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A B S T R A C T

Biodiversity analyses based on species-occurrence data are highly sensitive to the spatial and temporal resolu
tions at which observations are aggregated, leading to scale-dependent biases associated with the Modifiable 
Areal and Temporal Unit Problems (MAUP/MTUP). Yet resolution choices are often arbitrary, potentially 
introducing artefactual patterns and limiting the reproducibility and comparability of ecological studies. We 
present OptiScale, a data-driven framework that reduces biases arising from spatial and temporal aggregation 
before biodiversity analyses are performed. OptiScale integrates the species–area relationship theory and 
piecewise regression analysis to identify candidate spatial resolutions, and process control approaches to assess 
temporal stability. A multi-criteria selection procedure then identifies the optimal spatial–temporal resolution 
(OpR) that minimizes aggregation effects on data structure while balancing data aggregation, sparsity, vari
ability, and model behavior. OptiScale is not designed to identify universal ecological scales or infer optimal 
resolutions for specific ecological processes. Rather, it provides a reproducible and statistically grounded 
approach for selecting analysis resolutions in heterogeneous occurrence datasets. Evaluation across three case 
studies spanning contrasting ecological and sampling contexts showed that OpR is inherently context dependent, 
emerging from trade-offs among spatial aggregation, temporal stability, and data sparsity. By replacing arbitrary 
resolution choices with an explicit data-driven procedure, OptiScale reduces aggregation bias and improves the 
robustness and comparability of biodiversity analyses. The framework is scalable, adaptable to diverse datasets, 
and transferable beyond plant biodiversity to any georeferenced occurrence data.

1. Introduction

In recent years, open-access databases have democratized access to 
massive amounts of current and historical species-occurrence records, 
organized into thousands of independent and non-homogeneous data
sets that lack a standardized sampling design (Martinez et al., 2025). 
When paired with environmental data, these species occurrence records 
offer unprecedented opportunities to investigate biodiversity change 
across broad spatial and temporal scales. These data have become 
essential for biodiversity monitoring, ecological research, and conser
vation planning (Marchetto et al., 2024).

The reuse of preexisting occurrence records is particularly critical for 
retrospective studies, as legacy datasets provide the foundational base
lines required to evaluate long-term ecological trends and biodiversity 
responses to global change (Heberling et al., 2021). However, effectively 
integrating these disparate datasets means combining data collected 
under highly heterogeneous sampling protocols and varying historical 
contexts (Tingley and Beissinger, 2009). Consequently, finding an 
operational spatiotemporal scale is paramount to harmonizing these 
data streams and minimizing biases. Crucially, this operational scale is 
not an inherent property of the underlying dataset; rather, the choice of 
scale is fundamentally driven by the analytical purpose of the study 
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(Levin, 1992).
Using and integrating these species-occurrence datasets creates its 

own challenges, as each dataset contains gaps, uncertainties, and bias 
across taxonomy, space, and time (Meyer et al., 2016). For example, 
there is a recurrent spatial bias in species-occurrence records towards 
highly accessible locations, including areas near roads, urban centers, 
protected areas, and biodiversity hotspots that have been reported in 
previous studies (Bowler et al., 2022; Lipiński, 2026; Melis et al., 2025).

Additionally, species occurrence records typically include 
geographic coordinates associated with individual observations (Ye, 
2024). To analyze biodiversity patterns, these point-based records are 
often aggregated into grid cells or other spatial units to calculate 
biodiversity metrics such as species richness (Marchetto et al., 2024). 
Species richness is particularly relevant because its relationship with 
area provides a basis for scaling biodiversity estimates across spatial 
extents and comparing patterns among regions (Crawley and Harral, 
2001). However, there is no standardized framework for defining 
these aggregation units, and studies often rely on grids that differ in size, 
shape, and configuration, frequently based on arbitrary choices 
(Table 1).

However, the aggregation of data using spatial units, such as grid 
cells, can yield different results depending on size, shape, and position of 
the units used (Moat et al., 2018). This issue is known as the Modifiable 
Areal Unit Problem (MAUP), whereby analytical results vary according 
to the scale of analysis (size and number of units) and the aggregation 
configurations used (alternative shapes, and boundaries of the spatial 
units) (Openshaw and Taylor, 1981). Consequently, applying different 
spatial boundaries and levels of aggregation (e.g. spatial resolutions or 
grid configurations) can produce different statistical relationships and 

interpretations from the same underlying dataset (Lechner et al., 2012).
Previous studies recognized the importance of spatial scale and 

evaluated multiple candidate resolutions before conducting ecological 
analysis (Wang et al., 2024; Zhao et al., 2024). However, that evaluation 
typically examines a restricted number of predefined spatial scales in 
landscape metrics, vegetation cover, or environmental variables, 
without evaluating the temporal aggregation. Studies that evaluate 
different coupled spatial and temporal scales in plant species occurrence 
data are still scarce. This is particularly important because the spatio
temporal configuration used to aggregate biodiversity data can strongly 
influence the patterns and trends detected in a dataset (Leroy et al., 
2023).

Temporal data aggregation presents analogous challenges, giving 
rise to the Modifiable Temporal Unit Problem (MTUP), where analytical 
results can vary according to the temporal grain, extent, and segmen
tation used to summarize geographic data observations (Cheng and 
Adepeju, 2014). de Jong and de Bruin (2012) analyzed the effects of 
MTUP in satellite time series of vegetation data, highlighting that 
incorrect temporal aggregations can alter estimated ecological trends 
and model parameters. Biodiversity studies also highlighted that 
observed patterns and trends depend on the granularity of both spatial 
and temporal scales (e.g., in bird communities; Leroy et al., 2023). In 
addition, fundamental characteristics such as time series length and 
temporal autocorrelation can also influence the interpretation of long- 
term biodiversity trends (Kuczynski et al., 2023). Even though the 
MTUP can be applied to any geographic data observation, explicit 
evaluation of alternative temporal aggregation windows is uncommon 
in studies based on species occurrence records.

Simultaneously addressing the Modifiable Areal Unit Problem 
(MAUP) and the Modifiable Temporal Unit Problem (MTUP) remains a 
major methodological challenge. Nevertheless, multiscale approaches 
are essential, as alternative spatial and temporal aggregations can both 
reveal and obscure emerging ecological patterns (Leroy et al., 2023). 
Robust inference therefore requires evaluating the stability of results 
across multiple spatial grid configurations and temporal aggregation. 
However, exhaustive exploration of spatial–temporal combinations is 
often computationally demanding and may become infeasible for large 
datasets (Hortal and Lobo, 2002).

To address these scaling challenges when integrating independent or 
legacy species occurrence datasets from global platforms we present 
OptiScale, a systematic, data-driven heuristic framework designed to 
navigate the scale components of both the MAUP and the MTUP in 
species-occurrence analyses. Aligning with the principle that scale se
lection must serve the study's specific objective, OptiScale evaluates 
multiple spatial and temporal configurations and identifies those that 
minimize aggregation-induced effects on data coverage, sparsity, and 
richness variability. To achieve this, the framework integrates several 
complementary components, including species-area relationships 
(SAR), segmented regression, process control methods, divisor-based 
grid generation, and spherical area estimation.

Importantly, OptiScale does not aim to identify a universal ecological 
resolution. Instead, its objective is to provide a formal procedure for 
comparing alternative spatial and temporal aggregation schemes and 
selecting operational analytical resolutions using statistical criteria that 
capture data aggregation effects, sparsity, variability, and model 
behavior before subsequent ecological analysis (e.g., climate-richness 
modeling).

By explicitly formalizing the evaluation of aggregation choices, 
OptiScale offers a practical framework for reducing biases introduced by 
arbitrary spatial and temporal discretization in species occurrence data. 
This, in turn, enhances reproducibility, analytical consistency, and 
comparability across biodiversity studies conducted under heteroge
neous data conditions.

The framework is applied to case studies in Spain, Australia, and 
Argentina, demonstrating its robustness and adaptability across datasets 
with markedly different ecological and sampling characteristics.

Table 1 
Examples of spatial resolutions used in biodiversity studies.

Study region Grid Resolution 
(km)

Application Grid system

Iberian 
Peninsula 

(Hortal and 
Lobo, 2002)

1, 50
Environmental 

variables, biodiversity 
distribution

UTM

Aragon, Spain 
(Castillo- 

Mateo et al., 
2023)

4 Environmental variables Not specified

Europe & 
North 

America 
(Ye, 2024)

50, 100, 200, 400 MAUP sensitivity in 
fossil data

Eckert IV

Global 
(Benson 

et al., 2021)
500 Biodiversity distribution Not specified

Germany 
(Bowler 

et al., 2022)
5.5 × 6 Spatial biases in species 

occurrence data
TK25 quadrants

Global & 
Regional 
(Keil and 
Chase, 
2022)

Countries, 0.001, 
0.0039, 0.0156, 

0.0625*
Biodiversity distribution Not specified**

Yellow River 
Basin, China 

(Wang 
et al., 2024)

30–100
Ecological risks to the 

landscape
Not specified

Flora of 
Bogotá, 

Colombia 
(Vargas 

et al., 2024)

1
Species richness, spatial 
coverage, and sampling 

coverage
Not specified

Shiyang River 
Basin, China 
(Zhao et al., 

2024)

1–5 Spatial distribution of 
vegetation cover

China Albers 
Equal Area 
Projection

* Regular units in km2, **projections for mammal data are Behrmann.
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2. Materials and methods

We used species occurrence data from the global platforms Forest
Forward (Tejada-Gutierrez et al., 2024) and the Global Biodiversity In
formation Facility (GBIF.org, 2025), because these platforms contain 
open-access datasets with worldwide geographic coverage and time- 
series since 1950. Datasets from both sources were used individually 
to evaluate the performance of OptiScale, a dataset-based methodology 
to determine the optimal spatial and temporal resolution when 
analyzing biodiversity data in different regions.

To summarize, our methodology starts by determining feasible 
spatial resolution intervals using spatial discretization and area esti
mation methods. Then, SAR analysis and segmented regression are used 
to identify the optimal values within the range of feasible resolutions. 
Finally, process control analysis is used to establish optimal temporal 
resolution by evaluating biodiversity stability in different time windows 
TW (Fig. 1). The following subsections detail the selection of case study 
areas as well as the workflow of OptiScale and its components.

2.1. Input data requirements and study area definition

Biodiversity platforms offer heterogeneous data formats and attri
bute structures. To ensure reproducibility across different data sources 
and facilitate implementation by independent researchers, we estab
lished minimum data requirements: species name (a string variable 
defined in the field ‘species’), observation year (an integer variable 
defined in the field ‘year’), and geographic coordinates in decimal de
grees (float variables defined in the field ‘lat’ for latitude and ‘lon’ for 

longitude). Before analysis, users must standardize these data fields in 
their datasets using the attribute names ‘species’, ‘year’, ‘lat’, and ‘lon’, 
respectively. All datasets used in our benchmarking were processed in 
CSV format for compatibility and transparency.

The total study area (TA in Fig. 1A and hereafter) is defined by the 
user through four geographic coordinate parameters: minimum and 
maximum longitude (xmin, xmax) and minimum and maximum latitude 
(ymin, ymax), all expressed as integer values. This rectangular geo
metric definition was adopted to simplify algorithm development and 
validation, ensuring that grid-cell dimensions divide the corresponding 
TA dimension exactly (Fig. 1A).

2.2. Spatial grid generation and area calculation

After the four geographic coordinate parameters are defined, and to 
avoid arbitrariness in selecting grid sizes, OptiScale generates all 
mathematically possible regular grid configurations (i.e., spatial reso
lutions) by calculating all divisors of latitudinal (Y = ymax − ymin) and 
longitudinal (X = xmax − xmin) extents at two decimal precision points 
(Fig. 1B). This exhaustive approach produces a granular continuum of 
resolutions from fine local patterns to full TA.

Grid cell areas are calculated in square kilometers (km2) using a 
spherical approximation. Cell width (W), height (H), and area (A) are 
computed as in (Santini et al., 2010): 

W =
( Δx

360

)
*2πR*cos

(
ymin + ymax

2
*

π
180

)

(1) 

Fig. 1. Workflow of the algorithm for selecting optimal spatial–temporal resolutions (OpR). The diagram summarizes the main stages of the proposed pipeline. (A) 
Preparation of occurrence datasets. (B) Generation of candidate spatial grids covering the study region. (C) Aggregation of species records across spatial resolutions. 
(D) Identification of candidate spatial resolutions (SR) using the Species–Area curve and piecewise regression analysis. (E) Aggregation of species records across 
spatial-temporal resolutions for SR and evaluation of temporal stability using control-chart metrics and outlier detection (red point in PCC). (F) Multi-criteria filtering 
to identify the optimal spatial–temporal resolution (OpR). TA = total area, fb = first breakpoint, sb = second breakpoint, TW = time window, CV = Coefficient of 
Variation of richness, PCC = Process Control Chart, Baseline CV = mean of the annual spatial CV values calculated across the TA, UCL = Control Chart Upper Limit, 
LCL = Control Chart Lower Limit, Mean_CV = average temporal variability, Diff_CV = difference between Mean_CV and baseline CV. (For interpretation of the 
references to color in this figure legend, the reader is referred to the web version of this article.)
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H =
( Δy

360

)
*2πR (2) 

A = W*H (3) 

In Eqs. 1–3, the mean Earth radius R is 6371 km, Δx and Δy are the 
longitudinal and latitudinal extents of the cell, and ymin and ymax are 
the minimum and maximum latitudes of the cell. This spherical 
approach provides substantially more accurate area estimates than 
planar calculations (Borisov et al., 2023).

Each unique resolution is labeled with the number of cells dividing 
the TA, followed by a lowercase letter differentiating resolutions with 
identical cell counts but different orientations (e.g., 50a, 50b, 50c). This 
labeling system facilitated the tracking and comparison of resolutions 
throughout the analysis (Fig. 1B).

2.3. Species record assignment and diversity metrics calculations

After defining the set of candidate grids, we assign each plant 
occurrence record (geographic point defined by longitude and latitude, 
x, y) to grid cells using an ordered spatial search (south-to-north itera
tion) with inclusive boundary conditions (≥ lower and ≤ upper cell 
limits for both coordinates). Each record is assigned to the first matching 
cell and stored in a lookup dictionary indexed by cell ID (Fig. 1C).

For each spatial resolution, we compute biodiversity metrics at the 
grid-cell level, including species richness (number of unique species), 
abundance (number of occurrence records), and four diversity indices: 
Shannon, Simpson, Margalef, and Menhinick (Supplementary Table S1). 
These metrics provide complementary descriptions of biodiversity 
structure. Shannon and Simpson indices are calculated based on relative 
occurrence frequency, whereas Margalef and Menhinick standardize 
richness relative to sample size.

Because occurrence datasets often differ in sampling completeness 
and may lack consistent abundance information, derived diversity 
indices are not uniformly available across all datasets. For this reason, 
Shannon, Simpson, Margalef, and Menhinick indices are computed 
when data availability permits, but they are not used as primary vari
ables for resolution selection.

OptiScale uses species richness as the reference metric for evaluating 
alternative spatial and temporal aggregation configurations. We select 
richness because it is consistently available across all datasets and re
mains computationally stable under varying sampling intensities. The 
remaining diversity indices are retained as secondary outputs for 
exploratory analysis and robustness assessment.

For each spatial resolution, summary statistics (mean, median, and 
variance) are calculated for all diversity metrics, together with the mean 
grid cell area (km2), calculated across all cells within that resolution 
because cell area varies slightly with latitude (Eq. 1–3), and total 
number of empty cells. This summary facilitates evaluation of the crit
ical spatial detail versus data robustness trade-off (e.g., overly fine grids 
tend to produce many empty cells or richness = 1).

2.4. Species-area relationship analysis and spatial resolution selection

OptiScale generates candidate spatial grids at multiple resolutions 
and assigns species occurrence records to corresponding grid cells. To 
quantify how spatial aggregation affects biodiversity estimates, OptiS
cale uses the species–area relationship (SAR) as a framework for eval
uating changes in species richness across grid cell sizes.

The SAR describes the relationship between observed species rich
ness and sampled area. It typically exhibits three phases: (i) a steep in
crease in richness at fine spatial scales, (ii) a transition phase where 
richness accumulation slows, and (iii) an asymptotic phase at coarser 
scales where richness approaches the regional species pool defined by 
the study extent (Fig. 1D).

To identify spatial resolution thresholds, OptiScale applies a 

sequential piecewise linear regression approach. First, a two-segment 
piecewise linear model is fitted across the full range of spatial resolu
tions (1 km2 to the total study area). This model identifies the first 
breakpoint (fb), which marks the onset of the SAR asymptotic phase, 
where increases in cell size produce minimal changes in species richness.

Next, a second piecewise linear model is fitted using only resolutions 
from 1 km2 to fb. This step identifies the second breakpoint (sb), which 
separates fine spatial resolutions from intermediate resolutions where 
richness variation begins to stabilize.

OptiScale retains spatial resolutions near sb as candidate configu
rations for further analysis. This step reduces the number of grid con
figurations while preserving resolutions that avoid excessive 
fragmentation at fine scales and oversmoothing at coarse scales.

Piecewise regressions are implemented using the pwlf Python library 
(Jekel and Venter, 2019). This library is used because it estimates 
breakpoint locations and segment slopes simultaneously using least- 
squares optimization, avoiding the need for predefined breakpoint 
positions.

Following identification of sb, OptiScale selects candidate spatial 
resolutions closest to this threshold. Two selection modes are imple
mented: (i) default mode, which selects the five resolutions nearest to sb, 
and (ii) user-defined mode, which allows specification of the number of 
candidates (n) and their position relative to sb (“below” for finer reso
lutions and “above” for coarser resolutions). Candidate grids are ranked 
based on their distance from sb in terms of grid cell area.

OptiScale removes candidate grids with strong directional bias, 
defined as configurations with fewer than three cells along either the 
latitudinal or longitudinal axis. This constraint avoids highly anisotropic 
grid structures that can introduce geometric distortions in spatial 
aggregation.

The remaining configurations are defined as Selected Spatial Reso
lutions (SR) and are used in subsequent temporal aggregation and 
analysis steps (Fig. 1D).

2.5. Time window definition and analysis

Species occurrence records often exhibit temporal gaps and uneven 
sampling effort across years. Consequently, temporal aggregation 
choices can influence biodiversity estimates and contribute to the 
MTUP. OptiScale addresses MTUP by evaluating alternative temporal 
windows (TW) for biodiversity analysis. The workflow re-aggregates the 
same dataset used in the spatial optimization stage by assigning occur
rence records to non-overlapping temporal windows of t consecutive 
years.

OptiScale operates in two modes: (i) a default mode testing three 
predefined temporal windows (TW = 1, 5, and 10 years) spanning fine to 
coarse temporal scales, and (ii) a user-defined mode allowing specifi
cation of custom TW values.

After defining temporal windows, OptiScale restructures the dataset 
into a time-series format. The workflow reuses the spatial grid assign
ment and diversity estimation procedures, replacing spatial aggregation 
with temporal grouping based on the year attribute. This generates two 
new fields: period (aggregated year range) and temporal resolution (TW 
or time window hereafter). The resulting dataset is used for temporal 
resolution evaluation (Fig. 1E).

Temporal variability in species richness is quantified using the co
efficient of variation (CV), which provides a dimensionless measure that 
enables comparison across different spatial–temporal configurations.

To evaluate temporal stability, OptiScale implements a process 
control analysis framework. The workflow computes the baseline CV as 
the mean of the annual spatial CV values calculated across the total 
study area, together with the standard deviation of these annual CV 
values, obtaining the upper and lower control limits (UCL and LCL; Eqs. 
4–8, Table 2). These limits are a reference band to compare the relative 
temporal variability generated by alternative SR–TW aggregation 
schemes and are not intended as conventional statistical process-control 
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limits for identifying abnormal observations.
The CV calculated for each spatial resolution (SR) and temporal 

window (TW) combination (Eq. 9, Table 2) is evaluated against this 
baseline and its reference band in a control process chart. Each SR–TW 
pair is then evaluated using three summary metrics: number of outliers 
(CV values outside UCL–LCL limits), Mean_CV (average temporal vari
ability), and Diff_CV (difference between Mean_CV and baseline CV). 
These metrics are used to compare candidate temporal and spa
tial–temporal configurations and to assess how aggregation choices in
fluence variability in richness estimates (Fig. 1E).

2.6. Spatial-temporal resolution selection

OptiScale identifies the final spatial–temporal configuration, 
referred to as the Optimal Resolution (OpR). The term “optimal” refers 
to the best-performing configuration within the tested dataset according 
to the evaluation criteria defined in this study and does not imply an 
ecologically optimal scale. The approach first selects the spatial reso
lution (SR) that exhibits the lowest mean number of outliers across all 
temporal windows (TW). Outliers are defined as CV values outside the 
control limits and are used as an indicator of instability in richness es
timates across temporal aggregations.

For the selected SR, OptiScale evaluates candidate temporal win
dows using a rule-based multi-criteria selection procedure. This pro
cedure assesses temporal stability across all TW configurations using 
three metrics: number of outliers, mean coefficient of variation 
(Mean_CV), and difference in coefficient of variation (Diff_CV). Each 
metric is compared against the mean value of the same metric across all 
candidate TWs within the selected SR. OptiScale retains TW configura
tions that meet predefined thresholds for these metrics, ensuring 
comparability across spatial–temporal combinations (Fig. 1F).

The selection procedure applies four sequential filtering steps, with 
early termination when a single candidate remains: 

1. Outlier-based filtering. The mean number of outliers across all TW 
candidates is computed. OptiScale retains TWs with outlier counts 
less than or equal to this mean. If a single candidate remains, it is 
selected as OpR. If multiple candidates remain, the procedure 
continues.

2. Mean variability filtering (Mean_CV). Remaining candidates are 
filtered by retaining TWs with Mean_CV less than or equal to the 
mean Mean_CV across all candidates within the selected SR.

3. Relative variability filtering (Diff_CV). Remaining candidates are 
filtered by retaining TWs with Diff_CV less than or equal to the mean 
Diff_CV across candidates.

4. Composite ranking (tie-breaking step). If multiple candidates 
remain, OptiScale computes a multiplicative index based on 
normalized values of the three metrics. Each metric is normalized 
using Min–Max scaling within the candidate set. The multiplicative 
index is then computed as the product of normalized metrics, and the 
candidate with the lowest index is selected. Ties are allowed, and 
multiple OpR configurations may be returned if they share identical 
scores. Reported metric values correspond to the original (non- 
normalized) data.

This hierarchical procedure ensures a reproducible selection of spa
tial–temporal configurations based on progressively stricter stability 
criteria applied to richness variability across time windows.

2.7. Algorithmic evaluation

To evaluate how spatial and temporal aggregation influence statis
tical inference, the OpR were compared with commonly used reference 
spatial resolutions in biodiversity studies. Four standard spatial grids 
were selected for comparison (0.01 × 0.01, 0.10 × 0.10, 0.50 × 0.50, 
and 1.00 × 1.00 degrees of latitude and longitude), together with the 
TW of one year, which represents the most frequently applied temporal 
aggregation in species occurrence data for biodiversity analyses. These 
reference spatial-temporal configurations were selected according to the 
previously reviewed works mentioned in the introduction section 
(Table 1).

For each study region, occurrence records were aggregated accord
ing to all spatial–temporal configurations generated by the OptiScale 
workflow as well as the reference grids. This procedure produced time- 
series datasets describing species richness per grid cell and TW. Because 
extremely fine spatial resolutions may produce highly fragmented 
datasets with large proportions of missing values, only configurations 
providing sufficient data coverage were retained for model evaluation.

To quantify the effects of spatial-temporal configurations on richness 
estimates, species richness was modeled depending on grid-cell area, 
using a Generalized Linear Model (GLM) with a Negative Binomial error 
distribution (Eq. 10): 

log (E[richnessi] ) = β0 + β1 Areai (10) 

In Eq. 10, species richness represents the number of species recorded 
in grid cell i, and Areaᵢ corresponds to cell area. We modeled richness as 
a function of area using a Negative Binomial regression to account for 
overdispersion commonly observed in richness estimates derived from 
aggregated occurrence data (Lindén and Mäntyniemi, 2011). The model 
used a log link function, and predictions were back-transformed to the 
original scale using the inverse link function implemented in the stats
models Python library (Seabold and Perktold, 2010). The model includes 
only area as a predictor to evaluate the relationship between spatial 
aggregation and observed richness patterns without incorporating 
additional environmental covariates.

Model behavior was evaluated through a multi-criteria framework 
that reflects the inherent trade-offs among aggregation effects, predic
tive stability, and data coverage (or completeness) at each spatial- 
temporal configuration (Fig. 2). McFadden's pseudo-R2 (R2

MF) was used 
to quantify the strength of the relationship between cell area and species 
richness, providing an indicator of the influence of spatial aggregation 
on richness estimates. Lower values indicate that variations in cell area 
explain little of the variations observed in richness. Because the objec
tive of this evaluation is to evaluate aggregation effects, lower R2

MF 
values indicate that richness estimates are less dependent on variation in 
grid cell area at that spatial configuration. Following commonly used 
interpretations of McFadden's pseudo-R2 (McFadden, 1974), values be
tween 0.10 and 0.20 were considered indicative of moderate 

Table 2 
Equations used in the algorithm for calculating coefficients of variation (CV) for 
species richness.

Number Equation Key Features

Eq. 4 CVi =
σi(x,y)

μi(x,y)

Annual CV: The natural spatial 
variability within year in the TA 
(Baseline CV).

Eq. 5 CV =
1
N

*
∑N

i=1
CVi

Mean of Annual CV: The average in the 
control process chart

Eq. 6
σCV =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1

N − 1
∑N

i=1
(CVi − CV

)2
√ Standard Deviation of Annual CV: 

Parameter used to define control limits

Eq. 7 UCL = CV+ σCV
Control Chart Upper Limit: The upper 
control limit in the chart

Eq. 8 LCL = CV − σCV
Control Chart Lower Limit: The lower 
control limit in the chart

Eq. 9 CVrtw =
σrtw

μrtw

CV for Specific combination of SR-TW: 
The spatial variability within TW in 
the SR

i = year, σ = standard deviation, μ = the mean, (x, y) = across all geographical 
coordinates, N = number of years, r = selected resolution, TW = time window, 
TA = Total area.
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contribution of grid-cell area to model fit, whereas values above 0.20 
indicated that variations in richness are more strongly dependent on 
grid-cell area.

Predictive performance (R2
p) was calculated through k-fold cross- 

validation (k = 5), using the coefficient of determination between 
observed and cross-validated predicted richness across all cells as the 
estimator. Positive R2

p values indicate that the aggregated dataset retains 
sufficient structure for the fitted model to perform better than a 
simplistic prediction based on regional mean richness. In the context of 
this study, positive R2

p values should not be interpreted as evidence of 
strong predictive performance. These values are used as a heuristic 
comparative measure of model performance across aggregation 
schemes.

Conversely, negative R2
p values indicate that the aggregation scheme 

introduces substantial noise or distortion. In these cases, the model 
performs worse than the simple baseline prediction (regional mean 
richness), meaning that the aggregated data lack reliable, reproducible 
structure for modeling purposes. This usually occurs when the number 
of observations (N) is too small in relation to the spatial heterogeneity of 
the grid configuration, making the model statistically unstable (Valavi 
et al., 2019). R2

p is used here as a comparative diagnostic of aggrega
tion effects and does not characterize or model the underlying spatial or 
temporal correlation structure.

Data coverage and sparsity were computed as follows: 

Coverage =
N
NT

(11) 

Sparsity =
Nr=1

N
(12) 

In Eqs. 11 and 12, N represents the number of cells in the configu
ration that contain observations used in the model, NT is the total 
number of cells in the configuration, and Nr=1 is the number of cells with 
richness = 1. These metrics were compared between OpR and reference 
configurations, where high data coverage and low sparsity indicated 
configurations that maximized usable information, which was critical 
for robust statistical inferences.

Finally, regional richness variability was quantified using the Coef
ficient of Variation: 

CVr = σr/μr (13) 

In Eq. 13, σr is the standard deviation and μr the mean richness across 
grid cells within each spatial-temporal configuration. This metric eval
uates the extent to which spatial aggregation alters the observed vari
ability of richness within the study region (Wang et al., 2024).

The comparative framework evaluates spatial–temporal configura
tions using four metrics: R2

MF, R2
p, sparsity (Nr=1/N), and CVr. Because 

these metrics are expressed on different numerical scales, values were 
normalized using Min–Max scaling (Elith and Leathwick, 2009) to 
facilitate comparison among configurations.

R2
MF quantifies the relationship between species richness and grid- 

cell area, derived from a regression model fitted after spatial aggrega
tion. Sparsity (Nr=1/N) measures the proportion of near-empty spa
tial–temporal units. R2

p evaluates predictive performance under cross- 
validation and reflects the reproducibility of richness patterns. CVr 
measures the coefficient of variation in richness across spatial–temporal 
units, providing a measure of dispersion after aggregation. Together, 
these metrics capture different statistical properties of aggregated 
biodiversity data.

We benchmarked the performance and generality of the methodol
ogy by applying it to three empirical case studies spanning contrasting 
data conditions and ecological and geographical contexts: The Ebro 
region in Spain, the Espinal transition region in Argentina, and the 
Southwestern region of Australia.

Additionally, OpR stability was evaluated through a sensitivity 
analysis. Using the Ebro dataset, we created 100 new datasets, each time 
randomly removing 15% of the original records. Then, for each of these 
100 datasets we applied the OptiScale framework. Mean breakpoint 
values, standard deviations, and the selection frequency of each OpR 
were calculated across repetitions.

2.8. Software implementation and reproducibility

OptiScale and its benchmark scripts were written in Python 3.14 
within a controlled computational environment to ensure consistency 
across executions, using the libraries described in Supplementary Ap
pendix S1. Development was conducted using Visual Studio Code with 

Fig. 2. Workflow to compare model performance between OpR and resolutions typically used in ecological research. OpR = Optimal Resolution. GLM = generalize 
lineal model. N = number of observations used by models. NT = number of observations expected in the dataset. Nr=1 = number of richness values equal to 1. 
CVr = coefficient of variation of regional richness. R2

MF = McFadden's pseudo-R2. R2
p = cross-validated predictive performance.
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AI-assisted coding tools (GitHub Copilot). To facilitate reproducibility of 
the results and use of OptiScale, the script, example datasets, environ
ment specification, and documentation are available at https://github. 
com/BioModelLab/OptiScale. Parameter customization options 
included: region boundaries (xmin, xmax, ymin, ymax), number of 
selected resolutions (n), position of selected resolutions (s = below or 
above), and TW definitions.

3. Results

OptiScale was implemented as a single script within a semi- 
automated workflow, comprising three sequential steps. The first step 
identifies candidate spatial resolutions (SR) based on the spatial distri
bution of data over the study area, without temporal aggregation. Sec
ond, it evaluates temporal variability across SR candidates with 
temporal aggregation. Third, OptiScale applies explicit decision criteria 
to select a single spatial-temporal resolution (OpR) or allow users to 
select their own resolution.

The workflow automatically produced four core outputs; each 
exported as an individual CSV file: (i) the filtered study area extent; (ii) 
cells with diversity metrics across grids; (iii) descriptive statistics across 
grids; and (iv) candidate SR aggregated across TW with diversity met
rics. In addition, the script generates complementary outputs (CSV and 
PNG) to support diagnostics and reproducibility, including: (i) descrip
tive statistics across SR candidates; (ii) control-limit values for process 
control charts; (iii) stability metrics across all SR-TW configurations; 
(iv) a complete OpR time-series dataset; (v) OpR-specific stability 
metrics; and (vi) figures summarizing key patterns (SAR curves with 
breakpoints, richness maps across SRs, and process control charts).

3.1. Overview of case studies

The study regions differed markedly in spatial extent, data volume, 
and diversity (Table 3). For instance, Ebro covers 55,562 km2 with 
24,206 occurrence records, whereas Espinal spans 430,520 km2 with 
135,449 records. Southwestern Australia (SW) provided the most 
demanding scenario for OpR selection due to its hyper-diverse flora, 
with the highest richness (7535 unique species) and the largest number 
of records (291,176).

Data provenance and temporal coverage also varied across regions, 
reflecting a combination of differences between ecosystemic biodiver
sity, sampling effort, and data collection practices (e.g., ForestForward 
data for Ebro, 1951–2022; GBIF for Espinal, 1970–2025; ForestForward 
for SW, 1970–2020). Despite these contrasts, OptiScale was indepen
dently applied out of the box to all three cases, requiring only the 
geographic bounding coordinates of the study area as region-specific 
input. The case studies are further used to illustrate flexible deploy
ment via alternative configuration modes: user-defined (Ebro), default 
(Espinal), and combined (SW), as summarized in Supplementary Fig. S1.

The following subsections present comparative results across case 
studies, emphasizing how OpR selection responds to differences in 
spatial extent, data coverage, and record density.

3.2. Spatial resolution selection (Stage 1)

OptiScale systematically generated all possible regular grid config
urations by combining divisors of longitudinal (X) and latitudinal (Y) 
extents at two-decimal precision for each study area (Supplementary 
Table S2). This ensured that all mathematically feasible spatial aggre
gations of the total area (TA) were evaluated simultaneously, rather than 
pre-selecting arbitrary grid sizes.

For each grid configuration, mean species richness was plotted 
against mean cell area (km2), producing a continuous SAR gradient from 
fine-resolution local partitions to full-area aggregation. Across all three 
case studies, SAR curves exhibited the expected non-linear form: a rapid 
initial increase in richness, followed by a deceleration phase and Ta
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eventual saturation (Supplementary Fig. S2).
A two-step segmented regression analysis was applied to each SAR 

curve to identify structural transitions in the relationship between 
richness and cell area. The first breakpoint fb marked the onset of 
richness saturation, while the second breakpoint sb indicated the tran
sition from rapid increase in richness as the cell area grows to deceler
ation of that increase (Supplementary Figs. S2A–B). The number of grid 
configurations and breakpoint magnitudes differed among case studies 
(Table 4). Espinal exhibited the highest number of grid configurations 
(432), and the largest breakpoint values (fb = 24,514; sb = 4556), 
whereas SW generated fewer configurations (180), and Ebro showed the 
smallest breakpoint values (fb = 6123; sb = 1279).

Following identification of sb for each case study, candidate grid 
configurations were selected within the transition zone and subse
quently filtered to remove grid configurations exhibiting strong direc
tional bias (≤ 2 grid cells along the latitudinal and/or longitudinal axis). 
This automated filtering reduced the initial grid set to a small number of 
spatial resolution SR candidates.

For Ebro, six SR were retained, fragmenting the TA into 48, 50, and 
60 cells per grid (mean area: 926 km2–1158 km2; mean richness: 
184–231), with pronounced overdispersion (SD > 250) (Supplementary 
Table S3). Espinal yielded three SR, fragmenting the TA into 96, 99, and 
100 cells per grid (mean area: 4303 km2–4482 km2; mean richness: 
246–260; SD > 250). In SW, default mode was initially applied, but the 5 
candidate resolutions nearest to the sb gave rise to grid cells without 
data. Because of this, we continued the OptiScale application to this case 
study in user-defined mode (n = 10, s = “above”), ensuring each cell 
contained data points in the initial process to select spatial resolution. 
Six SR were chosen, fragmenting the TA into 100 and 125 cells per grid 
(mean area: 1659 km2–2074 km2; mean richness: 696–848; SD > 300) 
(Supplementary Table S3).

Spatial richness maps confirmed substantial intra-regional hetero
geneity and demonstrated that grid orientation and cell geometry in
fluence aggregated richness patterns (Fig. 3A; Supplementary Fig. S3). 
Notably, even SR with comparable mean area values (e.g., SW: Sup
plementary Fig. S3) produced distinct spatial configurations and rich
ness estimates, highlighting the sensitivity of biodiversity metrics to 
spatial fragmentation.

3.3. Temporal analysis (Stage 2)

For each case study, OptiScale generated a complete time-series 
dataset with diversity metrics by combining region-filtered occurrence 
data, candidate SRs, and TW. The total number of SR–TW combinations 
differed across case studies. The user-defined mode in Ebro produced 24 
SR–TW permutations, compared to 9 under default mode for Espinal, 
while SW yielded 18 combinations using a combined configuration 
approach (Supplementary Table S4).

For each SR–TW combination, OptiScale computed stability metrics 
and generated process control charts to evaluate temporal consistency. 
Across all regions, the number of outliers decreased with increasing TW 
length. In contrast, Mean_CV and Diff_CV exhibited dataset-specific 
responses. In Ebro and Espinal, both metrics increased with longer 
TW. Conversely, in SW, Mean_CV decreased while Diff_CV increased as 
TW expanded (Supplementary Table S4).

Process control charts illustrated the smoothing effect of temporal 
aggregation (Fig. 3B). Short TW (1 year) captured high-frequency fluc
tuations but produced complex and noisy patterns. In contrast, large TW 
(e.g., 10–12 years) over-smoothed temporal dynamics, potentially 
obscuring short-term patterns present in the data. Intermediate TW 
(4–5 years) generally retained temporal variation while reducing short- 
term fluctuations.

Dataset-specific patterns were also evident. The temporal evolution 
for SR 50d in Ebro is qualitatively similar across alternative TW (Sup
plementary Fig. S4). In Espinal, SR 96a and 100d balanced smoothing 
and trend preservation within control limits (Supplementary Fig. S4). In 
SW Australia, temporal trajectories remained consistently below base
line thresholds across all SR–TW combinations, showing limited devi
ation but comparable smoothing behavior (Supplementary Fig. S4).

3.4. Final OpR selection (Stage 3)

In Stage 3, OptiScale ranked candidate SRs according to their tem
poral stability, quantified as the average number of outliers across 
evaluated TW (Table 5). This first filtering step identified the SR 
exhibiting the most consistent behavior over time, before applying the 
multi-criteria selection procedure.

For the Ebro region, SR 50d showed superior temporal stability 
relative to other candidates with the lowest mean number of outliers 
(4.3). In Espinal, SR 100d ranked highest (3.7), while in SW Australia, 
SR 125b exhibited the lowest average outlier frequency (8.7) among 
candidates (Table 5).

Subsequently, OptiScale applied the full multi-criteria filtering pro
cedure to determine the OpR. This procedure sequentially evaluated 
stability metrics (number of outliers, Mean_CV, and Diff_CV), progres
sively reducing the candidate set until a single configuration satisfied 
the defined criteria (Fig. 3C). Notably, the number of filtering steps 
differed among case studies. The selection process automatically 
adapted to the differing behaviors of the candidates (Fig. 3C; Supple
mentary Fig. S5).

The resulting OpR differed across datasets. For the Ebro region, SR 
50d (~20 × 60 km) with a 4-year TW minimized outliers (number of 
outliers = 3) while maintaining moderate variability (CV = 1.63) 
(Supplementary Fig. S5). In Espinal, SR 100d (~30 × 140 km) with a 5- 
year TW minimized outliers (number of outliers = 1), maintaining a 
moderate variability (CV = 1.92) (Supplementary Fig. S5). For the SW 
region, SR 125b (~20 × 80 km) with a 10-year TW minimized outliers 
(number of outliers = 5) and achieved the lowest CV (1.05) among all 
case studies, despite a slightly larger deviation from process control 
baseline (Diff_CV = − 0.83) (Supplementary Fig. S5). These results 
indicate that the OpR reflects an explicit trade-off between temporal 
stability and the retention of temporal variability in the aggregated data 
(Fig. 3 A–C).

3.5. Effect of spatial and temporal resolution on biodiversity metrics

Here, we compare the selection of OpR by OptiScale with standard 
spatial (0.01 × 0.01, 0.10 × 0.10, 0.50 × 0.50, and 1.00 × 1.00 degrees 
of latitude and longitude) and temporal (1 year) resolutions used in ad- 
hoc studies to understand how the different aggregation regimes might 

Table 4 
Summary table of number of divisors for longitudinal and latitudinal extents, number of grid configurations, and breakpoints (fb and sb) values for each case study.

Study case dX dY N◦ of grid configurations fb sb TW Grid cell size

lon lat

Ebro 12 18 216 6123 1279 4 0.20 0.60
Espinal 18 24 432 24,514 4556 5 1.40 0.30
SW 12 15 180 7656 1461 10 0.20 0.80

dX = number of divisors for longitudinal extension, dY = number of divisors for latitudinal extension, fb = first breakpoint, sb = second breakpoint, 
SW = Southwestern. TW = time windows. lon, lat = longitude and latitude in decimal degrees.
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influence richness estimates, data coverage, and model behavior.
Across all case studies, mean richness increased with both spatial and 

temporal aggregation (Fig. 4A, C, and E). Coarse spatial resolutions 
(1.00 × 1.00) consistently produced the highest mean richness values, 
particularly when combined with larger TW (8–12 years). Intermediate 
resolutions (0.50 × 0.50 and OpR configurations) showed similar 
increasing trends, while finer grids (0.01 × 0.01 and 0.10 × 0.10 degrees 
of latitude and longitude) consistently produced the lowest richness 
values across all TW.

Data coverage showed the opposite trend. Fine spatial resolutions 
generated highly fragmented grids with large numbers of empty cells 

and years without records. For example, the finest grids (0.01 × 0.01) 
produced tens or hundreds of thousands of cells (e.g., 
~60,000–420,000), resulting in time-series datasets with more than 
60% missing values (Figs. 4B, D, and F). In contrast, intermediate 
(0.50 × 0.50 and OpR configurations) and coarse resolutions 
(1.00 × 1.00) reduced spatial fragmentation and increased the propor
tion of valid observations, generally maintaining missing values below 
50%.

Temporal aggregation had a comparable effect. The smallest TW 
(1 year) produced the highest proportion of missing values, while 
aggregating observations over longer windows (TW = 4–12 years) 
substantially improved data coverage. This improvement was particu
larly evident in intermediate and coarse spatial resolutions (Figs. 4B, D, 
and F).

Among the study regions, SW Australia exhibited higher data 
coverage than the Ebro and Espinal regions across most spatial resolu
tions. In this region, the fine resolution (0.10 × 0.10 degrees of latitude 
and longitude) showed a notable reduction in missing values when TW 
of 5 and 10 years were used, reaching levels below 40% missing values 
(Fig. 4F).

We fitted richness as a function of cell area for both the OpR con
figurations and for intermediate and coarse reference grids (0.50 × 0.50 
and 1.00 × 1.00 degrees of latitude and longitude). Each configuration 
was evaluated based on the trade-offs among four complementary 
metrics: the influence of spatial aggregation (R2

MF), predictive perfor
mance (R2

p), data sparsity (Nr¼1/N), and the preservation of regional 
richness variability (CVr) (Fig. 5; Supplementary Table S5).

Across the three study regions, consistent differences emerged in the 
behavior of these metrics when OpR configurations were compared with 
reference grids (Fig. 5). In the Ebro region, increasing spatial 

Fig. 3. Workflow results for each case study. (A) Spatial distribution maps of species richness; x-axis = longitudes. y-axis = latitudes. Color scale = darker cells 
indicate greater species richness. (B) Process control charts, temporal variability of species richness across time windows TW; x-axis = years. y-axis = coefficient of 
variation of richness (CV). The black line indicates the baseline CV. The red lines indicate the upper and lower limits of the control process. (C) Multi-criteria 
resolution selection to determine optimal spatial-temporal resolution OpR. SW = Southwestern Australia. The labels indicate the number of grid cells generated 
by the spatial configuration (higher values correspond to finer spatial resolutions) and the cell size in that spatial grid as (x,y) coordinates. (For interpretation of the 
references to color in this figure legend, the reader is referred to the web version of this article.)

Table 5 
Ranking the average number of outliers across TW by candidate SRs for each 
case study.

Region Selected Resolution Number of Outliers

Ebro 50d 4.3
48b 5.3
60e 5.3
48a 5.5
50c 5.5
60c 6.0

Espinal 100d 3.7
96a 4.0
99a 5.3

SW Australia 125b 8.7
100e 11.7
100 g 12.7
100c 13.0
125a 13.0
100d 14.0
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aggregation strengthened the relationship between cell area and rich
ness, as reflected by higher R2

MF values in the coarser configurations. 
OpR 50d-4 showed an intermediate R2

MF value (0.206) relative to the 
reference grids (0.122–0.243), indicating a moderate influence of cell 
area on richness (Supplementary Table S5). This configuration also 
maintained a positive R2

p value, while showing intermediate sparsity 
(0.513 vs. 0.290–0.880) and CVr value (2.60 vs. 2.03–2.96). Together, 
these results indicate that OpR retained richness variability while rep
resenting an intermediate level of data aggregation (Fig. 5; Supple
mentary Table S5).

In the Espinal region, only grid configurations 100d-1 and 100d-5 
(OpR) led to positive R2

p values, with sparsity being smaller in OpR 
(0.188 vs. 0.262, respectively). Although the influence of cell area on 
richness was slightly higher in OpR (Fig. 5), the combined behavior of 
the four metrics indicated stable performance for this grid configuration 
(Supplementary Table S5). In SW Australia, the OpR (125b-10) also 
exhibited intermediate values of R2

MF (0.011 vs. 0.008–0.016), sparsity 
(0.033 vs. 0.003–0.52), and CVr (1.042 vs. 0.684–1.477), together with 
a positive R2

p value (Fig. 5; Supplementary Table S5).
These results indicate that the selected configuration maintained 

predictive model stability. In contrast, intermediate and coarse refer
ence configurations generally exhibited more extreme values for one or 
more metrics (Fig. 5; Supplementary Table S5).

4. Discussion

OptiScale provides a practical and systematic framework for 
reducing the influence of arbitrary spatial and temporal aggregation 
choices in biodiversity analyses based on species occurrence data. 
Rather than identifying a single intrinsic ecological scale, the framework 
evaluates alternative aggregation configurations and selects those that 
best balance data coverage, sparsity, and stability of richness estimates, 
while minimizing aggregation-induced artefacts. By formalizing this 
process, OptiScale improves reproducibility, analytical consistency, and 

comparability across studies that rely on heterogeneous biodiversity 
datasets.

The framework addresses two well-known challenges in spatial and 
temporal analysis: the scale component of the Modifiable Areal Unit 
Problem (MAUP; Openshaw and Taylor, 1981) and the Modifiable 
Temporal Unit Problem (MTUP; Cheng and Adepeju, 2014). Both arise 
because analytical outcomes can vary substantially depending on how 
observations are aggregated in space and time. Consequently, inappro
priate aggregation choices can also distort biodiversity patterns and 
introduce artefacts into subsequent modeling and inference.

OptiScale addresses these limitations by treating spatial and tem
poral aggregation as parameters that can be evaluated objectively using 
the observed structure of the dataset. The workflow systematically 
compares a large set of candidate grid configurations, identifies those 
that minimize sparsity and area-related distortions in richness estimates, 
and subsequently selects temporal windows that maximize stability 
across grid cells. This approach differs from previous studies that typi
cally evaluate a limited number of predefined spatial resolutions for 
specific applications (e.g., landscape analysis, vegetation cover, or fossil 
data) (Wang et al., 2024; Ye, 2024; Zhao et al., 2024).

Instead of focusing on a particular ecological response, OptiScale 
identifies configurations that reduce the influence of aggregation- 
related effects and improve the robustness of spatial–temporal biodi
versity analyses. The resulting Optimal Resolution (OpR) should 
therefore be interpreted as an operational analytical resolution rather 
than an ecologically optimal scale. Specifically, OpR represents the 
spatial–temporal configuration that, for a given dataset, best balances 
the reduction of aggregation-induced artefacts with the preservation of 
meaningful variability in the observed data. Because this definition 
depends on the statistical properties of the dataset being analyzed, 
different datasets may yield different spatial-temporal configurations. 
This is further underscored by recent studies demonstrating that 
different spatial or temporal scales depend on the specific research 
context and objectives (Leroy et al., 2023; Wang et al., 2024; Ye, 2024; 
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Zhao et al., 2024).
Beyond identifying OpR, OptiScale generates a series of intermediate 

datasets and diagnostic outputs that document each stage of the work
flow. These outputs allow users to inspect, reproduce, and critically 
evaluate the resolution-selection process without rerunning the entire 
analysis. The framework also accommodates expert-defined spatial and 
temporal resolutions alongside automatically generated candidates, 
providing flexibility for study-specific requirements. Finally, by 
exporting results in standard formats (e.g., CSV and PNG), OptiScale 
facilitates integration with existing statistical, ecological, and ecoinfor
matics workflows, promoting transparency, interoperability, and 
reproducibility.

4.1. Case studies overview

The case studies represent heterogeneous dataset conditions in terms 
of spatial extent, temporal coverage, and record density (Table 3). Such 
heterogeneity is typical of biodiversity occurrence datasets, where un
even sampling effort and differences in data availability across regions 
and periods directly influence the spatial–temporal distribution of re
cords. Previous studies have documented geographic, taxonomic, and 
temporal gaps in open-access biodiversity databases, highlighting the 
uneven distribution of biodiversity records across space, taxa, and time 
(Martinez et al., 2025; Melis et al., 2025; Meyer et al., 2016; Tejada- 
Gutierrez et al., 2024). This unevenness in data distribution leads to a 
trade-off between maintaining fine grained spatial detail and ensuring 
sufficient data coverage during aggregation.

OptiScale was applied without structural modifications across data
sets, requiring only region-specific spatial boundaries and input records. 
Its successful execution under different configuration modes (user- 

defined, default, and combined; Supplementary Fig. S1) demonstrates 
its applicability across heterogeneous datasets and supports its use in 
comparative biodiversity studies.

4.2. Spatial resolution selection (Stage 1)

Evaluating the spatial aggregation of the datasets from the three 
independent case studies showed that candidate spatial resolutions were 
varied. This suggests that richness stabilization may emerge from in
teractions among spatial extent, sampling density, species distributions, 
and data completeness rather than from universal scale thresholds 
applicable to all datasets. Such context dependency is also consistent 
with previous studies showing that biodiversity patterns and inferences 
can vary across spatial scales (Garzon Lopez and Savickytė, 2023; Leroy 
et al., 2023).

Across regions, species richness increased with cell area, consistent 
with the general expectation that larger spatial units contain more 
species (Arrhenius, 1921). However, because occurrence records were 
aggregated into progressively larger grid cells within a fixed study 
extent, richness accumulation eventually slowed as cell area approached 
the total area available for aggregation. This produced a saturation-like 
pattern, reflecting the finite species pool and spatial extent represented 
in the dataset rather than continued species accumulation. Such a 
pattern is analogous to the curves for taxon sampling and sample-area 
relationships (Gotelli and Colwell, 2001; Tjørve, 2003), although here 
it emerges from spatial aggregation within a finite study extent rather 
than from increasing sampling effort.

OptiScale used a two-breakpoint framework to provide a parsimo
nious representation of the main transitions in richness accumulation 
across candidate spatial resolutions. The first breakpoint (fb) identifies 
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Fig. 5. Comparison of model behavior across spatial–temporal configurations for each study region. x-axis = normalized values (min–max scaling) of four com
plementary metrics derived from GLM NB models: McFadden's pseudo-R2 (R2

MF), cross-validated predictive performance (R2
p), sparsity (Nr=1/N), and the coefficient of 

variation of regional richness (CVr); all quantitative comparisons in the text use raw metric values. y-axis = spatial-temporal resolution combinations; labels indicate 
the number of grid cells generated by the spatial configuration (higher values correspond to finer spatial resolutions). The highlighted squares indicate the con
figurations selected as optimal spatial–temporal resolutions OpR for each region. A threshold line at R2

p = 0 is included to delineate the boundary between statis
tically viable configurations (R2

p > 0; positive) and those that fail as predictive baselines (R2
p ≤ 0; negative).
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the onset of richness saturation, whereas the second (sb) separates 
highly fragmented resolutions from intermediate configurations where 
richness stabilizes. This framework is intended to reduce the candidate 
resolution space rather than to infer the full number of ecological 
thresholds present in a system. Consistent with this operational 
approach, breakpoints differed among datasets (Supplementary Fig. S2; 
Table 4), reinforcing the need for dataset-specific scale selection.

Regional differences further illustrate this behavior. In Espinal, 
saturation occurred at larger grid-cell areas than in Ebro and SW 
Australia, suggesting that finer resolutions would generate sparse, 
fragmented datasets with many empty or species-poor cells. This likely 
reflects the large spatial extent of the Espinal dataset containing sig
nificant spatial-temporal differences in record density, making richness 
estimates more sensitive to aggregation decisions. This interpretation is 
consistent with studies showing that occurrence datasets are frequently 
affected by spatial, temporal, and taxonomic bias, as well as uneven 
sampling effort, which can generate information gaps and influence 
biodiversity estimates (Melis et al., 2025; Meyer et al., 2016; Thyrring 
et al., 2024; Vargas et al., 2024).

Spatial richness maps also illustrate that grid orientation influences 
the aggregation of occurrence records even when mean cell size remains 
constant (Supplementary Fig. S3). For this reason, the algorithm allows 
for prioritizing the selection of spatial resolutions that minimize empty 
or single-species cells, ensuring more stable richness estimates and 
supporting subsequent temporal analyses. This is particularly important 
because time-series data inherently contain incomplete observations 
due to heterogeneous sampling effort and irregular recording of events 
(Dornelas et al., 2013).

4.3. Temporal analysis (Stage 2)

Temporal aggregation strongly affected stability metrics across all 
case studies. Short time windows (TW) consistently preserved higher 
interannual variability and produced more outliers, reflecting their 
sensitivity to short-term fluctuations in occurrence data (Dornelas et al., 
2013).

Increasing TW length reduced variability and smoothed richness 
trajectories, improving data completeness but reducing temporal reso
lution. This reflects a trade-off between temporal detail and stability, 
and these effects should be interpreted as changes in aggregated dataset 
structure rather than ecological stability.

Unlike spatial resolution, temporal optimization yielded similar in
termediate TWs (4–5 years) in two case studies. These windows 
balanced stability, completeness, and information retention while 
limiting over-aggregation effects. However, these values are dataset 
dependent and should not be interpreted as universal temporal scales.

Regional differences emerged in stability responses. In Ebro and 
Espinal, larger TWs increased Mean_CV and Diff_CV. In contrast, for 
southwestern Australia Mean_CV decreased with increasing TW, 
consistent with more homogeneous sampling and greater data avail
ability over time (Table 3; Fig. 3A). The contrasting responses suggest 
that the effects of temporal aggregation depend on the structure of the 
dataset, including timespan, data density, and sampling efforts.

Overall, results highlight that temporal aggregation effects depend 
on dataset structure and interact with spatial resolution choices (Bowler 
et al., 2024; Keil and Chase, 2022), reinforcing the need for joint 
consideration of both dimensions in biodiversity studies (Benson et al., 
2021; Leroy et al., 2023). However, while spatial aggregation biases 
(MAUP) have been widely researched, the temporal counterpart has 
been generally ignored in space-time analysis (Cheng and Adepeju, 
2014). In ecological studies relying on point-occurrence data, tempo
ral grain is often poorly documented, with inconsistent definitions or 
arbitrary temporal thresholds that ignore the underlying data structure 
(Leroy et al., 2023; Meyer et al., 2016).

4.4. OpR selection (Stage 3)

Final Optimal Resolution (OpR) differed among case studies, 
reflecting variation in spatial extent, sampling structure, species distri
butions, and temporal coverage. This aligns with the wide range of ag
gregation choices in ecological studies, where resolution depends on 
data availability and study objectives (Leroy et al., 2023). Similar 
dataset-specific results have been reported in studies that evaluated 
multiple spatial scales with the selected resolutions varying across study 
areas, datasets, and analytical objectives (e.g Garzon Lopez and 
Savickytė, 2023; Giladi and Ziv, 2020; Wang et al., 2024; Zhao et al., 
2024). Although these studies used different types of data (remote 
sensing or occurrence records), they consistently show that results are 
sensitive to both the spatial extent and the aggregation unit, indicating 
that this problem extends to all disciplines that analyze spatially 
aggregated data (Tuson et al., 2019).

Despite differences among datasets, all OpR configurations occupied 
intermediate positions in the evaluated range. No selected configuration 
created an analytical situation with extremely fine or coarse scales, 
indicating that stable analytical behavior emerges from intermediate 
aggregation levels that balance sparsity and information loss. This 
interpretation was supported by the sensitivity analysis (Table S6), 
where the original OpR for Ebro region (50d-4) was selected in 98% of 
the repetitions, with the remaining 2% selecting an adjacent spatial 
resolution while retaining the same TW (= 4).

Our findings suggest that multiple nearly equivalent analytical 
configurations can exist within datasets. This is consistent with previous 
studies showing that ecological patterns can vary substantially across 
scales and that conclusions based on a limited set of predefined reso
lutions may be misleading (Lechner et al., 2012). Therefore, we 
emphasize that OpR should be interpreted as the most suitable dataset- 
specific configuration among candidates rather than as a fixed optimal 
ecological scale applicable to all datasets.

The multi-criteria filtering strategy is central to this selection pro
cess. By combining metrics of sparsity, variability, aggregation effects, 
and predictive stability, OptiScale provides a transparent and repro
ducible mechanism for identifying robust spatial–temporal configura
tions while explicitly accounting for trade-offs in biodiversity data.

4.5. Model-based evaluation of aggregation effects

Model comparisons confirmed that analytical outcomes depend 
strongly on aggregation scale (Fig. 4). Coarse spatial grids inflated 
richness estimates, whereas fine grids increased sparsity and incomplete 
time series. Fine grained configurations also increased the proportion of 
cells with richness = 1, representing spatial units with minimal com
munity information and indicating highly fragmented data structures. 
Similar patterns have been described in studies of spatial aggregation, 
where larger spatial units can mask underlying point distribution and 
reduce spatial detail, while smaller units preserve finer patterns but can 
increase fragmentation and sparsely populated grid units (Wang et al., 
2024; Ye, 2024). These patterns reflect known limitations of occur
rence data aggregation and indicate that both extremes can alter sta
tistical results.

Previous studies show that temporal aggregation can alter temporal 
trends and statistical estimates in continuous vegetation time series (de 
Jong and de Bruin, 2012) and discrete space-time event data (Cheng and 
Adepeju, 2014), while biodiversity occurrence and monitoring datasets 
are often affected by temporal gaps and uneven coverage (Bowler et al., 
2024). Our case studies show that an appropriate temporal aggregation 
strategy partially mitigates these effects by improving coverage and 
reducing missing values, at the cost of reduced temporal variability. 
Together, these findings support interpreting our results as a trade-off 
between coverage and information retention.

Model metrics further demonstrated scale dependence. Higher R2MF 
under coarse configurations indicated increasing dependence of richness 
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on cell area, while higher CVr values reflected increased variability 
among spatial units. The observed variation in these metrics across 
configurations is consistent with the scale component of the MAUP, 
where analytical results depend on size, shape, and configuration of the 
spatial unit aggregation (Moat et al., 2018; Openshaw and Taylor, 
1981).

Predictive performance supported these findings. Negative R2
p values 

in coarse configurations indicated poor reproducibility under cross- 
validation, with performance below a baseline mean predictor (Valavi 
et al., 2019), suggesting loss of recoverable structure under excessive 
aggregation.

Across all datasets, OpR achieved balanced performance across 
metrics, but differed among regions, confirming that no single config
uration generalizes across systems. These results are consistent with 
previous work showing that scale effects depend on the metric consid
ered and analytical resolutions vary among datasets (Garzon Lopez and 
Savickytė, 2023; Wang et al., 2024). OptiScale provides a structured 
way to evaluate these effects prior to ecological modeling.

Regional differences reflected sampling structure. Ebro showed 
strong spatial heterogeneity in records, associated with higher sensi
tivity to aggregation. Espinal and southwestern Australia showed 
weaker relationships between area and richness, consistent with more 
uniform sampling, although residual bias remained in all cases.

Overall, biodiversity estimates reflect combined effects of sampling 
bias and spatial–temporal aggregation, reinforcing the need for explicit 
evaluation of scale effects prior to inference (Zhao et al., 2024).

4.6. Main implications of this work

OptiScale standardizes the evaluation of alternative spatial-temporal 
aggregation configurations and provides an explicit procedure for 
selecting analytical resolutions rather than prescribing a universal res
olution for all cases.

By quantifying how aggregation influences richness, sparsity, vari
ability, and model performance, the framework identifies dataset- 
specific analytical resolutions that balance information retention and 
stability. OpR should therefore be interpreted as a methodological op
timum rather than an ecological scale.

This approach improves comparability across studies by reducing 
variability introduced by arbitrary resolution choices, while maintain
ing flexibility for different datasets. Intermediate outputs further allow 
exploration of scale sensitivity and integration into existing analytical 
workflows.

4.7. Limitations of this work

OptiScale relies on occurrence data, which are affected by spatial 
bias, uneven sampling effort, and temporal incompleteness. These issues 
are most pronounced at fine resolutions, where sparsity increases 
sensitivity to aggregation effects. Although temporal aggregation and 
filtering reduce some biases, OpR still depends on data structure.

The UCL and LCL used in OptiScale (mean annual CV ± SD) are 
relative reference limits rather than conventional statistical process- 
control limits. Consequently, the number of observations classified as 
“outliers” depends on the selected band width. Sensitivity analysis using 
±1, ±2, and ± 3 SD confirmed that band width can affect OpR selection: 
Ebro retained its original configuration under ±2 SD but change under 
±3 SD, whereas Espinal retained its spatial grid but selected different 
TW under both wider bands. SW Australia changed its original config
uration under both wider bands (Supplementary Table S7). Future work 
could assess the implications of these differences for subsequent spatial- 
temporal analysis of species occurrence data.

The framework evaluates statistical properties rather than ecological 
processes. It therefore reduces aggregation-induced artefacts (MAUP/ 
MTUP effects) but does not identify ecological process scales. Regarding 
MAUP, the framework primarily addresses scale-dependent aggregation 

effects by evaluating alternative grid-cell sizes and geometries. Sensi
tivity to the zoning component of MAUP is not explicitly evaluated and 
represents a potential extension of the framework.

Predictive performance (R2
p) was assessed using five-fold cross-vali

dation with randomly assigned folds, which does not explicitly account 
for spatial dependence among observations. This metric was used as a 
comparative diagnostic across configurations rather than assessing 
model transferability to independent geographic areas. Therefore, R2

p 
estimates may be optimistic in spatially structured data (Valavi et al., 
2019), and spatially blocked cross-validation could be considered in 
future developments of the algorithm.

OptiScale currently selects an OpR per dataset, although ecological 
processes operate across multiple scales. Future work could extend the 
framework to evaluate relationships across the full range of candidate 
configurations.

Temporal aggregation currently uses fixed windows and does not 
support event-based partitions. Spatial aggregation is restricted to reg
ular grids, although the framework is conceptually extendable to 
irregular units.

Finally, interpretation of diagnostic outputs requires basic statistical 
expertise, and computational cost increases with dataset size and num
ber of configurations, although it remains feasible on standard 
hardware.

4.8. Future directions

Future developments could extend OptiScale to functional, phylo
genetic, and trait-based diversity metrics, as well as to other taxonomic 
groups and biomes. Application to broader georeferenced datasets 
would further test generality and extend its relevance beyond plant 
occurrence data.

5. Conclusions

OptiScale provides a reproducible and systematic workflow for 
selecting spatial–temporal resolutions in biodiversity analyses based on 
species occurrence data. The framework evaluates alternative aggrega
tion configurations using multiple statistical criteria, enabling the 
identification of a dataset-specific analytical resolution (OpR) that bal
ances data coverage, structural stability, and robustness of biodiversity 
estimates.

By explicitly quantifying how spatial and temporal aggregation in
fluence observed patterns, OptiScale reduces the dependence of 
analytical outcomes on arbitrary resolution choices associated with the 
scale component of the Modifiable Areal Unit Problem (MAUP) and the 
Modifiable Temporal Unit Problem (MTUP). Rather than eliminating 
these effects, the framework mitigates and makes them explicit and 
comparable across alternative configurations through a transparent, 
data-driven evaluation process.

Across case studies, results show that the resulting OpR is strongly 
dependent on dataset characteristics, including sampling intensity, 
spatial heterogeneity, and temporal completeness. This confirms that no 
single aggregation scale can be assumed to be transferable across study 
systems, and that resolution selection must be treated as a dataset- 
specific analytical decision rather than a universal parameter.

Overall, OptiScale provides a standardized approach for comparing 
and selecting spatial–temporal configurations while maintaining flexi
bility for different datasets and research questions. Although developed 
using plant occurrence data, the framework is applicable to a wide range 
of georeferenced biodiversity datasets and other spatial occurrence data, 
offering a general strategy for improving the consistency and trans
parency of scale-dependent ecological analyses.

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.ecoinf.2026.104084.
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