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ABSTRACT

FROM OCCURRENCES TO PREDICTORS: MODELING SPECIES DISTRIBUTION

AND ENVIRONMENTAL DRIVERS OF NYMPHALIDAE

Anthropogenic climate change poses growing threats to global biodiversity.
These threats put pollinators at risk, which affects their ecological and agricultural roles.
Butterflies in the Nymphalidae family act as both pollinators and indicators of
environmental change, making them valuable models for ecological research. The
reliability of occurrence data--from professional or participatory--significantly shapes
species distribution modeling outcomes.

Chapter 1 evaluates the comparative performance of professional, participatory,
and combined occurrence datasets in modeling Nymphalidae distributions across two
climatically sensitive North American ecoregions, the Western Cordillera and South
Central Semi-Arid Prairies. Using MaxEnt and Random Forest algorithms across four
temporal bins (2008-2022), we demonstrate that Random Forest consistently
outperforms MaxEnt in predictive performance. Spatial autocorrelation analyses
revealed fundamental differences between data sources: participatory records exhibited
strong spatial clustering (Moran’s | = 0.36-0.65), while professional records showed
weak to moderate clustering (Moran’s | = 0.13-0.32), reflecting systematic differences in
sampling efforts. Random Forest models built with professional datasets achieved the
highest performance (AUC = 0.984; TSS = 0.944), while combined datasets offered the

best trade-off between spatial coverage and predictive strength.



Chapter 2 applies these methodological insights to Vanessa cardui
(Nymphalidae), a migratory butterfly and ecological generalist, examining species
distribution across the same ecoregions. Random Forest models again achieved strong
predictive performance (AUC = 0.968; TSS = 0.895). Variable importance analyses
identified precipitation seasonality, maximum temperature of the warmest month, and
mean diurnal range as the strongest predictors of species distribution. Residual
diagnostics revealed systematic deviations at low and high suitability values,
highlighting challenges in predicting rare outcomes. However, removing abundance-
related bias shifted environmental relationships: population change was more strongly
associated with temperature seasonality and diurnal variation, while consistently warm
conditions showed negative correlations. Spatial predictions revealed persistent but
patchy areas of suitability from 2008-2022, concentrated in both urban-adjacent and
remote landscapes, with overall suitable habitat comprising a small proportion of the

total study area.

Together, this research demonstrates both the potential of integrating diverse
datasets with machine learning to assess species distributions and the importance of
selecting appropriate datasets, as outcomes and interpretations highly depend on data
source and quality. Simultaneously, it emphasizes the methodological and interpretive
challenges posed by sampling bias and residual patterns. By identifying key
environmental drivers and spatial hotspots, these models inform future monitoring and

conservation strategies for butterflies in the face of accelerating environmental change.
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CHAPTER 1: BUTTERFLIES AND BIAS: UNDERSTANDING NYMPHALIDAE

DISTRIBUTIONS THROUGH DIVERSE DATA LENSES

Introduction

Species occurrence data, which record the presence or absence of a species at
a specific location and time, are fundamental to ecological research, management, and
policy. These georeferenced datasets allow researchers to study biodiversity patterns,
community assembly, ecosystem functioning, and species-environment relationships,
and they are essential for conservation planning, including identifying biodiversity
hotspots, evaluating vulnerability to climate change, and designing protected areas
(Franklin, 2023; Jetz et al., 2019; Petersen et al., 2021; Zhang et al., 2022). Occurrence
data are widely accessible through networks such as the Global Biodiversity Information
Facility (GBIF), which compiles contributions from natural history museums, research
institutions, and participatory science platforms like iNaturalist. While museums remain
important, participatory contributions are rapidly increasing and, in some cases,
surpassing professional collections, particularly for birds (Wagner et al., 2021; Galvan,
Barrientos et al., 2022). Recent advances in machine-based pattern recognition have
enabled the creation of occurrence maps for over 600,000 species using GBIF data,
with strong alignment to expert-generated maps across taxa (Dasgupta et al., 2024),

reinforcing the value of occurrence data in biodiversity research and conservation.

As global climates shift, species distribution models (SDM), also known as
habitat suitability or climate envelope models, have become essential for forecasting

where species are likely to persist under environmental change (Guisan & Thuiller,



2005; Elith & Leathwick, 2009). Using occurrence data and abiotic variables to define
ecological niches, SDM estimate past, present, and future ranges. When aggregated
across species, they inform broader richness and diversity analyses, making them

crucial to segments of conservation planning (Franklin, 2013).

Despite their usefulness, SDM carry uncertainty. Biases in species selection,
study region, and uneven sampling can influence results (Thomas et al., 2004; Loiselle
et al., 2003). Data sources also shape outcomes: participatory science platforms such
as iNaturalist, eBird, and Zooniverse provide vast coverage but can overrepresent
accessible areas, whereas museum collections mainly reflect historical sampling
patterns (Beck et al., 2014). Most SDM emphasize abiotic variables while neglecting
biotic interactions (Araujo & Luoto, 2007) or microhabitat features (Dormann et al.,
2018; Guisan et al., 2017), resulting in less reliable predictions in some situations.
Advances in machine learning have expanded SDM accessibility, but these methods
highlight correlations without demonstrating causality, unlike mechanistic approaches

that require more data and expertise (Arif & MacNeil, 2022; Baker et al., 2017).

To strengthen predictive capacity, this study applies two widely used algorithms:
MaxEnt and Random Forest. MaxEnt is a presence-only method that contrasts
environmental conditions at observed occurrence points with background locations,
making it effective when only opportunistic or spatially biased presence data are
available (Syfert et al., 2013). Random Forest is a presence-absence classifier that
integrates pseudo-absence points into an ensemble of decision trees, capturing

nonlinear relationships and remaining robust to noise and correlation among predictors



(Zhao et al., 2022). Their complementary strengths make them valuable for evaluating

the reliability of participatory versus professional datasets in SDM.

Professional data sources--such as museum collections, research sites, and
public lands--provide decades of spatially and temporally rich information with high
taxonomic accuracy, which is especially important for groups that are difficult to identify,
such as invertebrates (Suarez & Tsutsui, 2004; Spear et al., 2017; Shultz et al., 2021;
Konowalik & Nosol, 2021; Turley et al., 2024). However, they are often biased toward
areas of scientific interest and remain only partially digitized (Lazagabaster et al., 2024;
Fisher-Phelps et al., 2017; Barends et al., 2020). Participatory science platforms such
as iNaturalist and CitSci.org broaden datasets through casual to structured
observations, often with photo documentation and ID support (Pocock et al., 2014).
They provide broad coverage and long-term monitoring (e.g., Bald Eagle Watch; Bove
et al., 2024), while also engaging the public in biodiversity stewardship. Yet challenges
remain, including observer bias, inconsistent sampling, and retention of participants
(Kosmala et al., 2016; Johnston et al., 2023). Professional science offers taxonomic
rigor and historical depth, while participatory science expands spatial and temporal
coverage; integrating both with quality assurance can maximize their complementary

strengths (Araujo et al., 2019; Rocchini et al., 2023).

Given the growing use of participatory science in ecological research, it is
essential to evaluate how different data sources influence SDM performance,
particularly for Lepidoptera, which are sensitive to environmental change, well-studied,
and widely observed. Few studies have directly compared SDM built from participatory

versus professional sources for butterflies in the Western United States, leaving an

3



important gap. To address this, this study asks: Do SDM built with participatory data
differ in accuracy from those built with professional data? Using Nymphalidae butterflies
as a focal group, | compare models based on participatory and professionally collected
records, applying both MaxEnt and Random Forest, to evaluate whether participatory
data can achieve predictive accuracy and ecological reliability comparable to

professional data.

Methods

Ecoregions and Occurrence Data

Understanding ecological changes benefits from analyzing species within
ecoregions rather than political boundaries such as counties or states (Omernik, 2004).
This study focused on the Western Cordillera and South Central Semi-Arid Prairies
Level Il ecoregions in the United States, extracted from the U.S. EPA Ecoregion
shapefile (using coordinate system WGS 84) employing ArcGIS Pro (Figure 1). |
excluded the Canadian portion of the Western Cordillera because the available PRISM

climate data (1961-1990) did not align with this study’s temporal scope (2008-2022).
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Figure 1: Map of the study area showing the South Central Semi-Arid Prairies and
Western Cordillera ecoregions, delineated using the U.S. EPA Level |l Ecoregions
shapefile. These two distinct ecological regions form the spatial extent for the SDM in

this study.

| downloaded occurrence data from GBIF (GBIF.org, 2023), querying
Nymphalidae records within a polygon covering both ecoregions from 2008 through
2022. This query returned records from 70 datasets, however, datasets outside of the
United States were removed. Using GBIF metadata, | classified datasets as either
participatory initiatives (no formal training for collectors) or professional initiatives

(involving some form of training) (Table 1).



| created three datasets: professional, participatory, and combined (Table 1),

each subdivided into four fixed time bins. Using identical temporal bins allowed direct

comparison between all datasets, since each model represented the same time frame.

Table 1: Number of Nymphalidae occurrence records from professional and

participatory datasets, as well as a separate combined dataset integrating both sources,

summarized across four temporal bins (2008-2011, 2012-2015, 2016-2019, and 2020-

2022).
Professional Participatory Combined
Fixed year bins Records Records Records
2008-2011 1,226 1,343 2,569
2012-2015 3,961 5,852 9,813
2016-2019 2,505 46,547 49,052
2020-2022 2,810 79,145 81,955
Sum of all bins 10,502 132,887 143,389

Population Density

| downloaded the 2020 human population density data for North America from

ArcGIS Online. The Center for International Earth Science Information Network at

Columbia University developed the source dataset, the Gridded Population of the

World, Version 4 (GPWv4), in 2018, with a spatial resolution of 30 arc-seconds per




pixel. | then imported the population density layer into ArcGIS Pro and overlaid it with

ecoregions to highlight areas of highest population density.

Environmental Variables

Land cover data provides critical information on habitat availability, quality, and
connectivity for Nymphalidae butterflies (Tzortzakaki et al., 2019; Diengdoh et al.,
2023). As a categorical variable, land cover represents vegetation type, urban areas,
and water bodies, all of which influence butterfly population dynamics and distribution
(Tong et al., 2025; Shrestha et al., 2024; Senapathi et al., 2015; Huang et al., 2024,
Munisi et al., 2024). | obtained land cover data from the National Land Cover Dataset
(NLCD) via the U.S. Geological Survey (USGS) through the Living Atlas Portal in
ArcGIS Pro, and | processed them to restrict coverage to the study regions. The dataset

spans a time series of land cover categories from 2001 to 2021.

| included topographic variables (i.e., elevation, slope, and aspect) because they
shape microclimatic conditions, habitat structure, and resource availability (Popovic et
al., 2021; Shrestha et al., 2024; Svancara et al., 2019; Rodriguez-Castafeda et al.,
2019). Elevation strongly influences temperature, moisture, and sunlight exposure,
which in turn affect butterfly survival and reproduction (Mahata et al., 2023). | obtained
elevation data from USGS Earth Explorer, mosaicked the raster’s in ArcGIS Pro, and
clipped them to the study ecoregions. From this layer, | derived slope and aspect using

ArcGIS spatial analyst tools.

| also included bioclimatic variables, which describe patterns of temperature and

precipitation that directly influence butterfly physiology, life cycles, and host plant



availability (Hill et al., 2021; Wells & Tonkyn, 2018). These variables are essential for
modeling species distribution under climate change scenarios. To generate them, |
downloaded precipitation (PPT), maximum temperature (TMAX), and minimum
temperature (TMIN) data (2008-2022) from the PRISM database at Oregon State
University. After importing and clipping the datasets to the ecoregions in ArcGIS Pro, |
used the R package bioclim (Booth et al., 2014) to calculate 19 bioclimatic variables

(Table 2).



Table 2: Bioclimatic variables using PPT, TMIN and TMAX from PRISM.

Variable Name Description
BIO1 Annual Mean Mean of all monthly temperatures
Temperature
BIO2 Mean Diurnal Range Mean of monthly (max temp - min temp)

(B1O2 / BIO7) x 100; day-night temp oscillation vs

Quarter

BIO3 Isothermality
annual range
Temperature Standard deviation of monthly temps x100;
BIO4 . L
Seasonality measures temperature variability
Max Temperature of Highest average maximum temperature in the
BIO5
Warmest Month warmest month
BIO6 Min Temperature of Lowest average minimum temperature in the
Coldest Month coldest month
BIO7 Tempelr_j;l:]geeAnnual BIOS - BIOG; overall temperature range
Mean Temperature of | Average temp of the 3-month period with highest
BIO8 o
Wettest Quarter precipitation
Mean Temperature of | Average temp of the 3-month period with lowest
BIO9 . o
Driest Quarter precipitation
Mean Temperature of .
BIO10 Warmest Quarter Average temperature during the warmest quarter
Mean Temperature of .
BIO11 Coldest Quarter Average temperature during the coldest quarter
BIO12 Annual Precipitation Total yearly precipitation
BIO13 Prempﬂa&zr;]t%f Wettest Total precipitation in the wettest month
BIO14 Prec'p'tﬁgﬂﬁ f Driest Total precipitation in the driest month
Precipitation Coefficient of variation (CV) of monthly
BIO15 . o
Seasonality precipitation
BIO16 Precipitation of Wettest Total precipitation during the wettest quarter
Quarter
Precipitation of Driest e . :
BIO17 Quarter Total precipitation during the driest quarter
Precipitation of o ,
BIO18 Warmest Quarter Total precipitation during the warmest quarter
BIO19 Precipitation of Coldest Total precipitation during the coldest quarter




Fishnet Grid with Zonal Statistics

| created a uniform fishnet grid using the WGS 84 coordinate system, with cells
measuring 0.054° x 0.054° (=6 km x 6 km at the equator), an appropriate resolution for
regional-scale ecological modeling. To align the grid with ecologically relevant
boundaries, | clipped it to an ecoregion shapefile covering the Western Cordillera and
South Central Semi-Arid Prairies. | then exported the clipped grid as a shapefile to

ensure consistent spatial referencing and integration with other datasets.

For each grid cell, | extracted zonal statistics of all environmental variables using
the exactextractr package in R (Baston, 2020). This method computed minimum, mean,
and maximum values of raster-based covariates overlapping each cell, allowing precise
aggregation of spatial data while preserving environmental variation across

heterogeneous landscapes.

Background points

| generated background points for MaxEnt through simple random sampling
across the entire study area using a predefined fishnet grid. This approach ensured an
unbiased representation of the available environmental space and avoided spatial or
environmental bias that can arise from non-random sampling or observer behavior. By
distributing background points uniformly and independently of presence data, the model
more accurately distinguished suitable habitat conditions from the broader landscape
(Merow et al., 2013). This method established a neutral baseline for comparison,
allowing the model to contrast presence locations against a consistent environmental

background without overrepresenting heavily sampled or easily accessible regions. For

10



Random Forest, | generated pseudo-absence points from the fishnet grid at a ratio of

five background points for every presence point.

Spatial Autocorrelation Analysis

| evaluated the spatial independence of model predictions and residual errors for
both MaxEnt and Random Forest models using Moran’s | statistics, which quantify the
degree to which residuals are spatially clustered or dispersed. In SDM, significant
residual autocorrelation can signal model misspecification, sampling bias, or
unaccounted environmental structures. | applied Moran’s | to residuals from each fixed
year bin to assess whether participatory or professional collections produced spatially
biased errors. | hypothesized that models developed from participatory collections
would differ significantly from those based on professional collections, while the

alternative hypothesis predicted no significant difference between data sources.

Variable Selection and Multicollinearity Assessment

| initially ran MaxEnt with all 24 environmental variables to assess their
contributions, then applied variable selection to reduce multicollinearity and improve
interpretability. For MaxEnt, | used Variance Inflation Factor (VIF) analysis and retained
only predictors with VIF < 10; for Random Forest, | applied correlation-based filtering
with the findCorrelation function (r > 0.85). From this process, | selected ten biologically
relevant and statistically independent predictors, all with exceptionally low VIF values (<
1), ensuring independent contributions to the models. The final predictors included
climatic variables (BIO3, BIO4, BIO7, BIO14, BIO15, BIO18, BIO19), topography

(elevation, slope), and land cover. This approach produced ecologically robust,

11



interpretable models for both MaxEnt and Random Forest with minimal redundancy

among predictors.

DM

MaxEnt

| implemented MaxEnt models using linear, quadratic, and hinge features (Igh)
with a regularization multiplier () of 1.0, randomly sampling 10,000-20,000 background
points depending on dataset size (combined datasets used 20,000). | excluded
background points from fishnet grids missing required variables (e.g., bioclimatic,
elevation, land cover). | ran separate models for each dataset (participatory,
professional, combined) and fixed year bin (2008-2011, 2012-2015, 2016-2019, 2020-
2022) to evaluate temporal changes in performance, variable importance, and predicted
distributions. | assessed model performance using 5-fold spatial block cross-validation
with 6 x 6 km stratified blocks and repeated fold assignments over 100 iterations.
Performance metrics included Area Under the Curve, True Skill Statistic and Akaike

Information Criterion.

Random Forest

| implemented Random Forest (RF) models to predict Nymphalidae distributions
and compare results with MaxEnt. For each dataset (participatory, professional,
combined) and fixed year bin, | ran RF using the same predictors selected for MaxEnt,
with 500 trees, default node size, and cross-validated mtry optimization. | capped
sampling at 50,000 points and used a fixed seed to ensure reproducibility of pseudo-

absence selection. | evaluated model performance with Area Under the Curve, True

12



Skill Statistic, and Cohen’s Kappa, and calculated Moran’s | on residuals using k-
nearest neighbors (k = 10). | generated predictions, performance metrics, and variable

rankings for each fixed year bin to allow direct comparisons with MaxEnt results.

Model Performance Metrics

| assessed the predictive performance and reliability of MaxEnt and Random
Forest models using multiple evaluation metrics. Both models were evaluated with Area
Under the Curve (AUC) and True Skill Statistic (TSS) to provide standardized measures
for cross-model comparison. AUC quantifies a model’s ability to distinguish between
presence and absence (or pseudo-absence), ranging from 0.5 (random) to 1.0 (perfect
discrimination). TSS accounts for both sensitivity and specificity, ranging from -1 to 1,
where 1 indicates flawless classification and values below 0 indicate no better than
random performance. For each model, | included a third, model-specific metric to
complement AUC and TSS: for MaxEnt, | calculated the corrected Akaike Information
Criterion (AlCc), which balances goodness-of-fit against model complexity and small
sample sizes, with lower values indicating more parsimonious models and reduced
overfitting risk. For Random Forest, | calculated Cohen’s Kappa, which measures
agreement between predicted and observed presence/absence values beyond chance,

ranging from -1 (complete disagreement) to 1 (perfect agreement).

AICc does not apply to Random Forest because it is a non-parametric ensemble
method, while Cohen’s Kappa could be applied to MaxEnt only by imposing an arbitrary
threshold on continuous suitability scores, introducing subjectivity. In addition to Cohen’s
Kappa, Random Forest performance was also evaluated using out-of-bag (OOB) error.
This measure is calculated during model training by predicting data excluded from each

13



bootstrap sample, thereby providing an unbiased estimate of prediction error without
requiring a separate test dataset, although such datasets were also employed in this
study. AUC remains the preferred metric for presence-only models because it evaluates
predictive performance without threshold dependence. Taken together, these metrics
provide a robust evaluation of model performance and allow me to test the hypothesis
of whether SDM based on participatory data differ in accuracy from those based on

professional collection data.

Results

Trend Analysis for Occurrences

Professional records declined modestly across time periods, decreasing by 17%
from 2,423 records in 2008-2011 to 2,014 in 2012-2015, then by 11% to 1,782 records
in 2016-2019, before slightly recovering with a 9% increase to 1,948 records in 2020-
2022. In contrast, participatory records expanded rapidly, rising by 229% from 2,215
(2008-2011) to 7,276 (2012-2015), then by 168% to 19,470 (2016-2019), and finally by
236% to 65,402 records in 2020-2022. The combined dataset mirrors the participatory
trajectory after 2011, reaching 67,350 records in the most recent period. Participatory
became the dominant driver of data availability for Nymphalidae, contributing more than

97% of records by 2020-2022.

Spatial Autocorrelation Analysis for Occurrence Datasets

Moran's | analysis revealed significant spatial clustering (p < 0.001) across all
datasets and time periods, with distinct patterns between data sources (Table 3).
Professional data exhibited weak to moderate spatial autocorrelation (Moran's | = 0.127-

0.319), while participatory data showed moderate to strong clustering (Moran's | =

14



0.362-0.655). Professional data maintained weak autocorrelation during 2008-2019,
shifting to moderate clustering in 2020-2022 (Moran's | = 0.319). The combined dataset
closely mirrored participatory patterns as its dominance increased, ranging from
Moran's | = 0.298 in 2008-2011 to a maximum of 0.711 in 2016-2019. Despite large
differences in sampling intensity (1,226-79,145 presences), background points
remained relatively constant across datasets and periods, indicating stable geographic
extent. Standard errors of Moran's | estimates were inversely related to sample size
across the range of 1,226 to 79,145 observations. These results indicate that the spatial
distribution of errors differs between data sources, with participatory data exhibiting

systematically different spatial patterns compared to professional data.

Table 3: Moran’s | results for participatory, professional, and combined datasets.

Dataset Time period Moran's | Interpretation
Participatory 2008-2011 0.3615 Moderate spatial
clustering
2012-2015 0.6546 Strong spatial clustering
2016-2019 0.6507 Strong spatial clustering
2020-2022 0.6142 Strong spatial clustering
Professional 2008-2011 0.1266 Weak spatial clustering
2012-2015 0.1902 Weak spatial clustering
2016-2019 0.1851 Weak spatial clustering
2020-2022 0.3188 Moderate spatial
clustering
Combined 2008-2011 0.2981 Moderate spatial
clustering
2012-2015 0.6192 Strong spatial clustering
2016-2019 0.7106 Strong spatial clustering
2020-2022 0.6797 Strong spatial clustering
SDM: MaxEnt

MaxEnt models exhibited distinct performance trajectories across data sources.

Participatory models achieved the highest overall performance levels and demonstrated

15



the most consistent temporal improvement, while professional models showed greater
variability with notable performance fluctuations mid-series. Combined dataset models
displayed intermediate characteristics, benefiting from increased sample sizes while
maintaining stable performance metrics. All models achieved AUC values above 0.7,
indicating acceptable to excellent discriminatory ability, with TSS values approaching or
exceeding the 0.6 threshold for good model performance in later periods across most

datasets.

Participatory Dataset Performance

These MaxEnt models showed progressively improved performance across time
periods (Table 4). AUC values increased from 0.804 in 2008-2011 to 0.873 in 2020-
2022. TSS values improved from 0.494 to 0.625, with the final two periods meeting or
exceeding the 0.6 threshold for good model performance. AlCc values declined from
107.1 to 72.1, reflecting more parsimonious models. A temporary AlCc increase during

2012-2015 was followed by substantial declines.

Professional Dataset Performance

These MaxEnt models showed variable performance across periods (Table 4).
AUC values fluctuated from 0.719 in 2008-2011 to a peak of 0.863 in 2020-2022, with a
dip t0 0.752 in 2016-2019. TSS values followed a similar pattern, reaching 0.668 in the

final period. AICc values peaked at 117.5 in 2016-2019.

Combined Dataset Performance

These MaxEnt models demonstrated progressively improving performance

(Table 4). AUC values increased from 0.773 in 2008-2011 to a peak of 0.859 in 2016-
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2019, then slightly declined to 0.851 in 2020-2022. TSS values consistently improved
from 0.447 to 0.585, approaching the 0.6 threshold in later periods. AICc values
decreased steadily from 106.4 to 73.4.
MaxEnt Heatmaps

MaxEnt species distribution predictions showed substantial temporal variation
across datasets and periods (Figure 2). Participatory models exhibited progressive
spatial expansion, with high-probability areas in 2008-2011 spreading broadly across
the western regions by 2020-2022. In contrast, professional models displayed range
contraction, shifting from extensive Pacific and Rocky Mountain distributions early on to
spatially restricted Western Cordillera predictions later, specifically in Idaho. Combined
dataset predictions were intermediate, gradually expanding over time with the most
extensive suitable habitat in 2020-2022. Unlike Random Forest models, MaxEnt
predictions reflected considerable temporal shifts in suitable habitat, with changing

probability distributions over the 15-year study period.
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MaxEnt results for 2008-2011 in the following order:
participatory, professional and combined.
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Figure 2: MaxEnt species distribution predictions for Nymphalidae across four time
periods (2008-2011, 2012-2015, 2016-2019, 2020-2022). Each row demonstrates
results from participatory (left), professional (center), and combined datasets (right).
Colors represent species distribution probabilities from 0.00 (dark blue, unsuitable) to
1.00 (red, highly suitable) across the Western Cordillera and South Central Semi-Arid
Prairies ecoregions.

SDM: Random Forest
All Random Forest models demonstrated strong performance with Moran's |

values remaining low across datasets and time periods (-0.003 to 0.055), indicating
minimal spatial autocorrelation in residuals and effective capture of spatial patterns.
Professional models exhibited slightly higher Moran's | values (0.021-0.037) than

participatory models, though all remained well below the threshold of concern (>0.1).

Participatory Dataset Performance

These Random Forest models performed strongly and improved over time (Table
4). AUC values rose from 0.811 in 2008-2011 to a peak of 0.953 in 2016-2019, declining
slightly to 0.946 in 2020-2022. TSS values increased from 0.527 to 0.804-0.812 in later
periods. Cohen's Kappa rose from 0.593 to 0.799-0.813. OOB error rates remained

below 10%, with the lowest in 2012-2015 (6.0%).

Professional Dataset Performance

These Random Forest models consistently produced the highest model
performance across all periods (Table 4). AUC values rose from 0.895 to a peak of
0.984 in 2020-2022. TSS values improved from 0.745 to 0.944, reaching exceptional

performance above 0.8 in the latter three periods. Cohen's Kappa increased from 0.808
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to 0.943. OOB error rates declined from 4.7% to 1.7%, confirming superior

performance.

Combined Dataset Performance

These Random Forest models displayed strong performance with distinct
temporal patterns (Table 4). AUC values increased from 0.885 to 0.953 in 2016-2019,
with slight decline to 0.948 in 2020-2022. TSS values rose to 0.855 in 2012-2015, then
declined but remained above the 0.6 threshold in all periods. Cohen's Kappa peaked at
0.839 in 2012-2015. OOB error rates showed a bimodal pattern across time periods,
with the lowest error rate in 2012-2015 (4.8%) and higher rates in 2008-2011 (7.2%)
and the two later periods (9.4% and 9.7%). Moran's | declined over time from modest

early values to near zero in recent years, reflecting improved spatial structure capture.

Random Forest Heatmaps

Random Forest species distribution predictions showed remarkable temporal
stability across all datasets and time periods (Figure 3). Participatory models maintained
consistent spatial patterns throughout all periods. Professional models exhibited similar
stability, displaying nearly identical spatial distributions across time. Combined dataset
predictions mirrored this pattern of temporal consistency, showing stable species
distributions with minimal variation between periods. Unlike MaxEnt models, Random
Forest predictions demonstrated little temporal expansion or contraction of suitable
habitat, maintaining consistent geographic boundaries and probability distributions
across the 15-year study period regardless of increasing sample sizes or changing data

composition.
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Random Forest results for 2008-2011 in the following order:
participatory, professional and combined.
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Figure 3: Random Forest species distribution predictions for Nymphalidae across four
time periods (2008-2011, 2012-2015, 2016-2019, 2020-2022). Each row demonstrates
results from participatory (left), professional (center), and combined datasets (right).
Colors represent probability percentiles from lowest suitability (dark blue) to highest
suitability (red, top 1%) across the Western Cordillera and South Central Semi-Arid

Prairies ecoregions.

Table 4: Comparative performance metrics for MaxEnt and Random Forest (RF) SDM

evaluating Nymphalidae species distribution across four time periods (2008-2011, 2012-
2015, 2016-2019, 2020-2022) using participatory, professional, and combined datasets.
Metrics include AUC, TSS, and AlCc for MaxEnt, and AUC, TSS, Kappa, Moran’s |, and

OOB Error for Random Forest.

Participatory | 5000 | 0.804 | 0494 | 107.1 | 08115 | 05278 | 0.5928 | 0.054537 | 0.08835
02| 0859 | 0594 | 1113 | 09292 |0.8047 | 0.8 |0.032446 | 0.06042
22%11%‘ 0.867 0.6 923 |0.9535 | 0.8129 | 0.8128 | -0.00383 | 0.09504
22%22%‘ 0873 | 0625 721 | 0.9463 | 0.7778 | 0.7806 | 0.006225 | 0.0978
Professional | 2000 | 0719 | 04 107 | 0.8959 | 0.7456 | 0.8081 | 0.021986 | 0.04737
012 | 0759 | 0463 | 110.3 | 0.969 | 0.8767 | 0.8839 | 0.028512 | 0.02938
01| o752 | 0421 | 117.5 | 0.9569 | 0.8844 | 0.8934 | 0.033361 | 0.03068
202> | 0863 | 0668 | 111.6 |0.9849 | 0.9444 | 0.9439 | 0.037674 | 0.01753
Combined | 2% | 0773 | 0447 | 1064 |0.8853 | 0.735 | 0.7619 | 0.035022 | 0.07227
22%1125' 0.814 | 0517 | 1015 |0.9482 | 0.8555 | 0.8393 | 0.043175 | 0.04818
2019 | 0859 | 0579 84.2 | 0.9532 | 0.8108 | 0.8108 | 0.008574 | 0.09441
202 | 0851 | 0585 | 734 | 0.948 | 0.7846 | 0.7868 | 0.007289 | 0.09702

22



Discussion

This study demonstrates that participatory and professional data contribute
differently to SDM for Nymphalidae, and that combining them can provide
complementary benefits. Participatory data increased nearly 80-fold from 1,343 records
in 2008-2011 to over 79,000 in 2020-2022, reflecting heightened public engagement.
This growth largely reflects the scale and distributed participation of citizen science
programs, which often generate more occurrence records than professional surveys
(Goldstein et al., 2024; Theobald et al., 2015; Di Cecco et al., 2021), as seen in eBird
(Sullivan et al., 2014). Beyond size, participatory science enhances monitoring capacity
and public engagement (Cooper et al., 2014; Kays et al., 2020; Bonney, 2021;
Callaghan et al., 2021). Professional datasets remained stable (1,226-3,961 records),
potentially constrained by funding and staffing, and by 2020-2022 participatory records
comprised 96.5% of the combined dataset, highlighting spatial bias and the need for

structured participatory approaches (Johnston et al., 2023).

Spatial analyses revealed that participatory and combined datasets were
moderately to strongly clustered (Moran's | = 0.36-0.65), reflecting possible bias toward
accessible areas, whereas professional data were more evenly distributed (Moran's | =
0.12-0.31). Strong spatial autocorrelation can violate independence assumptions and
inflate apparent model performance (Santos-Fernandez & Mengersen, 2021; Aiello-
Lammens et al., 2015; Steen et al., 2021; Boria et al., 2013), and participatory data tend

to cluster in urban or accessible regions (Leong & Trautwein, 2019).

MaxEnt models mirrored these differences. Participatory models improved over
time (AUC: 0.804—0.873; TSS: 0.494—0.625) but became diffuse, reflecting
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overgeneralization from spatial bias and rapid sample growth. Professional models
produced restricted, ecologically targeted predictions with high performance (AUC =
0.863, TSS = 0.668). Combined datasets yielded geographically stable predictions
capturing both fine-scale habitat associations and broader coverage (AUC = 0.773-
0.859, TSS = 0.447-0.585), though heatmaps still showed overgeneralization from
participatory bias. These results indicate that participatory and professional datasets
complement rather than replicate each other, with participatory data influenced by

accessibility rather than systematic design (Mandeville et al., 2022).

Random Forest outperformed MaxEnt. Professional Random Forest models
achieved the highest performance (AUC = 0.984, TSS = 0.944, Cohen's Kappa =
0.944), underscoring the value of structured, high-quality data. Expertise remains
important: trained observers often detect more species per survey than volunteers,
particularly those difficult to identify, due to skills untrained observers may lack (Farr et
al., 2023). However, validated participatory data can produce Random Forest models
comparable to professional data (Matutini et al., 2021). Participatory Random Forest
models improved over time, peaking in 2016-2019 (AUC = 0.953) before minor declines
from clustered, noisy observations. Combined datasets leveraged complementary
strengths, providing broader coverage while mitigating some spatial bias, though
Random Forest’s correlation-based approach may reduce generalizability with

heterogeneous sources.

Visual inspection of the heatmaps highlight that MaxEnt predictions from
participatory data expanded temporally, likely reflecting sampling artifacts, while

professional models remained restricted and high confidence. Combined models
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produced intermediate patterns that integrated both sampling approaches, though they
maintained the excessive generalizability that obscured fine-scale habitat distinctions.
Random Forest predictions showed temporal stability in core habitat identification (e.g.,
Pacific coast, Rockies, Texas Prairies), indicating reduced susceptibility to sampling bias
and better spatial specificity than the overgeneralized MaxEnt distributions. In this study,
high-probability areas in participatory models often coincide with dense human
populations (Figure 4), indicating observation density may reflect accessibility rather

than species distribution.

Debates about participatory data quality persist. Aceves-Bueno et al. (2017)
argued that fewer than two-thirds of participatory datasets meet minimum accuracy
standards, though critiques note substantial variation across projects and taxa (Specht
& Lewandowski, 2018). Integrating participatory and professional data provides broader
ecological coverage than either source alone, as highlighted in comparative analyses of

insect datasets (Diaz-Calafat et al., 2024).

Overall, SDM differs by data source. Professional data yield high-quality,
ecologically realistic models even with limited samples, while participatory data expand
coverage, improving performance but potentially introducing clustered and spatial bias
(Pocock et al., 2014; Pocock et al., 2023). Integrating datasets with bias-correction
techniques (e.g., spatial thinning or block cross-validation) merges broad coverage with
high-confidence observations. Future research should refine integration strategies,
address spatial autocorrelation, and evaluate ecological realism using independent
validation and spatially explicit frameworks. Model choice should align with data:

MaxEnt suits presence-only or smaller datasets, capturing broad patterns, whereas
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Random Forest handles larger, heterogeneous datasets, producing stable predictions

robust to spatial bias.
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Figure 4: Human population density map for 2020 across the Western Cordillera and
South Central Semi-Arid Prairies ecoregions. Colors indicate population density from

low (white, 0-1 people/km?) to high (dark red, 1,000-30,000 people/km?).
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CHAPTER 2: PATTERNS IN PAINTED LADIES: RANDOM FOREST INSIGHTS INTO

DISTRIBUTION AND ENVIRONMENTAL DRIVERS

Introduction

Vanessa cardui, commonly known as the Painted Lady, belongs to the
Nymphalidae family and is one of the world’s most widespread butterflies, found on
every continent except Antarctica, while mainly absent from Australia and South
America (Talavera & Vila, 2017). As a generalist pollinator, Vanessa cardui contributes
to biodiversity by visiting a wide variety of flowers, particularly species in the Asteraceae
family (e.g., rabbitbrush, purple coneflower, dandelion, and Canada thistle), along with
species of Fabaceae and Scrophulariaceae (Scott, 1992). The caterpillars and adults
serve as food for numerous animals and host parasites and parasitoids, while larval
host plants, such as thistles, hold additional ecological significance (Stefanescu, 2023;
Lampert et al., 2014; Muchoney et al., 2022; Hernandez & Bowers, 2024). The species’
mobility, ecological breadth, and availability of occurrence data make it an ideal focal
taxon for modeling species distribution across diverse ecoregions in the United States.
Importantly, Vanessa cardui also functions as a sensitive indicator of ecosystem
change, reflecting the effects of habitat fragmentation, drought, agricultural
intensification, and climate-driven range shifts (Menchetti et al., 2019; Stefanescu et al.,
2007; Peterson et al., 2019; Hu et al., 2021; Mesler & Mabry, 2024; Granato et al.,

2024).

Like many insects (Sanchez-Bayo & Wyckhuys, 2019), Vanessa cardui is

vulnerable to intensifying effects of anthropogenic change. Urban development and
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agricultural intensification eliminate essential habitat patches, concentrating populations
into fewer locations where disease transmission and demographic stress increase
(Chowdhury et al., 2021; Di Mauro, 2004). Climate change exacerbates these pressures
by altering temperature and precipitation cycles, with extremes impairing butterfly
development and movement (TUzun et al., 2018; Bristow et al., 2024). Winter periods
(December-March) already impose demographic constraints that climate shifts may
further intensify (Menchetti et al., 2019). Meanwhile, herbicide-driven thistle declines
threaten larval food plants and long-term stability (Chowdhury et al., 2021). Studying a
mobile pollinator like Vanessa cardui is therefore crucial for understanding landscape
connectivity, ecosystem resilience, and how multiple stressors interact across prairie,

alpine, and subalpine ecosystems.

Despite its ecological importance, significant gaps remain in understanding
Vanessa cardui habitat distribution patterns within the United States. While migration
behaviors and general distributions are documented (Abbott, 1951; Stefanescu et al.,
2007; Talavera & Vila, 2017; Stefanescu et al., 2017), no studies to our current
knowledge have applied machine learning approaches such as Random Forest to
predict Vanessa cardui species distribution across anywhere in Western North America.
In contrast, the monarch butterfly (Danaus plexippus) has been the focus of numerous
modeling efforts that leverage advanced statistical methods (Jepsen et al., 2015; Dingle
et al., 2005; Belsky & Joshi, 2018; Svancara et al., 2019; Reppert & de Roode, 2018;
Brower et al., 2006; Bartel et al., 2011). This imbalance represents a critical knowledge
gap, limiting our ability to assess climate change impacts on a globally important

migratory species.
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Building on the established effectiveness of Random Forest modeling for species
distribution, this study asks: How can Random Forests best predict Vanessa cardui
species distribution across two diverse landscapes? To answer this, we modeled
species distribution in two ecologically distinct regions--the Western Cordillera and

South Central Semi-Arid Prairies--while identifying key environmental drivers.

Methods

Ecoregions and Occurrence Data

| prepared ecoregion data following the same procedures described in Chapter 1
(see Methods, Chapter 1). | restricted occurrence records to professionally verified
Vanessa cardui observations spanning 2008-2022 (GBIF.org, 2023) and excluded all
non-focal species. To assess temporal change, | divided records into two periods: Early
(2008-2014) and Late (2016-2022), excluding intermediate years to maximize temporal

contrast.

Environmental Variables

| assembled environmental covariates that largely mirrored those described in
Chapter 1, including land cover, bioclimatic variables, elevation, slope, and aspect. To
capture additional ecological drivers, | incorporated soil and anthropogenic variables. |
obtained soil characteristics from the Soil Survey Geographic Database (SSURGO) via
the United States Department of Agriculture Geospatial Data Gateway, derived road
density from the 2014 U.S. Census TIGER dataset (accessed through ArcGIS Pro's
Living Atlas) and obtained impervious surface data from the National Land Cover

Database (NLCD) 2019 Impervious Product. | imported all layers into ArcGIS Pro and
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clipped them to the Western Cordillera and South Central Semi-Arid Prairies ecoregions

using the "Extract by Mask" tool.

Background Points and Data Preparation

| generated background points using stratified random sampling with a 5:1
background-to-presence ratio to balance model efficiency and reliability. To reduce
temporal sampling bias, | assigned random years within the study range to background
points. | screened environmental predictors for multicollinearity and removed variables
with Pearson's r > 0.85 using the caret package (Kuhn, 2008). | retained only complete
cases for modeling. | stratified occurrence and background data by time period to

preserve temporal representation during training and evaluation.

Random Forest Modeling

| implemented Random Forest modeling in R using the randomForest package
(Liaw, 2002). | trained models with 500 decision trees, setting the number of variables
considered at each split (mtry) to the square root of the total number of predictors. |
applied bootstrap sampling and used out-of-bag (OOB) samples for internal validation. |
also partitioned data into training (80%) and testing (20%) subsets using stratified

sampling to balance presence and background points across time periods.

Model Evaluation

| assessed model performance using both OOB estimates and independent test
sets. | calculated accuracy, sensitivity, specificity, precision, F1-score, the Area Under

the Curve (AUC), and the True Skill Statistic (TSS) and Cohen’s Kappa. | quantified
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variable importance using mean decrease in accuracy and mean decrease in Gini

impurity and ranked predictors accordingly.

Species Distribution

| generated predicted species distribution across the study area on a continuous
scale from 0 to 1 and categorized values into five classes: Very Low (0.0-0.2), Low (0.2-
0.4), Moderate (0.4-0.6), High (0.6-0.8), and Very High (0.8-1.0). | calculated
distributional change between Early (2008-2014) and Late (2016-2022) periods as
absolute and proportional differences in predicted abundance per grid cell. To control for
sampling bias, | extracted residuals from linear regression models and used them as
bias-corrected measures of distributional change. | then calculated correlations between
environmental predictors and both raw and residual change metrics to identify potential

ecological drivers.

Visualization and Output

| visualized results using heatmaps of model performance, predictor correlations,
and variable importance. | applied hexagonal aggregation to highlight spatial patterns in
predicted suitability and reduce ambiguity (Birch et al., 2007). | conducted analyses in R
using the randomForest, caret, pPROC, dplyr, and ggplot2 packages (Liaw, 2002; Kuhn,

2008; Robin et al., 2011; Wickham et al., 2025; Wickham, 2016).

Results

Residual diagnostics revealed systematic patterns in model performance
(Figures 5 and 6). The distribution of residuals was approximately normal and centered
near zero (Figure 5), indicating that the model captured central tendencies effectively for
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most predictions. However, in the residuals versus fitted values plot (Figure 6),
systematic deviations were evident at the extremes, with underestimation at low
suitability values and overestimation at high values. The few extreme residual values
visible in the distribution (Figure 5) correspond to these systematic deviations, indicating

limitations in predicting rare distributional outcomes.
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Figure 5: Distribution of population change residuals for Vanessa cardui. Histogram
shows the frequency distribution of unexplained population changes (residuals) from the
SDM. The red dashed line indicates zero change, with most residuals clustered near

zero and few extreme values at the distribution tails.
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Vanessa cardui: Population Change Residuals
Abundance bias removed

Residuals
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Figure 6: Residuals vs. fitted values plot for Vanessa cardui population change model.
Scatter plot showing model residuals (with abundance bias removed) against fitted
values, with locally weighted smoothing line (blue) and 95% confidence interval (gray

shading). The red dashed line indicates zero residuals.

Removing abundance-related bias through residual extraction revealed altered
environmental relationships with Vanessa cardui population change compared to raw
abundance data (Figure 7). Several bioclimatic variables emerged as positively
associated with residuals, with temperature seasonality (BIO4_max, r = 0.17) showing
the strongest positive correlation, followed by diurnal temperature range (BIO7_min, r =
0.14) and mean diurnal range (BIO2_min, r = 0.09). Minimum temperature of the coldest

month (BIO6_min) shifted from near-zero correlation (r = 0.09) in raw data to a negative
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correlation (r = -0.24) in residuals, while annual mean temperature (BIO1_min and
BIO1_max) also showed stronger negative correlations (r = -0.19 and r = -0.18,
respectively). Conversely, maximum temperature of the warmest month (BIO5_max)
decreased in correlation strength from r = -0.26 to r = -0.16, and isothermality
(BIO3_max) weakened from r = -0.24 to r = -0.15.

Vanessa cardui Environmental Correlations Heatmap
Comparison: Raw vs Residual Analysis
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Figure 7: Environmental correlations with Vanessa cardui population change,
comparing raw abundance data versus residuals with abundance bias removed.
Correlation coefficients are shown for the top 15 environmental variables, with green

indicating positive correlations and red indicating negative correlations. The residual
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analysis (right column) reveals environmental relationships after controlling for

abundance-related biases.

RF variable importance analysis identified key environmental predictors driving
species distribution patterns (Figure 8). Precipitation seasonality (BIO15_max) and
maximum temperature of the warmest month (BIO5_max) emerged as the most
important variables based on mean decrease in accuracy, followed by minimum mean
diurnal range (BIO2_min). Road density variables (both minimum and maximum) also
ranked highly, indicating the importance of anthropogenic landscape features. The
standardized importance heatmap revealed that Gini-based importance measures
generally aligned with accuracy-based measures, though with some notable differences
in ranking, particularly for slope and soil characteristics which showed higher Gini

importance relative to their accuracy contributions.
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Figure 8: Variable importance heatmap for Vanessa cardui species distribution model
showing standardized importance metrics. Variables are ranked by mean decrease in
accuracy (left column) and mean decrease in Gini (right column). Red colors indicate
high importance while blue indicates lower relative importance. The top variables
include precipitation seasonality (BIO15_max), temperature variables (BIO5_max,

B1O2_min), and anthropogenic features (road density).

Model evaluation metrics indicated strong predictive performance. The Random
Forest model achieved an AUC of 0.968, a True Skill Statistic of 0.895, a Kappa of

0.924, an out-of-bag error of 1.27%, and a test accuracy of 97.93%.

Table 6: Evaluation metrics for the Random Forest model of Vanessa cardui species

distribution, including AUC, TSS, Cohen’s Kappa, out-of-bag error, and test accuracy.

Metric Value
AUC 0.968
TSS 0.895
Kappa 0.924
OOB Error (%) 1.27
Test Accuracy (%) 97.93

Between early (2008-2014) and late (2016-2022) periods, a map of species
distribution revealed persistence of Vanessa cardui occurrence across the Western
Cordillera and South Central Semi-Arid Prairies (Figure 9). Much of the study area

shows low suitability (0.0-0.2), with suitable habitat representing a small proportion of
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the total landscape. Additionally, some suitable areas overlap densely populated regions
(such as California's Central Valley, Denver metropolitan area, and the Texas Triangle
which encompasses cities like Dallas and Houston), while others occur in less

developed regions (e.g., Yellowstone National Park).

Vanessa cardui Habitat Suitability Heatmap
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Figure 9: Species distribution model predictions for Vanessa cardui across western
North America. The rescaled species distribution heatmap demonstrates predicted
occurrence probability from Random Forest modeling, with values compressed (0-0.2)
and expanded (0.2-1.0) to enhance visualization of moderate to high suitability areas.
Red areas indicate highest species distribution (0.8-1.0), while blue areas represent

lowest species distribution (0.0-0.2).
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Discussion
The Random Forest models effectively captured major distributional dynamics of

Vanessa cardui across the Western Cordillera and South Central Semi-Arid Prairies,
with high accuracy and discriminatory power underscoring the strength of the
framework. However, the resulting systematic residual patterns highlight challenges in
predicting rare outcomes. To better interpret these systematic errors and disentangle
true ecological signals from site and data specific influences, we examined residual

correlations in relation to population changes.

The correlation analysis of population change residuals provides compatible
insights into these patterns. The weaker residual correlations suggest that raw
abundance values partly reflect site-level density differences, inflating apparent climate-
population links. This agrees with recent work showing that abundance indices often
misrepresent true population size (Numminen et al., 2023). Residuals help correct this

bias, isolating subtler and more ecologically meaningful climate relationships.

The residual-based correlations align with ecological expectations for Vanessa
cardui. A positive response to temperature seasonality and diurnal variation is typical for
migratory butterflies, as marked temporal variability generates windows of suitable
conditions such as nectar resources and host plant availability (Hu et al., 2021; Saldivar
et al., 2022; Stefanescu et al., 2017). Negative associations with warmer baselines
suggest that consistently warm conditions may constrain growth, likely via phenological
mismatches, reduced diapause cues, or physiological costs (Huang et al., 2024; von
Schmalensee et al., 2024; Granato et al., 2024). Residuals also indicate that maximum

heat is less limiting than abundance patterns suggested, while thermal stability plays a
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minor role for this thermally flexible, migratory species. Overall, Vanessa cardui appears
to perform better in regions where temperature fluctuates substantially around cooler
baselines, favoring environments with pronounced climatic variability over consistently
warm or thermally stable areas such as tropical lowlands (Mesler & Mabry, 2024;
Saldivar et al., 2022; Stefanescu et al., 2017). These patterns suggest that migratory life
history strategies are closely tied to environments with high seasonality, relationships

that become clearer once abundance-related biases are removed.

Mapping these ecological tendencies geographically, the combined heatmap
(2008-2014 and 2016-2022) revealed distinct spatial patterns: some suitable areas
overlap densely populated regions (e.g., California’s Central Valley, Denver, Dallas,
Houston, Oklahoma City), while many others occur in less developed landscapes (e.qg.,
Yellowstone National Park and the Sangre de Cristo Mountains). These hotspots in
remote mountainous and prairie regions suggest monitoring captured ecologically
representative habitats, but the concentration of records near urban centers indicates
that spatial sampling bias likely remains a limitation affecting predictions in less
surveyed regions. Variable importance analyses show that both climatic factors (i.e.,
precipitation, temperature) and anthropogenic variables (i.e., impervious surface
coverage, road density) shaped suitability, along with soil characteristics. The apparent
positive association with impervious surfaces likely reflects how human-modified
landscapes create the microclimatic and resource heterogeneity that aligns with this
species' preference for variable environments, through ornamental plantings, green
spaces, and edge habitats (Schueller et al., 2023; Kc, 2025; Nason, 2021) not a direct

benefit of impervious surfaces themselves.
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These results emphasize the importance of maintaining connectivity across the
broader landscape to support migratory movements, with persistent high suitability
areas providing clear conservation priorities. Areas of declining suitability may benefit
from restoration or management to mitigate anthropogenic pressures, particularly where
climate remains suitable, but connectivity may have been compromised. Important
limitations must also be acknowledged. The analysis does not directly model
abundance or density, and occurrence records reflect variation in reporting effort and
detection probability in addition to potential spatial sampling bias. Some of the
systematic residual patterns indicate reduced reliability in predicting rare outcomes,

which is particularly relevant for conservation focused on range margins or refugia.

Overall, this study demonstrates how methodological rigor can sharpen
ecological understanding and improve conservation outcomes. By employing residual
analysis to correct for abundance-related biases, we uncovered climate-population
relationships that raw occurrence data obscured: specifically, that Vanessa cardui
thrives in environments with high thermal variability rather than consistently warm or
stable conditions. This insight, made visible through diagnostic approaches, has direct
conservation implications. It suggests that maintaining landscape connectivity across
regions with pronounced seasonality should be prioritized over focusing solely on warm,
thermally stable areas that superficially appear suitable based on uncorrected
abundance patterns. Furthermore, the identification of persistent high-suitability
corridors in both remote mountainous terrain and human-modified landscapes
underscores the need for conservation strategies that span the rural-urban gradient. As

climate change potentially reduces thermal variability in some regions, while increasing
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it in others, this framework provides a replicable approach for identifying refugia and
migration corridors for other wide-ranging species. Ultimately, these findings illustrate
that rigorous analytical frameworks--particularly those that account for observational
biases--are essential for translating species distribution models into actionable
conservation priorities that reflect true ecological requirements rather than artifacts of

sampling design.
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