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Abstract. The rapid growth of large biodiversity databases has profoundly expanded the availability of species 
occurrence data across space and time. However, this increase in data volume has not been accompanied by 
equivalent gains in knowledge, largely due to persistent biases, gaps, and heterogeneity in sampling effort, 
temporal resolution, and environmental representation. These limitations contribute to shortfalls in biogeo-
graphical knowledge, particularly in understanding spatiotemporal patterns at the intra-specific level. Here, 
we present BioDyn, an R package designed to provide a reproducible workflow for spatiotemporal exploration 
of species occurrence data, with a focus on interannual variation and intra-specific patterns. The package 
integrates key pre-modeling steps related to organization, inspection, and segmentation of occurrence data, 
construction of temporal presence-absence datasets, environmental variable enrichment, and exploratory visu-
alization across space and time. Through a transparent, modular and flexible framework, users are enabled to 
assess data coverage, evaluate sampling biases, and explore spatial and temporal patterns before formal mod-
eling. In doing so, it provides a practical tool for studying spatial dynamics, seasonal variation, and migratory 
systems across large and heterogeneous biodiversity datasets.
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Introduction
Although scientific progress is intrinsically linked to 

identifying knowledge gaps and uncertainties, natural-
ists and biogeographers have often been more concerned 
with organizing, classifying, and delimiting existing bi-
ological knowledge than with explicitly identifying and 
quantifying what remains unknown (e.g., Wallace, 1876; 
Whittaker et al., 2005). This contrast has become partic-
ularly evident in the era of Big Data, where large digi-
tal infrastructures have profoundly transformed scientific 
disciplines by enabling the aggregation, standardization, 
and global dissemination of information (Kitchin, 2014; 
García-Roselló et al., 2023). In biogeography and ecology, 
global biodiversity repositories such as GBIF, eBird, and 
VertNet now provide access to billions of georeferenced 

species records, representing an unprecedented advance in 
data availability. These resources have revolutionized our 
capacity to describe species distributions (Peterson et al., 
2011; Zurell et al., 2020), generated large-scale ecological 
and biogeographical hypotheses, and supported applied 
research in fields ranging from biodiversity conservation 
to epidemiology and public health, including the study of 
vector-borne diseases and climate-driven health risks (Pe-
terson, 2006; Messina et al., 2019; Nori et al., 2014).

However, as the use of large-scale biodiversity re-
positories has expanded, there has been growing recogni-
tion that the availability of vast amounts of data does not 
necessarily translate into comprehensive, representative, 
or unbiased knowledge (Nori et al., 2022; Cordier et al., 
2021). This recognition has increased attention on identi-
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fying and quantifying what we do not know, as a necessary 
strategy to guide research efforts and improve ecological 
and biogeographical inference (Hortal et al., 2015; Nori 
et al., 2023). In biogeography, these limitations were for-
mally conceptualized as major knowledge shortfalls that 
constrain our understanding of biodiversity patterns and 
processes (Hortal et al., 2015). Among them, the Linnae-
an shortfall, for instance, reflects the discrepancy between 
the number of species that actually exist and those that 
have been formally described, highlighting persistent gaps 
in taxonomic knowledge (Brown & Lomolino, 1998; Car-
doso et al., 2011). In contrast, the Wallacean shortfall de-
scribes the biases and uncertainties in our understanding 
of species’ geographic distributions, even for well-known 
taxa, thereby limiting our ability to accurately characterize 
spatial patterns (Hortal et al., 2015; Lomolino et al., 2004).

At the core of biogeography, species distributions 
emerge from the interaction of biotic and abiotic factors 
operating across space and time, together with the evolu-
tionary history of each taxon (Soberón and Peterson, 2005; 
Girón-Juárez et al., 2025). Our understanding of these 
distributional patterns is often constrained by incomplete 
knowledge of where and when species occur, a central 
consequence of major biodiversity knowledge shortfalls. 
This problem becomes particularly relevant when spe-
cies distributions are analyzed as dynamic spatiotemporal 
phenomena rather than as static geographic patterns, po-
tentially leading to incomplete or biased representations 
of seasonal dynamics, environmental associations, and 
population-level variation. Addressing these biodiversity 
knowledge shortfalls are essential for accurately charac-
terizing distributional patterns and for disentangling the 
processes that shape them. Understanding the distribution 
of a species requires not only knowledge of where it oc-
curs in geographic space but also how its distribution var-
ies over time and how this spatiotemporal variation relates 
to environmental conditions, life-history requirements, 
and population structure. While spatial patterns of species 
distributions have been extensively studied, the temporal 
dimension has received comparatively less attention, par-
ticularly at the intraspecific level, where seasonal dynam-
ics, population-level variation, and migratory behaviors 
play a central role.

In this context, migration represents a core ecologi-
cal process, as it explicitly links temporal variability with 
spatial patterns of occurrence. Rather than conforming 
to a strict dichotomy between residency and seasonal 
movement, it encompasses flexible strategies shaped by 
environmental heterogeneity and behavioral plasticity 
(Lovette and Fitzpatrick, 2016; Newton, 2023). In fact, a 
single species may exhibit contrasting migratory strategies 

among populations, even within geographically proximate 
areas (Vergara-Tabares & Rojas, 2016; Jahn et al., 2020; 
Hernández-Hernández et al., 2022). Despite their impor-
tance, detailed characterizations of these space-time dy-
namics remain limited for many taxa. This results in sub-
stantial information deficits regarding the environments 
effectively used by species throughout their annual cycles, 
as well as those absent or poorly represented in available 
data (Jahn et al., 2020).

Precisely because migration integrates spatial, tem-
poral, and environmental dimensions, its analysis requires 
the treatment of multiple data types. However, although 
the availability of species occurrence data has increased 
through citizen science platforms, monitoring programs, 
and repositories (Contreras-Diaz et al., 2023), their inte-
grated analysis remains methodologically challenging. 
Identifying differentiated migratory strategies involves 
multiple stages such as data cleaning, spatial segmenta-
tion, or visualization, often distributed across several tools 
and software platforms. Additionally, linking occurrenc-
es with environmental variables requires further data ex-
traction and processing steps. This fragmentation hampers 
the systematic assessment of how environmental require-
ments vary across populations and seasons, and constrains 
the explicit detection of environmental information gaps 
(Nakazawa et al., 2004; Berthold et al., 2013; Jahn et al., 
2020). To fill this gap, we introduce BioDyn, an R package 
that integrates these analytical stages into a reproducible 
and flexible workflow for the spatiotemporal exploration 
of species occurrence data. BioDyn supports data import 
and standardization, spatial and seasonal structuring of ob-
servations, user-defined spatial segmentation, extraction 
of environmental covariates, and exploratory visualization 
to assess spatiotemporal patterns and environmental driv-
ers before formal modeling. 

BioDyn
BioDyn is an R package designed to support repro-

ducible workflows for the exploration of temporally struc-
tured species occurrence data in ecology and biogeogra-
phy, with a particular focus on seasonal and interannual 
variation at the intraspecific level. The package was con-
ceived as a diagnostic tool intended to support stages prior 
to formal modeling and statistical analyses. It integrates 
key pre-modeling steps such as data filtering and standard-
ization, spatial structuring, environmental variable enrich-
ment, and visualization. 

Although the workflow is presented as a sequence 
of analytical stages, the architecture is flexible and sup-
ports non-sequential execution. Each function operates on 
clearly defined inputs and returns explicit and exportable 
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outputs, allowing users to pause, branch, or repeat steps 
as needed. In addition, its transparent framework enables 
users to customize the workflow according to their needs, 
facilitating the inspection of data structure and the explo-
ration of spatiotemporal hypotheses.

The growing availability of data derived from on-
line databases, citizen science platforms, and monitoring 
programs (e.g., GBIF, BirdLife, iNaturalist) has greatly 
expanded the spatial and temporal coverage of biodiver-
sity information. However, these data are often affected 
by strong heterogeneity in sampling effort, temporal res-
olution, and environmental representation. In this context, 
BioDyn facilitates the organization of occurrence data 
across spatial, seasonal, and environmental dimensions, 
while supporting the identification of biases in environ-
mental and distributional information. The package also 
supports the identification of distributional information 
deficits associated with major biogeographical knowledge 
shortfalls, particularly those related to species distribu-
tions across seasons and geographic space. 

In terms of scope, BioDyn operates on occur-
rence-based observations, including geographic co-
ordinates (latitude and longitude) and monthly tem-
poral information. It supports both presence-only and 
presence-absence datasets derived from structured sam-
pling protocols, such as eBird checklists, if records pro-
vided are georeferenced and temporally indexed. When 
required, BioDyn also supports the integration of user-de-
fined spatial units, polygon-based regionalizations, and 
raster-based environmental data. In addition, BioDyn in-
cludes extensive input validation to ensure robust handling 
of heterogeneous biodiversity datasets.

Architecture and workflow
BioDyn offers a modular workflow that transforms 

raw occurrence records into spatially and environmentally 
enriched datasets for spatiotemporal analyses, with compo-
nents that can be applied either sequentially or independently.  
The workflow comprises six main stages (Fig. 1): (i) com
pilation of user inputs; (ii) data ingestion and eBird-spe
cific filtering; (iii) spatial filtering and segmentation; (iv) 
seasonal enrichment; (v) environmental enrichment; and 
(vi-vii) diagnostic visualization.

Compilation of user inputs.—Before running the 
workflow, users must prepare the required input files, 
including occurrence records (sightings and checklists), 
ecoregion layers, and environmental raster variables (e.g., 
CHELSA climate data or digital elevation models; Farr et 
al., 2007; Jarvis et al., 2008; Karger et al., 2017). Addition-
ally, users may include a polygon-based layer representing 
geographic units or segments, useful for grouping occur-

rence records according to ecological, spatial, or biogeo-
graphical user-defined criteria. 

Data ingestion and eBird-specific filtering.—The 
workflow in R begins with importing all data files. The 
user must provide the file paths to the compiled records 
of presence data, checklists, ecoregions, or other files of 
interest. Presence-absence datasets can be constructed us-
ing the eBird checklist file via the build_data() function, 
a fundamental requirement for a wide range of ecological 
and biogeographic analyses. Constructing this table allows 
an explicit distinction between true absences and unsam-
pled locations, which is important to avoid confounding 
biological patterns with gaps in sampling coverage.

Optional filtering operations can subsequently be ap-
plied to eBird-specific sampling and effort variables using 
the function filter_ebird(). By implementing these thresh-
olds as explicit and configurable steps within the work-
flow, BioDyn enables users to align with established best 
practices for processing citizen science data (Johnston et 
al., 2021) while maintaining reproducibility. The resulting 
presence-absence matrices provide a basis for subsequent 
environmental enrichment, spatial aggregation, and ex-
ploratory analyses.

Spatial filtering and segmentation.—This step incor-
porates interactive, user-defined spatial filtering and seg-
mentation. Rather than relying exclusively on predefined 
spatial units or fully automated clustering approaches, 
BioDyn allows users to define spatial segments based on 
visual inspection and ecological criteria to explore poten-
tially distinct seasonal dynamics, environmental associa-
tions, and migration strategies, enabling the explicit test-
ing of hypotheses about intraspecific spatial structure.

The function filter_ecoregion() enables filtering based 
on externally defined polygon layers. At the same time, 
filter_radius() applies a distance-based spatial filter by 
retaining data points within a user-defined spatial radius 
around presence records to construct proximity-based spa-
tial subsets. 

Using the create_segments() function, users can create 
spatial segments of interest by drawing polygons or rect-
angular extents directly on an interactive map. This allows 
users to explore hypotheses about population structure, or 
exploratory partitions informed by domain expertise. Once 
the desired polygons have been drawn, users must explicitly 
press the save button within the interactive map interface to 
export the geometries as a GeoJSON file. The filter_pol() 
function then retains observations falling within the defined 
polygons and excludes all others, returning a statistical 
summary and several diagnostic visual elements. 

Seasonal enrichment.—Migratory and partially mi-
gratory species may exhibit substantial variation in their 
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Figure 1. Schematic representation of the BioDyn workflow. The diagram illustrates the sequential data flow from user inputs (top) to final plotting and 
visual analysis (dark teal boxes). The workflow is structured into six primary phases: (I) compilation of user inputs; (II) data ingestion and eBird-spe-
cific filtering via filter_ebird() and build_data(); (III) spatial filtering and segmentation, offering alternative pathways through filter_ecoregion() or fil-
ter_radius(), with optional interactive refinement using create_segments() and filter_pol(); (IV) seasonal enrichment, where observations are annotated 
with seasonal data (split_dates() and add_season()); (V) environmental enrichment, where observations are annotated with raster values (rasters()) and 
computation of topographic constraints via elev_minmax(); and (VI-VII) diagnostic visualization using plots from ggplot2 package.
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spatial distribution and environmental associations across 
seasons. Decomposing raw date records into discrete tem-
poral components and assigning categorical seasons al-
lows the detection of intraspecific seasonal dynamics and 
phenological shifts. 

Once observations have been standardized and, even-
tually, segmented, the workflow proceeds with record en-
richment by restructuring temporal data into seasonal co-
horts using the split_dates() and add_season() functions, 
enabling the assessment of seasonal and phenological 
shifts. 

Environmental enrichment.—Enriching occurrence 
records with these variables allows the understanding of 
under what conditions a species occurs. The rasters() func-
tion integrates environmental variables (e.g. Worldclim 
layers; Fick & Hijmans, 2017) into the data frame. Bio-
Dyn supports the extraction of climatic variables and topo-
graphic information from gridded datasets, enabling the 
integration of environmental context directly at the obser-
vation level. For topographic characterization, point-based 
extraction is complemented by computing segment-level 
summaries using the elev_minmax() function. 

Exploratory data analysis and visualization.—To 
support the inspection of data structure, seasonal spatial 
patterns, and environmental distributions across multi-
ple stages, the workflow provides a set of functions and 
pre-defined ggplot2 graphics (Wickham, 2016). 

Visual outputs include sampling effort (plot_effort() 
function); density curves of the latitudinal distribution of 
records; bar plot of monthly proportion of records; box-
plots of latitudinal distribution by season; density curves 
of environmental gradient distributions of records; box-
plots of altitudinal distribution by season; and boxplots 
of the altitudinal distribution by season, all segments 
displayed in a single plot. These visualizations are auto-
matically generated as integrated outputs within the work-
flow. Besides, interactive maps complement static plots by 
linking spatial segments, seasons, observation points, and 
metadata within an exploratory environment. These maps 
serve as a rapid diagnostic tool, enabling a comparison of 
environmental conditions across seasons and spatial seg-
ments.

Software availability
BioDyn is available for installation in the R en-

vironment from the Zenodo repository at https://doi.
org/10.5281/zenodo.19055001. The repository provides 
the source package (BioDyn_0.1.0.tar.gz), which can be 
installed in R using install.packages(“path/to/BioDy-
n_0.1.0.tar.gz”, repos = NULL, type = “source”), and an 
example dataset (Example_nrufiventris.rar). This .rar file 

must be extracted into the working directory, as it contains 
the datasets used in the tutorial examples, including sample 
occurrence records (Occurrences.txt), sampling event data 
(Checklists.txt), environmental raster layers (CHELSA 
climatic variables and elevation), and ecoregion shapefiles 
(Ecoregion.shp and associated files) required to reproduce 
the analytical workflow implemented in the package.

Example Application
To illustrate the workflow and utility of BioDyn, we 

use the chocolate-vented tyrant (Neoxolmis rufiventris) as 
a case study species. This bird is a large, ground-dwell-
ing tyrannid associated with open and semi-open steppe 
habitats, mainly below 500 m elevation, characterized 
by grasslands with scattered shrubs or low bushes. Its 
distribution ranges from southeastern Brazil to Tierra 
del Fuego, Argentina. The species is an austral migrant: 
during the austral winter, it concentrates in the Pampean 
region in the northern part of its range, whereas in summer 
it moves south to the Patagonian steppe, where it breeds 
(Farnsworth and Langham, 2025).

A comprehensive workflow example, featuring step-
by-step code and explanatory comments, is available with-
in the documentation section of the package repository. 
These resources, together with the necessary supplemen-
tary data, can be accessed after downloading and installing 
the package.

The workflow of BioDyn begins by assigning the 
routes to the files: raw eBird occurrences (sightings_file), 
sampling event data (checklist_file) covering the Argen-
tine extent, polygon layers (eco_path), a digital elevation 
model (dem), and environmental variables (raster_list). 
BioDyn reads heterogeneous occurrence data sources 
(e.g., GBIF, BirdLife, or personal datasets) and supports 
multiple file formats and text encodings. Spatial boundar-
ies can be provided as polygon vector files (.shp, .geojson, 
.json, .gpkg) or as sf objects, while environmental predic-
tors must be raster layers compatible with the terra pack-
age (Hijmans et al., 2026). This standardized structure en-
sures consistency for spatial segmentation, environmental 
enrichment, and exploratory analyses.

At this step, occurrence records are automatically 
standardized, and geographic coordinates are validated 
and coerced to numeric values, allowing the removal of 
invalid locations. 

1. Load data and/or build a presence-absence table
The first step uses the fread() function to load sight-

ings data and, when sampling-event metadata is available, 
the build_data() function to load and integrate both sight-
ings and absence data. This function constructs a unified 
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presence-absence table by standardizing the dataset, link-
ing valid sightings with sampling effort information, and 
enabling the explicit distinction between inferred absenc-
es and records missing due to incomplete or unavailable 
sampling information. At this stage, column separators are 
adapted to match the format of the input.txt files. 

Because absence data is often missing, BioDyn can 
also be run using presence-only data. In such cases, only 
the build_data() and plot_effort() functions (see Section 
3.6) are affected, as they specifically rely on inferred ab-
sences and sampling-effort information, while the remain-
ing package functionalities can operate using presence 
records alone.

2. Filter by eBird effort
To mitigate sampling bias, we applied the filter_

ebird() function to both presence and checklist data. In this 
second step, we removed duplicate records and limited 
sampling effort by retaining only presences with a maxi-
mum travel distance of 10 km, no more than ten observers, 
and a duration of up to 300 minutes. We also restricted 

the protocols to “Stationary” and “Traveling.” Following 
this filtering step with N. rufiventris data, 814 records were 
retained from the original data table of 3,329 records, and 
280,958 records were retained from the original checklists 
table of 1,010,756 records of Argentina.

These thresholds follow the guidelines recommended 
by Johnston et al. (2021) for processing eBird data, which 
suggest limiting travel distance, number of observers, and 
duration.

3. Filter by ecoregion, radius, and custom segments
To illustrate alternative filtering strategies, we applied 

three complementary approaches. First, we used filter_
ecoregion() to restrict the dataset to the selected Argen-
tine ecoregions, with a 0 km buffer zone. This excluded 69 
presence records and 180528 checklists from the Andeans, 
from outside the focal area, and from the middle of the 
distribution (Fig. 2a). Second, we generated a proximi-
ty-based subset using filter_radius(), retaining checklists 
located within a 20 km radius of presence records (Fig. 
2b). Both functions were customized by editing the input 

Figure 2. Spatial filtering and segmentation procedures. (A) Static map produced by filter_ecoregion(), showing records retained after restricting the 
dataset to the selected ecoregional boundaries. (B) Static map generated by filter_radius(), illustrating proximity-based filtering of checklists within a 
20 km radius around presence centroids. In (A) and (B), gray dots represent absence records excluded by the filtering criteria, light teal dots indicate 
retained absence records within the defined spatial extent, and dark teal dots correspond to presence records. (C) Three spatial segments interactively 
delineated using create_segments() (blue polygons) based on literature and exploratory inspection. The resulting GeoJSON file enables subsequent re-
gion-specific analyses within a reproducible framework. (D) Output generated by filter_pol() after applying the user-defined spatial segments, showing 
the number of presence records retained within each segment.
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file, the buffer distance around the polygon, and the radius 
distance. They return a data table that can be directly used 
in subsequent steps, and generate a map-based visualiza-
tion of the filtered dataset, which can be rendered either as 
a static map for documentation and reporting purposes or 
as an interactive map to support exploratory spatial analy-
sis and user-guided inspection of the filtering results.

Third, using create_segments(), observation points are 
displayed within an interactive mapping interface at glob-
al or regional scales. To facilitate the workflow demon-
stration, we delineated three spatially distinct segments 
(northern, central, and southern; Fig. 2c). The resulting 
geometries are exported as GeoJSON objects and re-inte-
grated into the workflow with filter_pol(), a function that 
assigns observations to the user-defined segments, exclud-
ing those falling outside, and returns a statistical summary 
along with five visual elements: an interactive map with 
all observation points, an interactive map with all obser-
vation points differentiated by colored polygons, a bar plot 
representing the number of observations in each segment 
(Fig. 2d), a dot plot illustrating the spatial distribution of 
observations by segment, and an observation-level data 
frame (.csv file) augmented with an additional categorical 
column indicating the spatial segment to which each point 
belongs. 

4. Extract date and season
Once spatially structured, the dataset underwent tem-

poral and environmental enrichment. The function split_
dates() decomposes a single date column into separate 
DAY, MONTH, and YEAR fields, facilitating temporal 
filtering, aggregation, and subsequent seasonal analyses. 
Building on this structure, add_season() assigns a categor-
ical season variable based on the temporal information and 
appends a new column indicating the calendar-based sea-
son in which each observation was made, according to the 
hemisphere assigned through a function argument. 

5. Extract raster data
Concurrently, high-resolution environmental vari-

ables were extracted at point locations using rasters() and 
elev_minmax(). The rasters() function involves spatial 
operations that explicitly account for coordinate reference 
system mismatches and incomplete raster metadata. Ob-
servation coordinates are transformed as needed to match 
raster projections, ensuring spatial consistency across data 
sources. Missing raster values and extraction failures are 
handled explicitly, preventing the silent propagation of 
errors into downstream analyses. On the other hand, the 
elev_minmax() function computes the topographic con-

straints for each spatial segment by extracting the min-
imum and maximum elevations from a digital elevation 
model (DEM) file. These summaries enable direct com-
parison between the elevations available within each spa-
tial segment and the observed elevational range of species 
presence.

This process annotated observations with CHELSA 
V.2.1 bioclimatic variables (Karger et al., 2017), specifi-
cally Annual Mean Temperature (bio01) and Annual Pre-
cipitation (bio12), as well as elevation data derived from a 
100 m DEM. The workflow generates two complementary 
outputs: (i) a summary reporting the main aggregated re-
sults, including counts, ranges, or descriptive statistics of 
the extracted variables; and (ii) an observation-level data 
frame (.csv file), in which the newly extracted information 
for each observation is organized into columns.

6. Plot effort
By applying the plot_effort() function, we can dis-

tinguish between total observations (complete checklists 
with and without presences) and presence records alone. 
This function was specifically designed to evaluate sam-
pling effort along latitudinal gradients, allowing compar-
isons of the relative seasonal contribution of records at 
each degree of latitude. Although this visualization focus-
es on latitudinal variation, the broader BioDyn workflow 
also integrates environmental characterization, elevational 
structure, spatial segmentation, and seasonal grouping of 
occurrence records. By visualizing presences alongside 
complete checklists, users can distinguish biological pat-
terns from effort-driven artifacts, helping to identify sam-
pling biases and avoid misinterpreting distributional gaps 
as ecological absences before formal modeling.

In this example, checklist numbers are relatively ho-
mogeneous across both latitudes and seasons (Fig. 3a). 
This pattern suggests relatively consistent sampling effort 
throughout the year, reducing the likelihood that the ab-
sence of presence records observed in the presence obser-
vations plot (Fig. 3a, right panel) across seasons is solely 
attributable to uneven effort. In this context, a sampling 
artifact would be if, for example, the absence of N. ru-
fiventris records at southern latitudes during winter would 
correlate to a lack of checklists in that region during that 
season. Since checklist coverage is relatively homoge-
neous, the observed seasonal distribution shift can be more 
confidently interpreted as a biological signal reflecting 
genuine migratory displacement. At present, plot_effort() 
is limited to latitudinal visualization because BioDyn is 
primarily focused on exploring seasonal and migratory 
distributional dynamics.
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Figure 3. Exploratory visualizations of spatiotemporal and environmental structure generated using plot_effort() function and pre-defined ggplot2 
graphics. (A) Latitudinal composition of sampling effort and presence records across seasons generated with plot_effort(). Stacked bar plots show the 
relative seasonal proportions of records, with each bar representing a 1° latitudinal band (e.g., −32° = −32°00′ to −32°59′; each bar sums to 100%). 
(Left) Total observations, including complete checklists with and without presences, illustrate the seasonal distribution of sampling effort along the 
latitudinal gradient. (Right) Presence records only, highlighting the seasonal composition of species occurrences across latitudes. (B) Seasonally 
stratified boxplots of observed elevation by segment. Horizontal lines indicate the absolute topographic limits (minimum and maximum elevation) of 
each spatial unit as calculated with elev_minmax(). (C) Latitudinal density curves showing the seasonal distribution of presence records, highlighting 
spatial segregation between summer and winter segments along the north–south gradient. (D) Density plots of annual mean temperature (bio01) asso-
ciated with observations in each season, revealing seasonal shifts in the climatic conditions occupied by the species. (E) Monthly bar plots of record 
proportions within each spatial segment (1 = northern, 2 = central, 3 = southern), illustrating seasonal clustering and differences in phenological timing 
among segments. (F) Seasonal latitudinal distribution of records within each spatial segment. Boxplots summarize the latitude of presence records by 
season, allowing comparison of seasonal shifts in geographic position among segments.
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7. Visualization of spatiotemporal structure
Example outputs include seasonally stratified box-

plots of observed altitudes overlaid with topographic 
constraints for each segment (Fig. 3b); density curves il-
lustrating the degree of distributional overlap and differ-
entiation among seasonal segments across the latitudinal 
gradient (Fig. 3c); density curves showing the distribution 
of annual mean temperature values used by the species in 
different seasons (Fig. 3d); monthly bar plots describing 
the seasonal distribution of records within each spatial 
segment (Fig. 3e); and seasonal latitudinal distribution of 
records within each spatial segment (Fig. 3f).

This visualization revealed that the species exhibits a 
clear latitudinal shift between seasons, occupying north-
ern latitudes during winter and southern latitudes during 
summer, consistent with previously documented austral 
migratory behavior. Although these patterns are broad-
ly consistent with the known migratory behavior of the 
species, this example illustrates how BioDyn enables the 
simultaneous exploration of seasonal geographic shifts, 
environmental associations, elevational structure, and 
sampling effort within a unified workflow. Annual mean 
temperature (bio01) distributions showed limited seasonal 
overlap, indicating distinct environmental conditions be-
tween breeding and non-breeding periods, but given that 
the species occupies different latitudes across seasons this 
pattern should be interpreted with caution. Elevational 
patterns further highlighted segment-level differences, 
with southern segments occupying broader and higher ele-
vational ranges during the breeding season.

Together, these outputs illustrate how BioDyn enables 
the structured characterization of seasonal distributional 
shifts and associated environmental variation within a re-
producible workflow.

Discussion
In the midst of the Big Data era, and with the scientif-

ic community increasingly aware of the need to systemat-
ically organize biodiversity information to address major 
knowledge shortfalls (Kitchin, 2014; Zurell et al., 2020; 
García-Roselló et al., 2023), we introduce BioDyn. This 
package provides a structured and reproducible frame-
work for organizing species occurrence data across spatial, 
temporal, and environmental dimensions. By integrating 
heterogeneous occurrence records with spatial segmen-
tation, seasonal stratification, environmental enrichment, 
and pre-configured visual outputs within a unified work-
flow, BioDyn enables explicit assessment of sampling bi-
ases, environmental representation, and intraspecific sea-
sonal and spatial variation. In addition, consolidating these 
pre-modeling and exploratory analytical steps within a 

single framework facilitates the detection of environmen-
tal information gaps, uneven sampling coverage, and dis-
tributional biases that could otherwise remain unnoticed 
when analyses are fragmented across multiple tools and 
workflows. 

The package is particularly useful for studies focused 
on intraspecific spatial–temporal variation, such as mi-
gratory systems, partial migration, seasonal niche shifts, 
and population-level environmental differentiation (e.g., 
Jahn et al., 2020; Newton, 2023). By enabling user-guided 
spatial segmentation and seasonal stratification, BioDyn 
incorporates ecological reasoning into exploratory analy-
ses while maintaining analytical flexibility and facilitat-
ing the generation of qualitative hypotheses about popu-
lation structure and seasonal dynamics. In particular, the 
build_data() function allows users to distinguish between 
true absences and unsampled locations through the inte-
gration of occurrence and checklist information, helping 
to avoid confounding biological patterns with gaps in 
sampling coverage. In addition, the plot_effort() function 
provides an intuitive graphical representation of sampling 
effort across latitudinal and seasonal gradients, facilitating 
the identification of effort-driven artifacts and improving 
the interpretation of apparent distributional gaps prior to 
downstream analyses. Together, these functions contribute 
to a more cautious interpretation of observed distributional 
patterns by helping distinguish biological signals from ar-
tifacts derived from uneven sampling intensity—a critical 
issue when working with citizen science data (Johnston et 
al., 2021; Contreras-Díaz et al., 2023).

BioDyn also promotes a shift from occurrence data-
sets as static point clouds toward recognizing them as 
structured, multi-dimensional data systems in which space, 
seasonality, environmental conditions, and sampling effort 
are integrated. This represents a necessary step toward un-
derstanding the complex processes shaping species’ dis-
tributions, in line with process-based frameworks such as 
the BAM conceptual model (Soberón & Peterson, 2005). 
Considering the growing volume of data, BioDyn facil-
itates the identification and visualization of distribution-
al, temporal, environmental, and sampling-information 
gaps associated with major biogeographical shortfalls, 
particularly those related to incomplete and biased distri-
butional knowledge (Lomolino et al., 2004; Hortal et al., 
2015). Likewise, the integration of environmental enrich-
ment and seasonal exploratory analyses may help identify 
gaps related to species’ environmental requirements and 
niche limits, indirectly contributing to the Hutchinsonian 
shortfall. More indirectly, BioDyn may also contribute to 
addressing aspects of the Prestonian shortfall, insofar as 
structured spatiotemporal occurrence and sampling-effort 
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data can provide useful proxies for population dynamics 
despite not incorporating direct demographic or abun-
dance information (Hortal et al., 2015). 

Despite these strengths, BioDyn presents opportuni-
ties for improvement. For instance, the package operates 
strictly within the domain of occurrence-based data and 
does not incorporate demographic information, movement 
trajectories, abundance estimates, or genetic structure. 
Consequently, inferences regarding population differenti-
ation or migratory connectivity remain indirect and should 
be interpreted with caution. Likewise, although the inter-
active segmentation component provides flexibility and 
ecological interpretability, it also introduces a degree of 
subjectivity when spatial segments are defined through ex-
pert criteria. Future developments could strengthen Bio-
Dyn’s integration within broader ecological workflows by 
establishing standardized interfaces with species distribu-
tion, occupancy, or niche modeling frameworks, as well as 
by incorporating quantitative bias metrics to complement 
the current exploratory visual diagnostics. 

Within this context, BioDyn occupies a comple-
mentary but distinct analytical space relative to other R 
packages for biodiversity data processing and spatial ex-
ploration, such as rgbif (Chamberlain et al., 2026), auk 
(Strimas-Mackey et al., 2026a), and sf (Pebesma & Bi-
vand, 2023), which primarily focus on occurrence data ac-
quisition, filtering, and spatial data exploration workflows. 
In contrast, BioDyn extends these approaches by explicit-
ly structuring occurrence records within a spatiotemporal 
framework centered on intra-specific seasonality, and pop-
ulation-level segmentation, and exploratory analyses of 
dynamic distributions. BioDyn also complements model-
ing-oriented frameworks, such as ebirdst (Strimas-Mack-
ey et al., 2026b). While ebirdst provides high-resolution 
estimates of abundance, occurrence, and population trends 
through large-scale modeling approaches, BioDyn is de-
signed to work directly with raw occurrence data, orga-
nizing them to support intraspecific and population-level 
exploration prior to formal modeling.

With the current fast expansion of biodiversity data 
availability (García-Roselló et al., 2023; Contreras-Díaz 
et al., 2023), most macroecological and biogeographical 
tools continue to operate at the species level (Peterson et 
al., 2011; Zurell et al., 2020), often overlooking essential 
processes such as intraspecific movements and season-
al population differentiation (Jahn et al., 2020; Newton, 
2023). BioDyn came to occupy a particularly relevant po-
sition within this analytical landscape by explicitly struc-
turing occurrence data to capture spatial and seasonal dy-
namics at the population level. By integrating exploratory 
analyses of sampling effort, environmental representation, 
and seasonal variation within a unified workflow, the 

package also facilitates the identification of information 
gaps and potential biases affecting the interpretation of in-
tra-specific distributional patterns. 
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