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Abstract 
Petrozzi, F., Luiselli,L., 2026. A probabilistic habitat–suitability overlap framework (HMI) reveals spa-
tial bias in MaxEnt models of West African forest butterflies. Folia Oecologica, 53 (2): 108–122.

Species distribution models (SDMs) are widely used to infer potential species ranges, yet their ecological reli-
ability in rapidly transformed landscapes remains poorly understood. We applied Maximum Entropy (MaxEnt) 
modelling to estimate the potential distribution of twelve forest-specialist butterfly species of high commercial 
value across West Africa, with a focus on Côte d’Ivoire, Ghana and Liberia, based on bioclimatic covariates. 
Models showed good predicted performance (mean jackknife AUC = 0.854, significantly better than random; 
null model test p < 0.01), driven by both precipitation-related variables (i.e. precipitation seasonality; 57.4% of 
explained variance in model predictions) and temperature-related variables (annual mean temperature, 33%). 
However, spatial predictions showed limited concordance with contemporary forest cover: 45.23% in Liberia 
but only 4.69% in Cote d’Ivoire and 6.42% in Ghana. Key refugia such as Taï Forest (Cote d’Ivoire) were par-
tially underpredicted. To evaluate whether the observed agreement between predicted habitat suitability and 
forest cover reflects genuine ecological associations or is instead driven by spatial bias, we developed a proba-
bilistic framework in which the expected overlap is defined as the product of forest availability and suitability 
probability. Building on this null expectation, we derived a Habitat Matching Index (HMI), expressed as the 
ratio between observed and expected overlap, allowing us to quantify deviations from random spatial asso-
ciation and to distinguish ecological signal from patterns generated by habitat availability alone. HMI values 
differed markedly among countries (Côte d’Ivoire: 0.319; Ghana: 0.570; Liberia: 1.407), demonstrating that 
apparent model performance is strongly influenced by forest extent rather than ecological fidelity alone. These 
findings reveal a fundamental limitation of climate-based SDMs: high statistical accuracy does not necessarily 
imply ecological realism. Integrating habitat availability into model evaluation provides a critical correction, 
improving inference in heterogeneous and rapidly changing tropical landscapes. We advocate combining cli-
matic, land-cover, and species-specific data to enhance SDM reliability in conservation biogeography.
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Introduction

Species distribution modelling (SDM) provides a robust 
analytical framework for estimating potential species 

ranges using limited occurrence data (Elith and Leath-
wick, 2009). SDMs are sufficiently flexible to model both 
individual species distributions and entire communities. 
This latter approach, which has been used for instance 
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by Ferrier and Guisan (2006) and others, highlights the 
capacity of SDMs to capture broader ecological patterns. 
Among available SDM approaches, the Maximum Entro-
py algorithm (MaxEnt) (Phillips et al., 2017; Phillips 
and Dudík, 2008) is widely regarded for its robustness and 
high predictive performance, particularly when applied to 
presence-background data and small sample sizes (Merow 
et al., 2013). Owing to its ability to integrate species oc-
currence records with multiple environmental predictors, 
MaxEnt has become a standard tool in ecological research 
for estimating habitat suitability across heterogeneous 
landscapes. Moreover, it is extensively used to forecast po-
tential range shifts under future climate-change scenarios 
(Khanum  et al., 2013; Li et al., 2020; Zhao et al., 2021). 
Model performance in MaxEnt is typically assessed using 
statistical metrics such as the Area Under the Receiver Op-
erating Characteristic Curve (AUC), the True Skill Statis-
tic (TSS), omission rates, and cross-validation procedures 
(Fourcade et al., 2014). Although these metrics are statis-
tical, their interpretation often extends into the biological 
domain. High discriminatory ability and low omission rates 
suggest that the selected environmental predictors capture 
ecologically meaningful constraints on species’ realized 
niches (Warren and Seifert, 2011). Additionally, response 
curves, permutation importance, and jackknife tests enable 
inference regarding the relative influence of environmental 
variables. Consequently, MaxEnt evaluation occupies a hy-
brid methodological space in which statistical diagnostics 
both quantify predictive accuracy and inform ecological and 
biogeographical hypotheses. Nevertheless, the reliability of 
predictions at fine spatial scales remains debated, particu-
larly in rapidly changing landscapes where presence-only 
data may be sparse, outdated, or spatially biased, thereby 
compromising model performance.
	 For rare, declining, or highly vulnerable species, 
accurate SDMs are essential for effective conservation 
planning. Even minor predictive errors may have dispro-
portionately large consequences when species occupy re-
stricted or fragmented habitats. Overestimation of suitable 
habitat (false positives) may result in inefficient alloca-
tion of conservation resources, whereas underestimation 
(false negatives) risks leaving critical habitats unprotect-
ed (Guisan et al., 2013). Narrow-range, micro-endemic, 
and habitat-specialist species are especially sensitive to 
such errors, as coarse-resolution environmental data and 
limited occurrence records increase predictive uncertainty 
(Giachello et al., 2025; Tessarolo et al., 2021). Because 
conservation decisions for these taxa are often irreversible, 
high predictive precision is essential.
	 Importantly, SDM outputs may be influenced not only 
by ecological relationships but also by the spatial availabil-
ity of suitable habitat. In highly heterogeneous landscapes, 
the probability that predicted high-suitability pixels overlap 
with actual habitat (e.g., forest) may depend on the relative 
abundance of that habitat within the study region. This in-
troduces a potential bias whereby model “performance,” 
when evaluated spatially, may partially reflect habitat avail-
ability rather than ecological accuracy. To address this is-
sue, we introduce a probabilistic framework linking habitat 

availability and predicted suitability overlap. Specifically, if 
forest cover occupies a proportion F of the landscape, and 
high-suitability pixels are distributed independently of cur-
rent forest cover, the expected overlap between suitability 
and forest is proportional to F. Deviations from this expec-
tation can therefore be interpreted as evidence of ecological 
signal versus spatial randomness.
		  Butterflies play ecologically and economically import-
ant roles in tropical ecosystems, functioning as pollinators, 
bioindicators (Tsingalla et al., 2026), and components 
of the international entomological trade (Bonebrake et 
al., 2010; Small, 2007). In West Africa, butterfly diversi-
ty is particularly high in forest ecosystems (Larsen, 2008; 
Sáfián et al., 2020); however, ecological data remain scarce, 
especially in the Upper Guinean forest block (Fermon, 
2002; Fermon et al., 2000), where rapid habitat loss pos-
es a severe threat to biodiversity. Côte d’Ivoire, Ghana and 
Liberia were selected for this study based on our long-term 
field research on rainforest reptiles and insects (e.g. Ajong 
et al., 2024; Luiselli et al., 2025), which has provided de-
tailed knowledge of forest habitat conditions. We focused 
on forest-specialist butterfly species that are apparently rare 
based on their high commercial value (Slone et al., 1997; 
Wang et al., 2023). In fact, in the absence of comprehensive 
population censuses, market value can serve as a proxy for 
rarity and conservation concern (New and Collins, 1991), 
although morphological traits such as wingspan, shape, 
and coloration explain approximately 49% of the variance 
in aesthetic ranking, which in turn predicts sales volume 
(Wang et al., 2023).
		  Building on this framework, the present study ad-
dresses five main research questions:
1.	Distribution: What is the potential geographic distribu-
	 tion of twelve forest-specialist butterfly species in Côte 
	 d’Ivoire, Ghana and Liberia? 
2.	Model performance: How well do climate-driven Max-
	 Ent models perform at landscape spatial scales, as evalu-
	 ated by AUC, TSS, omission rates, and cross-valida-
	 tion?
3.	Ecological relevance and limitations: To what extent do 
	 model predictions reflect ecological constraints, and 
	 what are the limitations of MaxEnt at fine spatial scales 
	 in rapidly changing habitats, particularly for African 
	 rainforest butterflies? 
4.	Spatial bias assessment (probabilistic framework): To 
	 what extent can the observed overlap between predicted 
	 suitability and forest cover be explained by habitat 
	 availability alone? 
5.	Conservation implications: How can integrating model 
	 predictions with species-specific environmental sensi-
	 tivity inform conservation assessments for commercial-
	 ly valuable forest butterflies?

Materials and methods 

Study area

Although the focal species occur in Côte d’Ivoire, Libe
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ria, and Ghana, MaxEnt models were developed across 
the broader West African region, extending from Guinea 
to Nigeria and including Côte d’Ivoire, Ghana, Liberia, 
and Sierra Leone, (Fig. 1). This approach enables a more 
comprehensive representation of environmental gradients, 
improving the accuracy of predicted distributions within 
the focal countries. The study area includes ecosystems 
ranging from coastal rainforests to savannah mosaics, 
characterized by pronounced seasonal variation in rainfall 
and temperature.

Target species

To ensure that only currently occurring species were includ-
ed, we first reviewed recent scientific literature for West 
Africa. In particular, we relied on a doctoral thesis on Li-
berian butterflies (Sáfián, 2021), which provides detailed 
distributional and ecological data. Species reported from the 
study area were then cross-referenced with their market val-
ues (Table S1) derived from specialized online platforms. A 
total of 50 species of butterflies distributed in forest environ-
ments of West Africa were searched on the eBay platform 
and other sites specialized in sales for entomological col-
lections (research carried out in November 2024), selecting 
for our analyses only those with a price > 60 US dollars at 
the search time. A total of twelve forest-associated butterfly 
species of high commercial value were selected (Table S1). 
		  For each selected species, we compiled information 
on habitat, data availability, and ecological notes (Table 
1). All species occupy broadly similar habitats, and differ-
ences in habitat descriptions largely reflect variation in ter-
minology among sources rather than true ecological diver-
gence. Indeed, all records refer to moist rainforest patches 
within the Upper Guinean forest block (Chatelain et al., 

Fig. 1. Study area.

2004; Freeman et al., 2021) (Fig. S1).
		  On this basis, pooling species into a single modelling 
framework is justified (see below). Table 1 also indicates 
the expected reliability of MaxEnt predictions, distin-
guishing between species with well-documented ecologi-
cal profiles and those with limited ecological information. 
Species such as Charaxes fournierae, Charaxes smarag-
dalis, and Papilio zalmoxis are considered robust candi-
dates for modelling, whereas species such as Papilio hor-
ribilis, Abantis lucretia, Apallaga ankasa, and Pteroteinon 
pruna require cautious interpretation (Table 1). This clas-
sification informed model parameterization, evaluation, 
and interpretation. By explicitly incorporating variability 
in data quality, we aimed to account for uncertainty and 
ensure that predictions were appropriately contextualized.

Data collection and optimized MaxEnt modelling

Occurrence data for the various species (n = 72 records) 
were obtained from the Global Biodiversity Information 
Facility (GBIF) (Telenius, 2011), limited to records post-
1980 to ensure recent distributional relevance, and from 
field verified sources. Using the “coordinateUncertainty-
inMeters” in R, we calculated the error in the coordinates 
with a 1,000 m threshold, and only 2.8% of the records 
were outside this threshold. 
		  To minimize potential taxonomic errors, only records 
identified to the species level using accepted scientific 
names were retained. A conservative data selection strat-
egy was adopted, including exclusively records associat-
ed with specimens housed in curated collections, where 
taxonomic verification is possible, while excluding other 
sources of occurrence data  (https://training.gbif.org/en/
data-use/taxonomic-uncertainty, last accessed on 12th De-
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Species	 Known Habitat	 Data	 Notes		  Modeling Implications
		  Availability
Charaxes fournierae (n = 2)	 Lowland tropical moist	 Good	 Forest-dependent; 	 Suitable for
	 broadleaf forests		  sensitive to deforestation 	 MaxEnt modeling;
			   (Henning, 1988)	 predictions likely reliable	
	
Charaxes mycerina (n = 2)	 Likely forest habitats	 Poor	 Ecological profile	 Predictions uncertain;		
	 (inferred from Poor genus)		  entative; requires	 results should
			   field verification	 be interpreted cautiously
			   (Henning, 1988)

Charaxes nichetes (n = 8)	 Forests, woodland savanna,	Moderate	 Occurs near watercourses;	 Good confidence in model
	 riparian areas		  forest-associated)	 outputs but field validation
			   (Henning, 1988)	 recommended

Charaxes petersi (n = 6)	 Likely forest-associated	 Moderate	 Occurs near watercourses;	 Good confidence in model
			   forest-associated	 outputs but field validation
			   (Henning, 1988)	 recommended

Charaxes smaragdalis (n = 5)	 Lowland rainforest,	 Good	 Forest-dependent;	 Suitable for MaxEnt 	
	 gallery forest, forest		  sensitive to habitat 	 modeling; predictions
	 patches		  loss (Henning, 1988)	 likely reliable

Charaxes subornatus (n = 5)	 Likely evergreen or moist	 Poor	 Habitat tentative;	 Good confidence	  
	 forest		  data limited	 in model outputs
			   (Henning, 1988)	 but field validation
				    recommended

Graphium latreillianus (n = 17)	Forested zones; primary	 Poor	 Specific habitat	 Predictions uncertain;		
	 forests and wet-forest 		  information scarce	 field validation
	 mosaics		  (https://www.metamor-	 recommended
			   phosis.org.za/articlesPDF/
			   1040/014%20Genus%20
			   Graphium%20Scopoli.pdf;
			   accessed on 30th 
			   November 2025) 

Papilio zalmoxis (n = 3)	 Humid tropical forests	 Good	 Large forest swallowtail;	 Suitable for MaxEnt
			   forest-dependent (West	 modeling; predictions 
			   and Hazel, 1979)	 likely reliable 

Papilio horribilis (n = 19)	 Upper Guinean endemic; 	 Poor	 Wet forest species (https:	 Modeling uncertain;	
	 wet forest		  //abdb-africa.org/species/	 results should be
			   Papilio_horribilis; accessed	 interpreted cautiously
			   on 30th November 2025), 
			   but with no detailed habitat 
			   information available 

Abantis lucretia (n = 1)	 Unspecified forest	 Poor	 Forest species, but with no	 Modeling uncertain; 
			   detailed habitat information	 results should be 
			   available (https://web.	 interpreted cautiously
			   archive.org/web/2013120
			   3030759/http://atbutterflies.
			   com/downloads/hesperiidae
			   _pyrginae.doc, accessed 
			   30th November 2025)

Table 1. Summary of the twelve forest associated butterfly species included in this study. For each species, the number of used 
records (indicated after the scientific name), known habitat, data availability, and relevant notes are provided. The “Modeling 
Implications” column indicates the expected reliability of MaxEnt predictions based on the quality of existing ecological data, 
highlighting which species are robust candidates for species distribution modeling and which are considered less known, re-
quiring cautious interpretation and potential field validation.
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cember 2025). The resulting species-specific datasets were 
then merged into a consolidated .csv file, standardizing 
the species variable as “community” (see Supplementary 
dataset 1). The aggregation of occurrence records from 
multiple target species to develop a single, comprehensive 
MaxEnt model is justified on the following grounds: (i) all 
species occupy the same habitat type and display broadly 
congruent spatial distributions (Carcasson, 2011); and (ii) 
this “aggregated” modelling strategy has been previously 
implemented and validated in comparable studies (Doser 
et al., 2023). By using RStudio (R version 4.3.1) dismo 
package (Hijmans et al., 2017) the initial dataset was also 
inspected to identify spatial duplicates.
		  To ensure data quality and reduce spatial sampling 
bias, we visually inspected occurrence data for clustering 
and assessed spatial autocorrelation. Many species dis-
played clusters of identical or near-identical coordinates, 
indicative of sampling concentration at specific localities. 
To address this, we implemented spatial thinning using 
the spThin R package (Aiello-Lammens et al., 2015) (Ta-
ble S2), applying a minimum nearest-neighbor distance 
threshold of 5 km. This procedure removed spatially re-
dundant points while preserving geographic representa-
tiveness, thereby minimizing potential model overfitting 
due to spatial autocorrelation. To further verify the spatial 
distribution of occurrences and the absence of sampling 
bias, we mapped all filtered presence points against the 
study area boundary and environmental layers. These dis-
tribution maps confirmed adequate spatial coverage and 
informed subsequent ecological niche modeling. The fil-
tering and visualization steps ensured that the occurrence 
data met best practices for species distribution modeling 
(Boria et al., 2014; Fourcade et al., 2014). After remov-
ing spatial duplicates and applying spatial thinning 58 
unique, spatially validated occurrence points remained 
(Table S2). Background points were likewise restricted to 
the study area.

		  The environmental variables (initially n = 19) were 
obtained from WorldClim (Fick and Hijmans, 2017) at a 
landscape to regional spatial scale with a spatial resolution 
of 2.5 arc-minutes (Table S3) prior to applying the niche 
modelling procedure. We used WorldClim climate layers 
due to their widespread application in species distribution 
modelling, which ensures methodological comparability 
and reproducibility across studies, while maintaining con-
sistency with the broader ecological literature.
		  All environmental layers were clipped to the African 
continent and resampled to a uniform spatial extent. After 
processing the bioclimatic raster layers and clipping them 
to the African continent, discrepancies in spatial resolution 
and extent could arise as a result of the clipping procedure. 
To ensure consistency among variables, all layers were 
therefore resampled to a common spatial resolution and 
extent. Multicollinearity among variables was evaluated 
through Pearson correlation analysis (|r| > 0.7 threshold; 
Bombi et al., 2011). Seven variables were retained for 
model development. A sequential selection procedure was 
then applied, with a maximum of five predictors retained. 
Because the number of uncorrelated variables exceed-
ed this threshold, further filtering was performed based 
on percentage contribution derived from a preliminary 
MaxEnt model (Phillips et al., 2006), trained using all 
presence points and 1,000 randomly sampled background 
points. The five variables with the highest contributions 
were selected for subsequent analyses.
		  The optimized MaxEnt model (version 3.4.1; Phil-
lips et al., 2017) was implemented in R (R Core Team, 
2026) using the ENMeval package (Muscarella et al., 
2014). Model tuning involved testing multiple combina-
tions of regularization multipliers (0.5, 1, 1.5, 2, 3, 4) and 
feature classes (L, LQ, H, LQH, LQHP). For each model 
run, 10,000 background points were randomly sampled 
within the study area. Given the relatively high number 
of occurrence records (n = 58), a jackknife (leave-one-

Species	 Known Habitat	 Data	 Notes		  Modeling Implications
		  Availability
pallaga ankasa (n = 2)	 Unspecified forest	 Poor	 Forest species, but with no 	Modeling uncertain;
			   detailed habitat information	results should be 
			   available ( Sáfián , 2021;	 interpreted cautiously 
			   Sáfián et al., 2011)	

teroteinon pruna (n = 1)	 Riverine forest	 Poor	 Riverine forest species 	 Modeling uncertain;
			   (https://en.wikipedia.org/	 results should be
			   wiki/Pteroteinon_pruna#: 	 interpreted cautiously		
			   ~:text=Pteroteinon%20
			   pruna%2C%20commonly
			   %20known%20as%20
			   Evans%27%20red-eye%
			   2C%20is,Uganda.%20%
			   5B3%5D%20The%20
			   habitat%20consists%20of
			   %20riverine%20forests; 
			   accessed on 30th November
			   2025).	

Table 1 – Continued
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out cross-validation) approach was applied. The optimal 
model was selected based on AUC and the minimum 
AICc (Akaike Information Criterion corrected for small 
sample sizes), and its performance was summarized using 
the mean jackknife AUC. To assess whether the observed 
AUC significantly exceeded random expectations, a null 
model approach was implemented (Raes and Ter Steege, 
2007). One hundred random pseudo-presence datasets 
(each with the same number of points as the number of 
records) were generated within the same study area and 
environmental space. For each replicate, a Maxent model 
was trained using the same regularization multiplier (L) 
and feature class (LQ) identified from the observed data, 
and evaluated via jackknife cross validation. 

ENFA modelling

As an alternative approach based on presence data alone, 
an Ecological Niche Factor Analysis (ENFA) (Hirzel et 
al., 2002) was performed using the “ecospat” package (Di 
Cola et al., 2017). The records and covariates used were 
those of the MaxEnt model. The marginality and special-
ization factors were extracted from the five environmen-
tal variables and used to generate a suitability map. The 
suitability map was generated using the first marginality 
factor (which represents the deviation of presence con-
ditions from the environmental mean of the study area). 
The predictive quality of the ENFA was assessed using: 
(i) AUC (comparing presence values with 1,000 random 
background points); and (ii) Corrected Boyce Index (Hir-
zel et al., 2006), calculated with ecospat.boyce, with 10 
classes.

Forest Overlap

By using R Studio, we clipped both the MaxEnt model 
raster and the JRC Global Map of Forest Cover 2020 ras-
ter (Bourgoin et al., 2025), which represents forest cover, 
along the borders of Liberia, Côte d’Ivoire, and Ghana. 
We divided habitat suitability values into four classes: 
low (0.2–0.4), medium (0.4–0.6), high (0.6–0.8), and very 

high (0.8–1.0). Accordingly, when selecting areas with 
the highest likelihood of species’ presence, we focused on 
those with suitability values equal to or greater than 0.8. 
Henceforth, for each country, we overlaid the two different 
rasters to see the percentage overlap between forest cover 
and very high suitability (>0.8) and the overlap between 
highly suitable areas and total forest extent. Lastly, we 
found out what the percentage of forests was in relation to 
the territory of each of the nations studied.

Quantifying habitat–suitability overlap: a probabilistic 
model

To evaluate whether the spatial agreement between pre-
dicted high suitability and forest cover reflects ecological 
processes or is driven by habitat availability alone, we de-
veloped a probabilistic model (Fig. 2). Let: (i) A = total 
number of pixels in a given country; (ii) F = number of 
forest pixels; (iii) S = number of pixels classified as highly 
suitable (suitability ≥ 0.8); and (iv) O = number of pixels 
where forest and high suitability overlap, we define:
•	 Forest proportion: 
		                                  PF = F/A 
•	 Suitability proportion: 
		                                  PS = S/A 
•	 Observed overlap: 
	                                     PO = O/A. 
		  Under the null hypothesis that suitability is spatially 
independent of forest cover (i.e., random with respect to 
habitat), the expected overlap is:
                                       
		  To assess deviation from randomness, we define a 
Habitat Matching Index (HMI):

		
		  In this case the interpretation is as follows: HMI = 1: 
overlap explained by random habitat availability; HMI > 
1: ecological association (model captures habitat depen-
dence); HMI < 1: mismatch (model predicts suitability 
outside habitat).In order to compute HMI, we use: O/S = 
overlap between forest and highly suitable areas (our first 

Fig. 2. Probabilistic framework for habitat–suitability overlap. Conceptual representation of the probabilistic model linking 
forest availability (PF), habitat suitability probability (PS), and observed overlap (PO). Under a null assumption of spatial in-
dependence between forest cover and climatic suitability, expected overlap is given by E[PO] = PF · PS. Deviations from this 
expectation form the basis for evaluating non-random spatial association between predicted suitability and habitat distribution.
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Fig. 3. Marginal response curves of the selected bioclimatic predictors used in the MaxEnt models. The plots illustrate the effect 
of each environmental variable on predicted probability of species presence when all other variables are held at their average 
sample value. Variables include Bio 1 (annual mean temperature), Bio 2 (mean diurnal range), Bio 12 (annual precipitation), 
Bio 14 (precipitation of the driest month), and Bio 15 (precipitation seasonality). Response shapes highlight both linear and 
non-linear relationships between climatic gradients and habitat suitability across the study region.

metric), PF = F/A = forest proportion (our third metric). 
From the model:

But since:

we can rewrite:

		  Additionally, to explicitly test the hypothesis that 
higher overlap in each country of the study area is driven 
by greater forest availability, we model:

    PO = β0 + β1PF + ϵ,
where β1 captures the dependence of overlap on forest 
availability. This formulation allows generalization across 
regions and provides a diagnostic tool for SDM users to 
disentangle ecological signal from spatial sampling effects.

Results 

Of the various environmental variables, the following 
bioclimatic variables were selected: bio 1 (Annual Mean 
Temperature), bio 2 (Mean Diurnal Range), bio 12 (An-
nual Precipitation), bio 14 (Precipitation of Driest Month), 
and bio 15 (Precipitation Seasonality). Following spatial 
thinning, the dataset was reduced by 35.6% in the number 
of occurrence records, thereby minimizing spatial autocor-
relation while maintaining broad geographic coverage. 
		  Despite strong statistical performance, ecological 
realism was limited. On average, only 18.78% of highly 
suitable areas (≥0.8) currently retain forest cover when the 
three countries were pooled. Notably, less than the 50% of 
the Taï Forest National Park—one of the most intact and 

the largest rainforest system in West Africa—was predict-
ed as highly suitable (i.e. 47.69%), while heavily deforest-
ed regions were.

Optimized MaxEnt model

The optimal MaxEnt model, selected based on minimum 
AICc, showed good predictive performance (Swets, 1988): 
global ROC AUC = 0.826, and mean jackknife AUC = 0.854. 
The null model test (100 randomizations, p < 0.001) con-
firmed performance significantly better than random (mean 
AUC of null models = 0.747). The major predictor among 
covariates was precipitation seasonality (bio 15, with a val-
ue of 57.4% of the explained variance), followed by annual 
mean temperature (bio 1, 33%); the other covariates had a 
practically negligible impact. The response curves (Fig. 3) 
revealed a negative relationship between occurrence prob-
ability and temperature, and a unimodal response to pre-
cipitation of the driest month (bio 14), with optimal values 
around approximately 40–50 mm. Mean diurnal range (bio 
2) showed an approximately linear negative relationship, 
while annual precipitation (bio 12) had no significant ef-
fect. The jackknife confirmed the dominant role of a limited 
number of predictors; in fact, the full model achieved a jack-
knife AUC = 0.921, with only a slight performance decrease 
when a single variable was excluded (mean AUC = 0.913). 
Conversely, models built using a single variable showed a 
more pronounced reduction in performance (mean AUC = 
0.827), although still comparable to the global model AUC.

ENFA model

The ENFA model yielded an AUC of 0.804 and a non-sig-
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nificant Boyce index (0.167), indicating lower predictive 
performance relative to MaxEnt.

Forest overlap

The overlap between forest cover and very high habitat 
suitability (>0.8) showed the following percentages: in 
Côte d’Ivoire, only 4.69% of forested areas fall within 
high-suitability zones, while in Ghana this value is 6.42%, 
and in Liberia it reaches 45.23% (Fig. 4). Forest cover as 
a proportion of national area is 14.69% in Côte d’Ivoire, 
11.26% in Ghana, and 32.13% in Liberia.

Habitat Matching Index (HMI) and evaluation of the 
probabilistic overlap model

Applying the proposed framework, the observed overlap PO  
increases markedly from Côte d’Ivoire and Ghana to Liberia 
(Fig. 5). This pattern is consistent with the higher forest pro-
portion PF  observed in Liberia compared to Cote d’Ivoire 
and Ghana. Under the null expectation E[PO] = PF . PS , the 
substantially higher overlap observed in Liberia suggests 
that a large component of model–habitat agreement can 
be explained by greater habitat availability, rather than im-
proved ecological prediction alone. Conversely, the very 
low overlap values observed in Côte d’Ivoire (4.69%) and 
Ghana (6.42%), despite non-negligible forest presence, in-
dicate a clear mismatch between predicted suitability and 
current habitat distribution. These results support the hy-
pothesis that:
•	 Spatial overlap between suitability and habitat is strong-
	 ly influenced by the proportion of available habitat (PF) 
	 (Fig. 6). 
•	 Higher apparent model “fit” in Liberia is at least partial-
	 ly driven by greater forest extent, increasing the proba-
	 bility of random overlap. 
•	 In highly deforested landscapes (e.g., Côte d’Ivoire), SDM 
	 predictions may become decoupled from current habi-
	 tat, leading to low HMI values and reduced ecological 
	 realism. 
		  To account for the effect of habitat availability on 

Fig. 4. Overlap between areas of maximum suitability (in red) and forest distribution (in green) in (from left to right) Liberia, 
Cote d’Ivoire and Ghana. On the map of Ivory Coast, the perimeter of the Tai forest is highlighted by the thicker black line.

model–landscape agreement, we computed the Habitat 
Matching Index (HMI), defined as the ratio between the 
observed overlap of highly suitable areas with forest cov-
er (O/S) and the proportion of forest within each coun-
try (PF). The resulting HMI values were: Côte d’Ivoire: 
0.319; Ghana: 0.570; and Liberia: 1.407. These values re-
veal strong differences among countries. Liberia exhibited 
an HMI > 1, indicating that the overlap between predict-
ed suitability and forest cover exceeds that expected un-
der random spatial association. In contrast, Côte d’Ivoire 
and Ghana showed HMI values well below 1, indicating 
that highly suitable areas are disproportionately located 
outside forested habitats. Overall, the probabilistic model 
highlights that SDM outputs should be interpreted relative 
to habitat availability, and that raw overlap metrics alone 
may overestimate ecological accuracy in regions with ex-
tensive habitat cover.

Discussion

Potential distribution and macroecological signal

Addressing the first research question, our MaxEnt models 
identify a coherent macroecological pattern in the poten-
tial distribution of forest-specialist butterflies across West 
Africa. At the regional scale, areas of high climatic suit-
ability broadly coincide with the Upper Guinean forest 
block, extending from Liberia through western Côte d’Ivo-
ire into Ghana and western Togo. This result confirms that 
the model effectively captures large-scale environmental 
gradients structuring rainforest ecosystems, particularly 
precipitation regimes, which emerged as the dominant 
predictors. Such patterns are consistent with the well-es-
tablished coupling between rainfall and tropical forest dis-
tribution (Miller and Gosling, 2014) and suggest that, at 
coarse spatial resolutions, climatic variables remain strong 
determinants of potential species ranges. However, when 
projections are restricted to the national scale, particularly 
in Côte d’Ivoire and Ghana, this macroecological coher-
ence breaks down. Predicted high-suitability areas extend 
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Fig. 5. Habitat Matching Index (HMI) across West African 
countries. Habitat Matching Index (HMI) values for Côte 
d’Ivoire, Ghana, and Liberia. HMI quantifies deviations be-
tween observed and expected habitat–suitability overlap 
under a null model of spatial independence. Values < 1 indi-
cate lower-than-expected overlap (model–habitat mismatch), 
whereas values > 1 indicate higher-than-expected overlap 
(positive association potentially driven by habitat availability 
or ecological coupling).

Fig. 6. Dependence of observed overlap on forest availabil-
ity. Linear relationship between observed habitat–suitability 
overlap (PO) and forest proportion (PF) across study coun-
tries. The regression illustrates that spatial overlap increases 
with forest extent, supporting the hypothesis that part of the 
apparent model performance is structurally driven by habitat 
availability rather than ecological niche accuracy alone (PO 
= β0 + β1 PF + ε).

into regions that nowadays are not forested, while major 
forest refugia are not consistently identified. This diver-
gence between regional consistency and local inaccuracy 
highlights a fundamental scale-dependence in SDM per-
formance and sets the stage for evaluating model reliabili-
ty beyond purely statistical criteria.

Model performance and the limits of statistical validation

With respect to the second research question, optimized 
MaxEnt models exhibited high statistical performance 
with a strong predictive ability (AUC = 0.854), confirmed 
by null model testing (p < 0.001). These values fall within 
ranges typically interpreted as excellent to good diagnostic 

performance (Swets, 1988), reinforcing the perception of 
model robustness. Nevertheless, our results clearly demon-
strate that the standard validation metric AUC primarily 
assesses discrimination between presence and background 
conditions rather than ecological validity. High AUC val-
ues can arise even when predictions are ecologically mis-
leading, particularly when environmental gradients are 
strong and presence data are spatially structured (Merow 
et al., 2013). In this study, the strong climatic signal asso-
ciated with precipitation likely facilitates high statistical 
performance, but this does not guarantee accurate repre-
sentation of current habitat suitability. The discrepancy 
between statistical and ecological performance is partic-
ularly evident in the low concordance between predicted 
suitability and forest cover (mean overlap = 18.78%), 
indicating that model accuracy in a statistical sense does 
not translate into biologically meaningful predictions. This 
finding reinforces a growing body of literature cautioning 
against overreliance on AUC-based evaluation in SDMs 
(Warren and Seifert, 2011).

Ecological realism and limitations in dynamic landscapes

The third research question concerns the ecological rel-
evance of model predictions. Our results reveal a pro-
nounced decoupling between climatic suitability and ac-
tual habitat conditions, particularly in highly deforested 
landscapes. The failure to predict high suitability in Taï 
Forest—one of the most intact rainforest systems in West 
Africa (Koné et al., 2024; Månefjord et al., 2025) —rep-
resents a critical limitation, as this area is known to har-
bour high biodiversity and function as a major refugium. 
In fact, the climate model, if it works to predict a species’ 
ecological niche, should be able to represent a proxy for 
the type of habitat, especially in a very large and stable 
area like the Taï forest. If this does not happen, it obvi-
ously implies that the climate model alone cannot be con-
sidered a good proxy for the actual ecological distribution 
of the target species. Conversely, the model predicts high 
suitability in regions where forest has been almost entire-
ly removed. This pattern likely reflects the persistence of 
climatic conditions associated with historical forest cov-
er, rather than current ecological viability. Such temporal 
mismatches are inherent to SDMs that rely on occurrence 
data spanning multiple decades and do not incorporate dy-
namic land-use change. 
		  Additional factors further constrain ecological real-
ism. First, sampling bias in occurrence data, particularly 
from GBIF, may inflate suitability in historically surveyed 
but degraded areas (Beck et al., 2014; Qian et al., 2022). 
Second, the ecological specialization of the target spe-
cies—likely dependent on microhabitat features such as 
canopy structure, host plants, and microclimatic buffering 
(Fermon, 2002)—cannot be captured by coarse-resolution 
climatic predictors. Fortunately, the available data quantity 
and quality is increasing and therefore this issue would be 
less relevant in the years to come (Vance et al., 2024). 
This limitation is well documented in tropical systems, 
where microclimatic heterogeneity plays a key role in 
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species persistence (Montejo-Kovacevich et al., 2020). 
Together, these factors indicate that MaxEnt models, when 
based solely on climatic variables, are inherently limited 
in their ability to predict fine-scale distributions of hab-
itat-specialist insects in rapidly changing environments 
(Lissovsky et al., 2021). However, these models can be 
used to assess the causes of extinction although our used 
data do not provide any information from reports of local 
extinctions (Fois et al., 2018).

Spatial bias and the role of habitat availability: insights 
from the HMI framework

The fourth research question directly addresses whether 
the observed overlap between predicted suitability and 
forest cover reflects ecological processes or is simply driv-
en by habitat availability. The probabilistic framework 
developed in this study provides a formal basis for disen-
tangling these effects. Raw overlap values show a strong 
gradient among countries, with Liberia exhibiting substan-
tially higher overlap (45.23%) compared to Côte d’Ivoire 
(4.69%) and Ghana (6.42%). At face value, this could be 
interpreted as evidence of better model performance in Li-
beria. However, Liberia also has a much higher proportion 
of forest cover (32.13%), increasing the baseline probabil-
ity of overlap under random spatial association.
		  The Habitat Matching Index (HMI) corrects for this 
effect by normalizing overlap against habitat availability. 
The resulting values—Côte d’Ivoire (0.319), Ghana (0.570), 
and Liberia (1.407)—fundamentally alter the interpretation. 
While Liberia still shows a positive deviation from random 
expectation (HMI > 1), indicating some degree of ecological 
signal, this effect is moderate rather than overwhelming. In 
contrast, Côte d’Ivoire and Ghana exhibit strong negative 
deviations (HMI < 1), demonstrating that predicted suitabil-
ity is disproportionately located outside forested habitats. 
These results confirm that a substantial component of mod-
el–habitat agreement is driven by habitat availability itself, 
rather than by true ecological accuracy. In other words, the 
higher apparent “fit” in Liberia is partly a probabilistic arti-
fact of greater forest extent. This finding is further supported 
by the conceptual regression model (PO = β0 + β1PF + ϵ), in 
which the positive relationship between overlap and forest 
proportion reflects a structural dependency of SDM outputs 
on habitat distribution.
		  From a theoretical perspective, this represents a crit-
ical insight: SDM validation must account for the spatial 
distribution of habitat to avoid conflating ecological signal 
with geometric probability. The HMI provides a simple yet 
generalizable metric to achieve this, with direct applica-
bility to a wide range of modelling frameworks, including 
MaxEnt and other presence-only approaches.

Conservation implications and applied significance

The fifth research question concerns the implications of 
these findings for conservation. The combination of low 
forest overlap (18.78%) and low HMI values in deforest-
ed countries indicates a severe contraction of ecologically 

functional habitat. For high-value species such as Charax-
es fournierae and Papilio zalmoxis, it is highly unlikely 
to make an assessment of extinction risk based solely on 
climate models. The only estimate that could be highlight-
ed from the current evidence is to see how many suitable 
areas have been deforested and then assess the reduction 
in range for each species – something that climate-based 
models, by failing to capture habitat availability, simply 
cannot do.
		  Moreover, the strong spatial mismatch identified here 
implies that conservation strategies based solely on climatic 
suitability could misdirect resources toward areas that are 
no longer ecologically viable, while partially overlooking 
critical refugia such as Taï Forest. In fact, precipitation vari-
ables, while often predictive at broad scales, may function 
simply as proxies for forest cover when natural vegetation 
persists; this can lead to erroneous predictions in landscapes 
where the original forest–climate equilibrium has been dis-
rupted by anthropogenic land conversion and deforestation. 
This risk is particularly acute for poorly known species (e.g., 
Apallaga ankasa), where limited ecological data further am-
plify uncertainty. For these cases, MaxEnt outputs are inade-
quate without field validation (Fois et al., 2018; Luiselli and 
Pacini, 2025). In such cases, independent field data are essen-
tial to ground-truth model predictions, as they provide direct 
evidence of species presence, habitat use, and local popula-
tion conditions that cannot be inferred from environmental 
variables alone. Systematic surveys and ecological obser-
vations are therefore necessary to reduce uncertainty, refine 
model outputs, and ensure that predictions are biologically 
meaningful and relevant for conservation assessment.
	 On the other hand, these models can support decisions 
on where ecological restoration measures can be planned 
(Sahana et al., 2022). A more robust conservation frame-
work therefore requires integrating multiple layers of infor-
mation: (i) climatic suitability as a measure of macro-scale 
potential, (ii) habitat availability and integrity as meso-scale 
constraints, and (iii) species-specific ecological require-
ments at fine scales. The HMI framework contributes to this 
integration by providing a diagnostic tool to assess whether 
model predictions are ecologically meaningful or driven by 
spatial bias.

General implications for species distribution modelling

Beyond the specific case study, this work has broader 
implications for SDM theory. It demonstrates that model 
outputs are jointly determined by environmental gradients 
and the spatial configuration of habitat, and that failure 
to account for the latter can lead to systematic misinter-
pretation of results. In highly heterogeneous and rapidly 
changing landscapes, such as tropical forest regions, this 
issue becomes particularly acute. Here, the decoupling be-
tween climate and land cover undermines the fundamental 
assumption that current distributions reflect equilibrium 
with environmental conditions. As a result, SDMs may 
accurately reconstruct historical climatic niches while 
failing to predict contemporary ecological distributions. 
The integration of probabilistic null models, such as the
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HMI framework, represents a necessary step toward more 
rigorous model evaluation. By explicitly quantifying the 
expected overlap under random conditions, this approach 
allows researchers to distinguish between genuine ecolog-
ical signal and artifacts of spatial structure.
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Species	 Family	 Price ($)	 Average price ($)
Charaxes fournierae	 Nymphalidae	  450–1,904	 1,177
Charaxes mycerina	 Nymphalidae	    50–150	    100
Charaxes nichetes	 Nymphalidae	    35–155	      95
Charaxes petersi	 Nymphalidae	    50–119	      84.5
Charaxes smaragdalis	 Nymphalidae	    52–102	      77
Charaxes subornatus	 Nymphalidae	    30–60	      45
Graphium latreillianus	 Papilionidae	    76–108	      92
Papilio horribilis	 Papilionidae	    20–250	    135
Papilio zalmoxis	 Papilionidae	  183–2,129	 1,156
Pteroteinon pruna	 Hesperiidae	    15–70	      35

Table S1. Detailed pricing information per specimen for the target butterfly species identified on eBay using the methods de-
scribed in this study

Species	 Records before thinning	 Records after thinning	 % Reduction
Abantis lucretia	   1	   1	   0%
Apallaga ankasa	   2	   2	   0%
Charaxes fournierae	   2	   2	   0%
Charaxes mycerina	   2	   2	   0%
Charaxes nichetes	   8	   6	 25%
Charaxes petersi	   7	   5	 28.6%
Charaxes smaragdalis	   6	   4	 33.3%
Charaxes subornatus	   5	   3	 40%
Graphium latreillianus	 17	 10	 41.2%
Papilio horribilis	 17	 11	 35.3%
Papilio zalmoxis	   3	   3	   0%
Pteroteinon pruna	   2	   2	   0%
Total	 90	 58	 35.6%

Table S2. Number of occurrence records per species beforeand after applying spatial thinning with a minimum distance of 5 
km. The thinning procedure reduced the total number of points by 35.6%, removing spatial clusters to minimize spatial auto-
correlation and sampling bias, while maintaining a representative geographic coverage of the study area.

Table S3. Bioclimatic variables used for the MaxEnt model, after deleting the collinear variables (see Dormann et al., 2013 
for the employed methodology)

Code	 Name	 Unit of measurement
BIO1	 Annual Mean Temperature	 °C × 10 
BIO2	 Mean Diurnal Range	 °C × 10
BIO3	 Isothermality	 %
BIO4	 Temperature Seasonality	 %
BIO5	 Max Temperature of Warmest Month	 °C × 10
BIO6	 Min Temperature of Coldest Month	 °C × 10
BIO7	 Temperature Annual Range	 °C × 10
BIO8	 Mean Temperature of Wettest Quarter	 °C × 10
BIO9	 Mean Temperature of Driest Quarter	 °C × 10
BIO10	 Mean Temperature of Warmest Quarter	 °C × 10
BIO11	 Mean Temperature of Coldest Quarter	 °C × 10
BIO12	 Annual Precipitation	 mm
BIO13	 Precipitation of Wettest Month	 mm
BIO14	 Precipitation of Driest Month	 mm
BIO15	 Precipitation Seasonality	 %
BIO16	 Precipitation of Wettest Quarter	 mm
BIO17	 Precipitation of Driest Quarter	 mm
BIO18	 Precipitation of Warmest Quarter	 mm
BIO19	 Precipitation of Coldest Quarter	 mm
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Fig. S1. Distribution records of the various butterfly species (pooled) in the study area.


