 

structured metadata supports integrative cross-study comparisons and 248 

synthesis across the breadth of plant science disciplines. 249 

 250 

Because CartograPlant aggregates studies collected across many years, the 251 

imported datasets reflect a wide range of genomic technologies used to identify 252 

genetic variants. In addition, advances in genome sequencing and assembly 253 

tools now allow researchers to generate increasingly complete and accurate 254 

genomic and transcriptomic reference assemblies. When variants are anchored 255 

to a sufficiently accurate and contiguous genomic or transcriptomic reference, 256 

it is possible to realign them to new reference assemblies over time. Realigning 257 

and storing previously known markers to new assemblies enables the rapid 258 

access of marker datasets across all known reference targets, preserves the 259 

utility of earlier discovery efforts, and generates consistent identifiers for re-260 

used markers that map onto published names. CartograPlant updates variant 261 

datasets by performing automated flank-based remapping of markers to each 262 

stored conspecific assembly (implementation described in Supplementary File 263 

S1). In addition, while primary sequence repositories like the NCBIʼs GenBank 264 

sequence database (Benson et al. 2013) support the upload of intermediate 265 

assemblies including de novo transcriptome assemblies, RAD-Seq assemblies, 266 
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and resequenced amplicons, in practice they are rarely deposited. Recent 267 

developments in CartograPlant have emphasized the submission of 268 

intermediate assemblies, along with systematic tracking of reference genomes.  269 

 270 

CartograPlantʼs rich metadata availability, enforcement of standards and 271 

ontologies, and automated marker remapping facilitate the integration of both 272 

summary statistics and raw data. This ensures that data are prepared for 273 

downstream analyses, including meta- and mega-analyses in integration with 274 

all (or a subset) of other relevant datasets (see Data analysis). 275 

 276 

3 | Data visualization and collection 277 

CartograPlant is designed to facilitate data discovery in a geospatial context. All 278 

plant accessions are visualized on a world map (Figure 3A, Figure 3B). Users 279 

can subset displayed data by provenance, study descriptors (title, authorship, 280 

accession), taxon (family, genus, species), phenotype (structure, description), 281 

and marker type (microsatellites, SNPs, indels) using the Plant Data Source 282 

(Figure 3C) and Filters (Figure 3D) panels at the top of the page. On the Browse 283 

page, accessible from the siteʼs landing page, built-in logical operators allow 284 

filtering by any combination of these options, and specific queries can be saved 285 



to the userʼs session. Users may also toggle on any of 998 environmental layers, 286 

whose values at accession coordinates can be viewed directly. Collections of 287 

plants within studies or across studies can be transferred into the Analysis 288 

Panel for refined queries, download, or HPC-supported analysis. The 289 

Coordinate Search panel (Figure 3E) allows users to move to any point on the 290 

map. 291 

 292 

When a user selects an individual plant on the Browse page (map interface), 293 

CartograPlant displays an Accession Summary with available data relevant to 294 

that individual (see inset of Figure 3B). These data include the plantʼs latitude 295 

and longitude (and their measurement accuracy), elevation, any included 296 

photographs, and metadata about the study or studies with which the plant is 297 

associated. In addition, if a user has toggled on any of CartograPlantʼs 298 

environmental layers, the values from that layer at the coordinates of the 299 

selected individual are displayed (Figure 3B). The associated study link 300 

available from the Accession Summary displays data collected from all 301 

individuals described within the source dataset. When a user selects the 302 

Information icon associated with an individual, summaries of measured 303 

genotypes and phenotypes are displayed. This also allows the user to download 304 

flat files associated with these data types to facilitate offline analysis. 305 



 306 

Registered users can download or analyze data directly within CartograPlantʼs 307 

Graphic User Interface (GUI), which provides HPC-supported access to several 308 

custom bioinformatic workflows (Figure 3E; Figure 4; Table 2; see Data 309 

analysis). There are several ways to collect accessions for download or 310 

analysis. A Collection is a set of plants and their associated data and metadata. 311 

These data can be analyzed or downloaded later (described in the following 312 

section). The Accession Summary display, which is activated when a user 313 

clicks on a plant, can be used to collect an individual. The Accession Summary 314 

display also allows for the Collection of all plants associated with an 315 

individualʼs source study or studies. Alternatively, a user can use the polygon 316 

select tool, located in the Map Summary panel, to collect accessions for data 317 

download or analysis. After identifying a Collection of plants, users can view 318 

information about the studies with which they are associated including the 319 

number of plants, the number of measured genotypes, and the number of 320 

measured phenotypes per study (Figure 3F). 321 

4 | Data analysis 322 

CartograPlantʼs Analysis Panel provides an interactive GUI-mediated 323 

environment for subsetting, integrating, downloading, and conducting 324 



bioinformatic analyses of stored datasets. These capabilities enable scalable, 325 

customizable, and reproducible analyses of plant datasets across diverse taxa 326 

and study designs. This flexibility offers unprecedented support for the 327 

discovery and description of the genetic and ecological factors that contribute 328 

to plant resilience and adaptation to environmental pressures.  329 

 330 

Once a user has a Collection of plants of interest from CartograPlantʼs Browse 331 

page (see previous section), the associated data can be downloaded or used to 332 

perform various forms of Analysis on CartograPlant (Figure 1C, Figure 4). An 333 

Analysis is a specific computational workflow which has been applied to a set 334 

of input data. HPC-supported workflows, implemented with NextFlow v25.04.6 335 

(Di Tommaso et al. 2017), are available within the Analysis Panel for the 336 

Collection of plants and/or studies. Registered users can create multiple 337 

Workspaces to store data associated with various projects. A CartograPlant 338 

Workspace consists of a directory holding raw data associated with a Collection 339 

of individuals and, following an Analysis, any generated outputs. Additional 340 

raw data and other input files necessary to run an analytic workflow of interest 341 

can be uploaded directly to a Workspace from a userʼs local machine. Each 342 

Workspace can be associated with one or more Analyses. Both Analyses and 343 
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Workspaces (and their input, intermediate, and resultant files) are private to 344 

users and can be saved for future use. 345 

 346 

Current supported Analysis options are described in the following sections and 347 

include selection and correlation analysis of traits, marker overlap analysis, 348 

marker filtering, population structure inference, environmental layer data 349 

selection, GWAS, and GEA (Table 2; Figure 4). To meet the needs of 350 

bioinformaticians, ecologists, land managers, and breeders, CartograPlant is 351 

continually updated with new analytic workflows as data, technologies, and 352 

methods evolve. 353 

 354 

4.1 | Study-level filtering 355 

Within the Analysis Panelʼs Select Studies tab, a list of study titles associated 356 

with a Collection of plants is displayed. For each study, counts of individuals 357 

within the Collection, genotype calls, and phenotype measures are displayed. 358 

Users can remove entire studies from their Collection before proceeding with 359 

Analysis. The Select Studies tab draws from CartograPlantʼs standardized plant 360 

sample names such that if data about an individual is present in multiple 361 

studies within the Collection, these data can be integrated and compared. 362 

 363 



4.2 | Phenotypes 364 

Because CartograPlant enforces the mapping of phenotype measures to 365 

existing ontologies, trait data from multiple sources can be analyzed together. 366 

To facilitate trait-level exploration, the Analysis Panelʼs Filter Traits tab enables 367 

the selection of specific phenotypic measures from input data. A plot, 368 

generated with the R v3.6.0 (R Core Team 2025) libraries ggplot2 (Wickham 369 

2011) and ggbiplot (Vu et al. 2024), is displayed including a two-dimensional 370 

trait Principal Component Analysis (PCA; Menozzi et al. 1978; Patterson et al. 371 

2006) and an overlaid biplot with loading values for each of the selected traits. 372 

Users can view the displayed plot to determine which, if any, of their selected 373 

traits are correlated. Final user trait selection is saved for future use (see 374 

Marker association analysis). 375 

 376 

4.3 | Leveraging Genotypes across Studies 377 

Identifying shared genetic markers across studies is essential to synthesizing 378 

information across studies, expanding the scope of eco-evolutionary insight, 379 

and uncovering broad patterns of genetic variation across space and time. 380 

Because CartograPlant automatically remaps submitted markers to all 381 

available conspecific reference assemblies, including newly released 382 
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assemblies as they are added, it is possible to merge all (or any subset of) 383 

marker data associated with a species into a single data structure. When studies 384 

represent markers mapped to disparate conspecific assemblies, CartograPlantʼs 385 

Select Genotypes tab allows users to leverage bcftools (Danecek et al. 2021) to 386 

merge them into a combined VCF mapped to a speciesʼ most recent reference 387 

assembly. This merged file is added to the current Workspace and can be used 388 

in downstream analysis. In the future, users will be able to visualize marker 389 

remapping statistics across all available assemblies before choosing a 390 

reference for Analysis (remapping implementation described in Supplemental 391 

File S1). 392 

 393 

Various approaches for the identification of variant loci in a species can 394 

sometimes detect the same marker or utilize the same genotype panel. Within 395 

the Analysis Panelʼs Select Genotypes tab, statistics are displayed describing 396 

the intersection of marker sets among studies within a Collection. Two studies 397 

are considered to share a marker if (i) they both report a marker with the same 398 

reference assembly and locus, or if (ii) they report markers on different 399 

assemblies that remap to the same locus on the most recent conspecific 400 

assembly. The accession of each study with marker data in the Collection is 401 

shown along with the reference assembly (or reference assemblies) to which 402 
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they were originally mapped. An UpSet plot illustrating overlaps among study 403 

marker sets within the Collection is shown in Figure 4. 404 

 405 

The accurate detection of signals within genetic data that underlie plant 406 

adaptation and resilience depends on well-curated genotype datasets that 407 

minimize noise and bias. Rigorous filtering is essential to ensure that 408 

downstream GWAS and GEA analyses reflect true biological patterns rather 409 

than confounding effects such as population genetic structure (Rellstab et al. 410 

2015; Sul et al. 2018). In the Analysis Panelʼs Filter Markers and Genotypes tab, 411 

genotype data quality indicators including percentage of missing data (both per 412 

marker and per individual) and minor allele frequency per marker can be 413 

displayed. Users can set thresholds for these statistics to filter markers at both 414 

the marker and individual level. The objective of SNP filtering is to remove 415 

markers, individuals, and genotype calls likely containing errors or insufficient 416 

data due to bioinformatic or wet lab processes (including errant sample 417 

labeling). Modular logical operators allow for any combination of these filters 418 

to be applied. The Filter Markers and Genotypes tab provides interactive 419 

histograms that allow users to select the best threshold values for the SNP 420 

quality filtering parameters. 421 

 422 
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Standard filtering processes include enforcement of a minimum genotype 423 

quality score to remove genotypes with poor instrumental confidence, a 424 

minimum allele count for each marker (i.e., half of the targeted coverage 425 

depth) to ensure well-supported genotype calls, a minimum percentage of 426 

missing genotypes per individual to remove individuals that were poorly 427 

genotyped, a threshold for missing genotype calls per marker across samples to 428 

retain only informative markers, and a minor allele frequency threshold to 429 

exclude alleles with insufficient statistical power (Pavan et al. 2020). In the 430 

Filter Markers and Genotypes tab, CartograPlant provides a GUI for 431 

constructing customizable modular bcftools view commands with logical 432 

operators to filter a VCF. When a user selects a statistic to begin defining a 433 

filter, a histogram of that statisticʼs distribution is generated to guide threshold 434 

choice. If the input VCF already contains pre-computed filter statistics in its 435 

header or INFO fields, those values can also be used directly for filtering. The 436 

underlying marker data distributions are retrieved with bcftools query, and the 437 

plots are produced with D3.js (Bostock et al. 2011). 438 

 439 

4.4 | Population structure inference 440 

Inferring population genetic structure is a critical step in understanding how 441 

demographic history and genetic differentiation shape adaptive potential and 442 
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resilience across landscapes. Population genetic structure refers to the 443 

presence of subgroups within a population exhibiting differences in allele 444 

frequencies shaped by factors including demographic history, isolation by 445 

distance, genetic drift, and kinship (Wright 1931, 1943, 1951). The results of 446 

many analyses of population-level data, including GWAS, can be skewed or 447 

biased if this structure is not considered (Pavan et al. 2020). To allow the 448 

inference of population structure from genetic datasets, the Analysis Panelʼs 449 

Assess Population Structure tab allows for the use of fastSTRUCTURE (Raj et al. 450 

2014). STRUCTURE-like analyses are Bayesian approaches that calculate a 451 

posterior probability to estimate genetic structure (Pritchard et al. 2000; Falush 452 

et al. 2003, 2007; Hubisz et al. 2009). Prior to running fastSTRUCTURE, the 453 

genotypes are pruned based on linkage disequilibrium using PLINK (Purcell et 454 

al. 2007; Slifer 2018). Inferences from STRUCTURE-like approaches are highly 455 

dependent on the chosen number of subpopulations, k (Pritchard et al. 2000). 456 

CartograPlant allows users to estimate the degree of population structure 457 

across their selected accessions across a range of k-values. For each k, the 458 

workflow computes a Q-matrix and a set of marginal likelihoods and chooses a 459 

maximizing k. A global ancestry barplot, in which each individual is 460 

represented by a stacked bar reflecting the ancestry proportions in the best 461 

fastSTRUCTURE Q-matrix, is generated (Wickham 2011). 462 
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 463 

4.5 | Environmental layers for georeferenced populations 464 

Environmental variation is a major driver of plant distribution, ecology, 465 

evolution, and resilience. To enable analyses of genotypic variation within an 466 

environmental context, CartograPlant integrates a curated library of 467 

environmental layers with relevance to plant ecology, adaptation, and 468 

conservation. Environmental data from the location of each selected individual 469 

can be retrieved for analysis from CartograPlantʼs stored environmental layers 470 

using the Analysis Panelʼs Select Environmental Metrics tab. If environmental 471 

data is added to an Analysis that accompanies genotypic data, a user can 472 

perform GEA (see Marker association analysis).  473 

 474 

CartograPlant currently provides access to 998 North American and global 475 

environmental layers. These environmental layers fall into four broad 476 

categories: 1) biological, environmental, and climate data such as Normalized 477 

Difference Vegetation Indices for phenology estimation, delineations of areas 478 

of global human influence or biotic damage, aridity indices, and climate data 479 

from widely used sources such as ClimateWNA and WorldClim; 2) forest and 480 

vegetation data such as tree cover, canopy height, forest fragmentation indices, 481 

national forest boundaries, land use, and seed zones for the Eastern United 482 



States; 3) biodiversity and species data including species ranges, biodiversity 483 

hotspots, protected areas, ecoregions, NEON ecoclimatic domains, and tree 484 

species population data; and 4) agriculturally cultivated and protected areas as 485 

well as soil data (Table 3). To add environmental data to an Analysis, users can 486 

select specific layers and then click “Gather and Upload to Workspace” (Figure 487 

4). CartograPlant uses the R package psych (Revelle 2025) to generate a trellis 488 

plot containing several statistics for visualizing relationships between selected 489 

environmental variables. These trellis plots allow users to visually assess 490 

relationships among environmental variables and identify sets of variables that 491 

are relatively uncorrelated, which can be especially useful when preparing 492 

data for downstream analyses such as GEA modeling. 493 

 494 

4.6 | Genotype-environment and genotype-trait association 495 

analysis 496 

Marker association studies provide a powerful framework for the identification 497 

of the genetic variation underlying variability in phenotypic traits as well as 498 

adaptive responses to the environment, especially within analytical workflows 499 

that support the integration of diverse data types and user configurations. In 500 

genotype-phenotype analyses, genetic variation at individual loci or windows 501 

https://app.readcube.com/library/ebbd69cb-57f0-4ffb-b5af-46d0637d5128/all?uuid=44008024903330456&item_ids=ebbd69cb-57f0-4ffb-b5af-46d0637d5128:6ad52db9-d799-4aba-88fe-7c9b0c5bcbaa


is associated with trait measures using models in which genotypes act as 502 

predictor variables and phenotypes as response variables. Within the Analysis 503 

Panelʼs Conduct Analysis tab, CartograPlant offers GUI-mediated access to two 504 

models from GEMMA (Genome-wide Efficient Mixed Model Association; Zhou 505 

and Stephens 2012, 2014): a basic linear model (LM) and a univariate linear 506 

mixed model (LMM). The LM tests associations between SNPs and traits 507 

without accounting for confounding effects, while the univariate LMM extends 508 

this framework by incorporating both fixed effects and random effects that 509 

model sample relatedness and population structure. The LMM can also 510 

estimate the proportion of variance explained (PVE) by SNP heritability in a 511 

phenotype. By supporting both models, CartograPlant enables users to perform 512 

GWAS that range from simple association tests to more robust analyses that 513 

account for population structure and relatedness. 514 

 515 

To complement genotype-phenotype analyses, Cartograplant implements 516 

genotype-environment analysis using LFMM2 from the R package LEA (Caye et 517 

al. 2019). LFMM2 implements a latent factor mixed model (LFMM) to perform 518 

GEA analysis. This LFMM implementation allows for the control of 519 

confounding effects, such as population structure, in the dataset. Specifically, 520 

LFMM2 uses a least-squares estimation approach for confounder estimation 521 
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that provides a unique framework for several categories of genomic data. Upon 522 

completion, p-value results of a GWAS or GEA analyses are displayed within a 523 

Manhattan plot generated with the R package ggplot2. This plot groups markers 524 

by chromosome and allows for the visualization of markers with high 525 

association signals. 526 

 527 

Statistical methods which involve the testing of many hypotheses, including 528 

GWAS and GEA, often require a multiple testing correction of the resultant p-529 

values. As the number of association tests performed grows larger, so too does 530 

the probability that one or more results are representative of a Type 1 error 531 

(Moskvina and Schmidt 2008; Rellstab et al. 2015). To account for this, p-values 532 

generated under multiple hypothesis testing can be adjusted using a variety of 533 

techniques. 534 

 535 

5 | Data-driven approaches to plant adaptation and 536 

conservation 537 

 538 
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5.1. Enabling GWAS and GEA across studies though meta-analysis 539 

in model systems 540 

Populus trichocarpa, a widely recognized model for bioenergy research, 541 

exhibits extensive latitudinal variation across western North America with 542 

substantial evidence for local adaptation to the climatic conditions of its native 543 

habitat (Evans et al. 2014; McKown et al. 2014a; Zhang et al. 2019). As a result, P. 544 

trichocarpa has emerged as a model species for genetics and plant biology 545 

research (Tuskan et al. 2006; Taylor et al. 2019), and has been the focus of 546 

numerous GWAS and GEA studies. These investigations have explored natural 547 

variation in phenology, wood properties, and traits related to lignin 548 

biosynthesis. Since the publication of the first reference genome in 2006, four 549 

major reference assemblies, along with several intermediate versions and 550 

updated annotations, have been released through the Phytozome data portal 551 

(Goodstein et al. 2012), each supporting new studies (Tuskan et al. 2006; 552 

Sreedasyam et al. 2023). Across these investigations, researchers have applied a 553 

range of genotyping and sequencing approaches, including genotyping assays 554 

(Geraldes et al. 2013, 2014; McKown et al. 2014b,c), reduced representation 555 

methods such as exome capture (Zhou et al. 2014; Guerra et al. 2019), and whole 556 

genome resequencing (Slavov et al. 2012). 557 
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 558 

Many of these studies have relied upon a single, well-characterized common 559 

garden experiment. Despite this shared foundation, differences in marker 560 

systems, reference genome versions, and annotation frameworks make it 561 

challenging to integrate results across studies. Integrating these datasets allows 562 

users to identify consistent genotype-phenotype-environment relationships 563 

across studies, even when experimental designs and genomic resolutions 564 

differ. As a result, the cumulative impact of nearly two decades of research has 565 

not been fully realized. CartograPlant seeks to address this by enabling the 566 

biocuration of a subset of over 400 studies, systematically mapping variants 567 

across reference versions, standardizing trait metadata, and linking findings 568 

with spatial and temporal environmental data layers. This integrated 569 

framework enhances the reuse of legacy data and supports discovery of trait 570 

and environment associations. 571 

 572 

5.2 Mobile applications to connect traits, environment, and 573 

genotypes for plant resilience  574 

Citizen science has emerged as a powerful resource for plant biologists, and 575 

enables the collection of large-scale ecological and trait data that would 576 



otherwise be logistically and financially infeasible. The growing participation 577 

of the public underscores the need for platforms to translate such observations 578 

into actionable resources, particularly for non-model plant species. This is 579 

especially true for species of conservation concern. For example, all Fraxinus 580 

(ash tree) species native to North America are under exceptional threat from 581 

the invasive Emerald Ash Borer (EAB, Agrilus planipennis; Cappaert et al. 2005; 582 

Herms & McCullough 2013). The conservation and restoration of ash species is 583 

a coordinated effort involving federal and state agencies, non-profit 584 

organizations, academic partners, and citizen scientists. These efforts focus on 585 

identifying lingering individuals that may exhibit resistance, understanding 586 

stand level dynamics, and documenting ecological pressures (Koch et al. 2012). 587 

This work integrates data from federal, state, and county level EAB surveys, 588 

citizen science contributions, and landowner observations, alongside the 589 

collection of plant material for seed banking, ex situ preservation, and the 590 

establishment of long-term monitoring plots. 591 

 592 

CartograPlant provides a framework for these efforts by serving as the 593 

integration hub between mobile applications and genomic resources. 594 

Currently, TreeSnap (Crocker et al. 2020), a mobile citizen science application 595 

designed for species of forest health concern, enables custom surveys that 596 
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capture both individual and stand-level data. In the case of ash, TreeSnap hosts 597 

survey modules tailored for both general users and experts who can provide 598 

more detailed information on EAB progression. In addition, CartograPlant has 599 

begun to incorporate data from MaMA (Monitoring and Managing Ash; 600 

https://www.monitoringash.org/), an independent assessment program that 601 

collects both qualitative and quantitative data from regional monitoring plots. 602 

Traits collected through TreeSnap and MaMA, can be connected to genotype 603 

data on a subset of the phenotyped accessions through TPPS. 604 

 605 

5.3. Eco-evolutionary dynamics in rapidly changing climates 606 

Climate change is rapidly reshaping species distributions, altering community 607 

dynamics and species interactions, and exerting strong selection pressure on 608 

organisms that can cascade to ecosystem-level effects (Bailey et al. 2009). To 609 

understand and ameliorate these impacts, researchers increasingly emphasize 610 

the integration of ecological and evolutionary perspectives (Bolnick et al. 2011; 611 

Müller 2017; Brady et al. 2019; Fronhofer et al. 2023; Fouqueau and Polechová 612 

2024).  613 

 614 

For instance, the Arctic, which is warming four times faster than global norms 615 

(ACIA 2004; Hobbie et al. 2017), offers a uniquely tractable system to study 616 
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evolutionary responses across multiple levels of biological organization under 617 

this eco-evolutionary framework. With relatively low species diversity and a 618 

strong coupling between biotic and abiotic processes, even subtle shifts could 619 

result in cascading effects on Arctic ecosystem structure and function (Wookey 620 

et al. 2009). Research on Arctic stream-riparian systems - particularly those 621 

dominated by keystone willow (Salix) species - are shedding light on how 622 

adaptive evolution influences ecosystem function. These stream-riparian 623 

systems are sensitive to ongoing climate change (Myers-Smith et al. 2011; Frost 624 

and Epstein 2014; Criado et al. 2020; Anderson et al. 2024), with potential 625 

cascading effects across trophic levels (Hollister et al. 2015; Zhou et al. 2020; 626 

Mekonnen et al. 2021). To support such investigations, CartograPlant aids in 627 

linking field observations, in situ organismal traits, common gardens, genetic 628 

sampling, and pertinent environmental data layers. For example, layers 629 

associated with permafrost, ground temperature, and hydrology have been 630 

incorporated to support this integration. Alongside, standardized, long-term 631 

environmental and ecological data from the National Ecological Observatory 632 

Network (NEON), these layers together provide the foundation for assessing 633 

ecological and evolutionary processes in Salix and other Arctic species, 634 

including rates of hybridization, environmental clines in trait and genetic 635 

diversity, as well as shifts in ploidy. 636 
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 637 

6 | Summary and Future Directions 638 

CartograPlant streamlines the integration and analysis of diverse biological 639 

data by adhering to FAIR principles and standardized ontologies. It offers 640 

flexible, quality-controlled workflows for data filtering, analysis and 641 

visualization, facilitating reproducible insights into plant resilience, 642 

adaptation, and demography. Designed to evolve alongside emerging 643 

technologies and data sources, CartograPlant supports future integration of 644 

structural variation, pangenomes, high-throughput phenotyping data, as well 645 

as connections with primary repositories, ensuring its continued relevance in 646 

the rapidly advancing fields of ecology and evolution. For example, 647 

CartograPlant is actively developing two-way data integration with the 648 

European Variation Archive (Cezard et al. 2021), enabling automatic 649 

synchronization of variant datasets across platforms. This interoperability will 650 

further streamline data discovery, ensure that dataset identifiers are mappable 651 

between systems, and reduce duplication of biocuration effort. Because 652 

CartograPlant has the ability to ingest environmental and phenotypic data as 653 

well as detailed study metadata in addition to variant data, this collaboration 654 
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has the potential to increase the amount of information available about a given 655 

variant dataset.  656 

By integrating genotypic, phenotypic, and environmental data alongside a 657 

user-friendly interface, CartograPlant advances our understanding of 658 

biodiversity, ecological responses, and the traits that shape plant evolution in 659 

the face of environmental change and biotic stressors. 660 
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Figure 1    The CartograPlant ecosystem architecture facilitates eco-evolutionary insight. 
CartograPlant is web-based interactive application composed of interconnected modules 
that support integrative, reproducible analyses though scalable, standards-based 
infrastructure and services: A) Data Ingestion & Curation - Phenotypic, genetic, and 
environmental data, and the associated metadata and experimental design information, 
are collected from both citizen science platforms such as TreeSnap as well as trained 
biocurators through the TPPS pipeline (Tripal Plant Population Submit - see Figure 2). 
These data are curated using community standards such as the MIAPPE (Minimum 
Information About a Plant Phenotyping Experiment) and FAIR principles (Findable, 
Accessible, Interoperable, and Reusable). When data has not been previously archived, 
CartograPlant offers the option to create a Zenodo archive. B) Data Integration & Storage 
- Ingested data are incorporated into a Chado database schema that integrates current 
study information and metadata with other ingested studies, databases, repositories, 
ontologies, and environmental layers (see Table 1). C) Data Collection & Visualization - 
Registered users of CartograPlant can create saved Workspaces that retain raw data 
linked to a Collection of individuals as well as any output files and figures generated 
through subsequent analysis. D-E) Services - CartograPlant’s ecosystem architecture is 
enabled by RESTful, data, and map services alongside high-performance computing 
(HPC) resources and NextFlow pipelines to support reproducible and scalable data 
processing. CartograPlant is available online at https://cartograplant.org.  

https://cartograplant.org/


 

Figure 2. Data ingestion workflows for integrating genotypic, phenotypic, and 
environmental data through the Tripal Plant Population Submit pipeline (TPPS; 
http://treegenesdb.org/tpps). This flowchart outlines the structured processes on 
CartograPlant for ingesting diverse biological datasets, faceted by four primary 
information sources: Experimental Design, Genotypic Data, Phenotypic Data, and 
Environmental Data. Each workflow includes decision points (yellow diamonds), manual 
data input steps (green rectangles), file upload actions (blue rectangles), automated 
processing steps (orange rectangles), and subworkflow endpoints (purple ovals). This 
flexible and modular framework ensures consistent and accurate data ingestion and 
integration across diverse study types. Upon data ingestion, a study record is created 
which holds study flat files, is assigned a permanent TreeGenes Database Record (TGDR) 
number, and can be assigned a DOI. Files are held in association with ontologies within 
a relational database (DB). 

 
 



 



Figure 3. CartograPlant’s Browse page enables data filtering and visualization in a 
number of ways. A) The CartograPlant Browse page, with the Worldclim2 (Fick and 
Hijmans 2017) layer Mean Annual Temperature climate normal enabled. The Map 
Summary displays both the number of plants available after filtering and the number of 
plants within a Collection for analysis. The polygon tool has been used to create a 
Collection (blue bounding box). B) The Browse page with the Harmonized World Soil 
Database Major Soil Groups layer enabled. A single plant has been selected, enabling 
the display of that plant’s Accession Summary. The Accession Summary displays soil 
variables from the coordinates of the selected plant, and allows users to add this plant 
(or all plants associated with this study) to their Collection for further use. C) Users can 
filter displayed data by a number of options with interactive logical operators. Here, 
filters have been applied such that all displayed plants are members of the species 
Populus trichocarpa and are associated with one of two specific CartograPlant study 
accessions (TGDR = TreeGenes Database Reference). D) Users can subset displayed 
data by source. Internal submissions are those made by CartograPlant biocurators, and 
external submissions are those made directly by authors; TreeSnap =  TreeSnap.org. E) 
Individual coordinates can be searched to zoom to them on the map. F) Data within a 
Collection is described in the Analysis Panel’s Select Studies tab. 

 

 

  



Figure 4. Availability of data filtering, visualization, and analysis methods within 
CartograPlant’s Analysis Panel. After creating a Collection of plants (see Figure 3), a 
user can prepare the data for analysis. Marker overlap between studies is characterized 
in an UpSet plot. Users can define statistical cutoffs for marker quality and prune their 
markers for linkage disequilibrium (LD). For phenotypic data preparation, users are 
aided in selecting non-collinear measures with a PCA biplot. Here, the measures 
bud_break and bole_mass have been selected. For environmental layer data 
preparation, users are aided in selecting non-correlated measures with a trellis plot. The 
upper triangular panels display the pairwise Pearson correlation between environmental 
variables. Panels on the diagonal display histograms of the distribution of each 
environmental variable. The lower triangular panels display pairwise scatterplots 
between each selected variable. Once data selection has been finalized, users can perform 
analyses of population structure, GWAS, and GEA. File outputs at any step can be 
downloaded from a user’s Workspace. All data in this plot are associated with 
CartograPlant accession TGDR 1892 (Geraldes et al., 2013) or with accession TGDR 
2269 (McKown et al., 2014c). 



Table 1. Data types and subtypes held within CartograPlant as well as the ontologies 
with which they are described. File extensions accepted for upload of these data are 
given as well as the extensions with which data can be retrieved. CSV = Comma-
Separated Values; TSV = Tab-Separated Values; VCF = Variant Call Format. 

 

Data type Associated ontologies Data subtype 
Accepted 
ingestion 
formats 

Retrieval 
formats 

Genotypic 
Sequence Ontology1 
(SO), Gene 
Ontology2,3 (GO) 

Assembled or 
unassembled 
DNA or cDNA  
sequence 

FASTA FASTA 

Microsatellite CSV, TSV CSV 

SNP VCF, CSV, 
TSV 

VCF 

Indel 
VCF, CSV, 
TSV 

VCF 

Phenotypic 

Plant Ontology4-5 
(PO), Crop Ontology6 
(CO), Chemical 
Entities of Biological 
Interest7 (ChEBI), 
Phenotype And Trait 
Ontology8 (PATO), 
Plant Trait Ontology5 
(TO) 

Morphological CSV, TSV CSV 

Physiological CSV, TSV CSV 

Phenological CSV, TSV CSV 

Metabolomic CSV, TSV CSV 

Expression CSV, TSV CSV 

Environmental 

The Environment 
Ontology9 (ENVO), 
Plant Experimental 
Conditions Ontology5 
(PECO) 

Point measure CSV, TSV CSV 

Layer 
Shapefile, 
geoTIFF, 
MBTiles 

CSV 

1. Eilbeck, Karen, Suzanna E Lewis, Christopher J Mungall, et al. 2005. “The Sequence 
Ontology: A Tool for the Unification of Genome Annotations.” Genome Biology 6 (5): R44. 
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Knowledgebase in 2023.” GENETICS 224 (1): iyad031. 
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Genetic Data Useful for Integrated Breeding through a Data Annotation Using the Crop 
Ontology Developed by the Crop Communities of Practice.” Frontiers in Physiology 3: 326. 
https://doi.org/10.3389/fphys.2012.00326. 
7. Hastings, Janna, Gareth Owen, Adriano Dekker, et al. 2016. “ChEBI in 2016: Improved 
Services and an Expanding Collection of Metabolites.” Nucleic Acids Research 44 (D1): D1214–
19. https://doi.org/10.1093/nar/gkv1031. 
8. Gkoutos, Georgios V, Paul N Schofield, and Robert Hoehndorf. 2017. “The Anatomy of 
Phenotype Ontologies: Principles, Properties and Applications.” Briefings in Bioinformatics 19 
(5): 1008–21. https://doi.org/10.1093/bib/bbx035. 
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Table 2. Workflows available within the CartograPlant Analysis Panel, the general 
methodology they employ, and the software they utilize. 

 

Workflow Method Software 

Trait 
correlation 
analysis 

PCA-based visualization of inferred 
correlation between selected traits 

R v3.6.01, ggplot2 v3.3.62, 
ggbiplot v0.553 

Marker 
remapping 

Flank sequence-based remapping 

Python v3.6.84, samtools 
v1.22.15, bwa v0.7.19 
(mem)6, bedtools v2.31.17, 
pandas v2.3.28 

Marker overlap 
analysis 

Identification of non-unique marker positions 
across datasets after remapping to a common 
reference assembly. Results visualized in an 
UpSet plot 

bcftools v1.205, UpSet.js 
v1.11.09 

Marker and 
genotype 
filtering 

Filtering of markers, genotypes, or individuals 
from a dataset based on user-defined 
statistical cutoffs. Distributions visualized in 
histograms 

bcftools v1.205, D3.js 
v5.16.010 

Population 
structure 
inference 

Inference of population structure from 
genotype data. Results visualized in an 
admixture bar plot 

PLINK v1.9011-12, 
fastStructure v1.013, R 
v3.6.01, ggplot2 v3.3.62 

Environmental 
data 
distribution and 
correlation 
analysis 

Visualization of selected environmental 
variables, including their distributions, 
pairwise Pearson correlations, and pairwise 
scatterplots 

R v3.6.01, psych v2.2.514 

Marker 
association 
analysis 

GWAS or GEA for the inference of 
associations between genotypes and 
phenotypic or environmental variables, 
respectively. P-values are visualized within a 
Manhattan plot 

GEMMA v0.98.3 (linear 
model, univariate linear 
model)15, R v3.6.01, LEA 
v3.6.0 (LFMM2)16, 
ggplot2 v3.3.62 
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Table 3. CartograPlant hosts 998 environmental layers which can be classified into four 
broad categories. Layer groups, which are sets of similar layers, are given. The extent, 
description, resolution, and source of each layer group is described. 
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Supplemental Text - Automated marker remapping 28 

 29 
CartograPlant performs automated remapping of all marker data to all conspecific reference 30 
assemblies, including new assemblies as they are generated. It uses a custom Python (Rossum 31 
1995) v3.6.8 script which wraps a number of common bioinformatics tools to perform flank-based 32 
marker remapping. This script takes, as input, genotype data in either VCF or tabular format as 33 
well as a FASTA assembly to remap them to. It generates a VCF which contains genotype data 34 
as mapped to a different assembly. The following text will describe the software and methods used 35 
to complete this process. 36 
 37 
The custom Python script initially computes indices for the target reference FASTA, 38 
using samtools faidx  (Danecek et al., 2021) and bwa index (Li 2013). Then, the script 39 
checks whether it has been given marker flank sequence data. If not, for each SNP, it 40 
uses samtools faidx  (Danecek et al., 2021)  to obtain an 81-bp sequence from the 41 
reference genome to which the markers were initially mapped. This sequence represents 42 
the 40 nucleotides before the SNP, the SNP itself, and the 40 nucleotides after the SNP. 43 
If marker flank sequence data was given as an input, no new flanks are obtained. 44 
 45 
The script then preprocesses SNP flank sequences by changing the nucleotide at the 46 
position of the variant to an N. Next, it creates a FASTA containing all of the SNP 47 
flank sequences. It uses a default bwa mem (Li 2013) command to align the flank 48 
sequence FASTA to the new assembly version FASTA. It then uses samtools view to 49 
parse the output binary alignment map (BAM) and samtools sort to sort it. It indexes 50 
the BAM with samtools index (Danecek et al., 2021) and converts it to a Browser 51 
Extensible Data (BED) file with bedtools bamtobed (Quinlan and Hall 2010). It obtains 52 
remapped marker positions from the BED file and stores them within a pandas (The 53 
pandas development team) dataframe. It then uses samtools faidx (Danecek et al., 2021) 54 
to determine the new reference allele for each marker from the assembly to which it is 55 
being remapped and adds it to the dataframe. For each SNP, it obtains a list of all 56 
called alleles in the input dataset, subtracts from this set the new reference allele, and 57 
adds this list to the dataframe as the possible alternate alleles. Finally, the genotype 58 
calls themselves are added to this dataframe, and numeric SNP calls are updated to 59 
reflect each SNP’s new reference and alternate alleles. 60 
 61 
The Python script then uses the  generated dataframe to create a VCF. In this way, 62 
flank-based marker remapping can be completed for the integration of genotypic 63 
datasets which are mapped to different reference assemblies. 64 
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