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Abstract

The biogeography research of orchids through species distribution models (SDMs), a vital tool in the biogeography field, is critical

to understanding the fundamental geographic distribution patterns and identifying conservation priorities. The correspondence

between species occurrence and environmental information is crucial to the model’s performance. However, ecological preferences

unique to different orchid species, such as their life forms, are often overlooked during the modeling process. This oversight

can introduce bias and increase model uncertainty. Additionally, human activities, as an important potential predictor, have

not been quantified in any orchid SDMs. Taking the Hengduan Mountains as an example, we preprocessed all orchid species’

occurrences based on physiological characteristics. Choosing five spatial factors related to human activities to quantify the

interference and enter into models as HI factor. Using different modeling methods (GLM, MaxEnt, and RF) and evaluation

indices (AUC, TSS, and Kappa), diverse modeling strategies have been constructed in the study. A double-ranking method

has been adopted to select the critical orchid distribution regions. The results showed that classification models based on

physiological characteristics significantly improved the model’s accuracy while adding the HI factor had the same effect but

the absence of enough significance. Suitability maps indicated that highly heterogeneous mountainous areas were vital for

the distribution of orchids in the Hengduan Mountains. Different distribution patterns and critical regions existed between

various orchid life forms geographically - terrestrial orchids were dominant in the mountain, and mycoherterophical orchids

were primarily located in the north, more influenced by vegetation and temperature. Critical regions of epiphytic orchids were

in the south due to a greater dependence on precipitation and temperature. These studies are informative for understanding

the orchids’ geographic distribution patterns in the Hengduan Mountains, promoting conservation, and providing references for

similar research beyond orchids.
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Abstract: The biogeography research of orchids through species distribution models (SDMs), a vital tool
in the biogeography field, is critical to understanding the fundamental geographic distribution patterns and
identifying conservation priorities. The correspondence between species occurrence and environmental in-
formation is crucial to the model’s performance. However, ecological preferences unique to different orchid
species, such as their life forms, are often overlooked during the modeling process. This oversight can in-
troduce bias and increase model uncertainty. Additionally, human activities, as an important potential
predictor, have not been quantified in any orchid SDMs. Taking the Hengduan Mountains as an example,
we preprocessed all orchid species’ occurrences based on physiological characteristics. Choosing five spatial
factors related to human activities to quantify the interference and enter into models as HI factor. Using
different modeling methods (GLM, MaxEnt, and RF) and evaluation indices (AUC, TSS, and Kappa), di-
verse modeling strategies have been constructed in the study. A double-ranking method has been adopted
to select the critical orchid distribution regions. The results showed that classification models based on
physiological characteristics significantly improved the model’s accuracy while adding the HI factor had the
same effect but the absence of enough significance. Suitability maps indicated that highly heterogeneous
mountainous areas were vital for the distribution of orchids in the Hengduan Mountains. Different distribu-
tion patterns and critical regions existed between various orchid life forms geographically - terrestrial orchids
were dominant in the mountain, and mycoherterophical orchids were primarily located in the north, more
influenced by vegetation and temperature. Critical regions of epiphytic orchids were in the south due to a
greater dependence on precipitation and temperature. These studies are informative for understanding the
orchids’ geographic distribution patterns in the Hengduan Mountains, promoting conservation, and providing
references for similar research beyond orchids.

Keywords: orchids, species distribution models (SDMs), physiological characteristics, human activities,
biogeography, conservation

Introduction

Species distribution models (SDMs), as a capital method in biogeography research, are widely used in
the response of target species under global climate change, the potential predicted distribution of invasive
species, and the identification of conservation priorities (Araújo & Guisan, 2006; Austin & Van Niel, 2011;
Franklin, 2013; Guisan et al., 2013; Guo et al., 2020). Known as ecological niche models, it’s a mathematical
model established by species occurrence data and environmental information, estimating the ecological niche
requirements of species based on statistical information provided by sampling sites and projecting to specific
spatial and temporal regions to reflect the degree of habitat preference of species in a probabilistic form and
the model results reflect the suitable habitats in the geospatial distribution (Franklin, 2013; Guillera-Arroita
et al., 2015; Guisan & Thuiller, 2005; Guo et al., 2020; Naimi et al., 2014; Phillips et al., 2006).

The correspondence of species locality and environmental information is the crucial factor affecting the mo-
del performance (Abrahms et al., 2019; El-Gabbas A et al., 2021; McCune & Baraloto, 2016; Ranc et al.,
2017). Since orchids could be considered flagship taxa for biodiversity conservation due to their advanced
evolution status, their biogeography studies via SDMs are instrumental in identifying conservation priorities
and analyzing biogeographic patterns in biodiversity hotspots (Crain & Fernandez, 2020; Luo et al., 2003).
However, in the orchid SDMs, researchers always use all occurrence data as sample inputs to the model
(Crain & Fernandez, 2020; Djordjevic et al., 2020; Djordjevic et al., 2016; Faruk et al., 2021; Tsiftsis &
Tsiripidis, 2020; Wan et al., 2014). Orchids have broad ecological fitness and are dependent more on the mi-
croenvironment (Kelly et al., 2013; Souza Rocha & Luiz Waechter, 2010). While biogeographic studies based
on SDMs are usually conducted at a large spatial scale, such as a global biodiversity hotspot, signifying the
target space is likely to contain enough heterogeneous environments to provide enormous ecological space
for a variety of orchids. Meanwhile, physiological studies of orchids have shown distinct ecological require-
ments between various orchids (McCormick & Jacquemyn, 2014; Zhang et al., 2018). The most recognized
is that physiological differences exist in different orchids’ lifeforms. Hence, from a statistical point of view,
the rough sample input may blur the mathematical relationships corresponding to the occurrence data and
environmental information established by the model. Causing a bias would increase the model uncertainty
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and then affect the model accuracy and suitability maps.

Human activity is an issue of considerable concern in the biogeographic research of orchids, often regarded
as one of the threats limiting their geographic distribution (Anibaba et al., 2022; Crain & Fernandez, 2020;
Djordjevic et al., 2020; Guisan & Thuiller, 2005; McCune & Baraloto, 2016; Pilar A. Hernandez, 2006). Ho-
wever, there is no exact method to quantify or assess the impact of human activities on orchid distribution in
current research. This shortcoming may result in biases between the predicted potential habitat generated by
the lack of anthropogenic dispersal constraints in predicting species distributions and the potential geogra-
phic distributions (Franklin, 2023). In orchid distribution pattern studies in Central America, model results
show that most orchid hotspots occur in the most densely populated provinces (Crain & Fernandez, 2020).
Although they can indicate the threat level to orchids outside protected areas, the absence of verification of
ground truthing still does not rule out the possibility of prediction uncertainty in models only under natural
predictors (Eyre et al., 2022).

To further validate and confirm these issues, we used the case of the Hengduan Mountains. This region is one
of the global biodiversity hotspots with a prominent representation of orchids amongst its flora. Different
modeling approaches and validation methods were employed to explore the role of physiological characteristics
and human activities in orchid species distribution models (SDMs). The following questions were addressed:
1. How to physiological characteristics and human activities impact orchid SDMs? 2. How do these factors
affect orchid suitability prediction maps? 3. What are the orchid geographic distribution patterns and critical
locations in the Hengduan Mountains based on different modeling strategies? These studies provide valuable
insight into the geographic distribution patterns of orchids in the Hengduan Mountains and aid in assessing
protected areas. Furthermore, the results can inform the modeling process for other species or regions.

Materials and Methods

Data collection and preprocessing

The occurrence data of targeted species is related to the performance of SDMs. The public databases (such
as GBIF, always obtain species occurrence from it) have proven to researchers that their data are not enough
and existing sampling deviation (Beck et al., 2014; de Araujo M. L et al., 2022; Garcia-Rosello et al., 2023).
Improving the accuracy of distributions cannot be ignored issue (Tulloch et al., 2016), as overlooking it
could lead to significant conservation challenges or shortcomings. Thus, the quality of species occurrence
data plays a more vital role than their quantity as long as meeting statistical requirements.

In this study, most orchid occurrence data were obtained from our field surveys in recent years (n=10470), and
another small portion was obtained from the National Specimen Information Infrastructure (n=963). All of
them had been rigorously screened to ensure accuracy. Referring to Zhou et al.’s (Zhou et al., 2016) research
on orchid lifeforms classification, we divided all orchid data into terrestrial (n=10794), epiphytic (n=193),
and mycoheterotrophic (n=446). The spatial autocorrelation was limited to 1km to avoid overfitting. At
last, we prepared four data sets (all-data, t-data, e-data, and m-data) to model for comparing physiology
characteristics effects in models.

We considered all possible biological and abiotic factors in our models. The latest 19 bioclimatic variables
(30-second resolution) were downloaded from the Worldclim database (Fick & Hijmans, 2017), reduced
variable collinearity with the Pearson correlation analysis, and remained five bioclimatic factors finally
(|r|¡0.7, see detail in Appendix S1.1). Local vegetation (Hou, 2019), terrain features (e. g. elevation, slope,
and aspect)(Crain & Fernandez, 2020), and four major soil natures (e. g. gravel, sand, silt, and clay)
(Wieder et al., 2014) were included in our models due to their potential ecological effects.

Quantification of human activities

The human footprint could reflect human pressure comprehensively and objectively by selecting the spatial
factors directly related to human activities (Venter et al., 2016; Woolmer et al., 2008). Based on this, we put
forward the HI factor, containing five indexes (population density, grazing density, human access, electrical
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power infrastructure, and land use/cover), regarded as a vital input variable in our models. The specific
calculation and standardized method are as follows.

Population density

Ecological demand is always associated with population density (Liu et al., 2013). The Worldpop program
(https://www.worldpop.org/) produces data on population distributions and characteristics at high spatial
resolution. We downloaded the population density database and classified greater than 1000 people /km2 as
ten scores. For the rest, the score 0-10 were calculated and assigned according to the logarithmic equation
(Venter et al., 2016).

Grazing density

We collected the number of cattle and sheep (from the statistical yearbook: https://data.cnki.net/yearbook)
and the areas in each county. We transformed (assuming one cattle’s ecological consumption equals five
sheep), referring to the literature (Yin et al., 2020), and concluded the grazing density based on the following
formula:

Grazingden =
log xi

log xmax
× 10

where Grazingden means the grazing density of each grid,xi represents the ratio of sheep number to the area
in the county where the pixel is located, and xmax is the largest value inxi.

Human access

Human access means that human activities could enter natural habitats through roads, which may reduce
the environmental quality and the number of habitats (Geneletti, 2003). The distance from the road network
(obtained from the National Catalogue Service for Geographic Information: www.webmap.cn) was a scoring
criterion in our study (see Tab.1).

Electrical power infrastructure

Night light data represents the level of regional socio-economic development and power infrastructure con-
struction (Nordhaus & Chen, 2015), reflecting the ability and intensity of harness nature to some extent.
A higher value means more frequent human activities. We scored the processed raster 1-10 by the quan-
tile grading method after the preprocessing of the VIIRS Stray Light Corrected Nighttime Day dataset via
Google Earth Engine (GEE).

Land use/cover

Dissimilar land use has diverse effects on ecosystem change processes and the natural environment (Foley et
al., 2005). According to the land use classification standards, we downloaded the database of the Globeland30
from the National Catalogue Service for Geographic Information (https://www.webmap.cn/), assigning 10
points to construction land, followed by 7 points to arable land, 3 points to forests and irrigation, 1 point
to grassland (taking into account the impact of grazing in mountainous areas), and 0 points to other land
attributes (i. e. permanent snow and ice surface).

Finally, we summed all normalized layers with equal weights using the GIS raster calculator to obtain the HI
layer. Combined with the above environmental variables, there were a total of 14 variables involved in our
models (see detail in Appendix S1.2). All layers were resampled to 1 km and unified the same coordinate
system.

Construction and evaluation of orchid SDMs

For comparison, we chose three build model strategies, contained based on the regression algorithm (Gen-
eralized Linear Model, GLM), the classification algorithm (Random Forest model, RF), and the machine
learning (MaxEnt models). Avoiding the uncertainty of our models caused by sampling deviation possibly,
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we randomly generated 2000 pseudo absence occurrences for every dataset (all-data, t-data, e-data, and
m-data) and repeated them three times. Before running the models, we adjusted their parameters: the tree
of RF set 1000, the type of GLM set as quadratic, and its interaction level set as 1, and chose the MAXENT.
Phillips. 2 default. Whole datasets divided their 70% into training data, the rest as testing data, and run
five times respectively. All of the above operations were realized by the biomod2 package in R (4.2.1). To
distinguish clearly, we used the strategies combined with data sets to name each model. For example, G-all
represented an orchid distribution model built using GLM for all-data.

We employed three indicators to evaluate the performance of our models: the area under the receiver
operating character curve (AUC), the Kappa value, and the truth technique statistics (TSS). The AUC
represents the probability, for a randomly selected observation, that the correct classification of the model
is higher than the incorrect. Its value range is [0, 1], and the closer the value is to 1, the better the model
will be. The Kappa coefficient means a ratio of the number of observation points correctly predicted to the
incorrectly predicted. The TSS is an improved test index based on the Kappa coefficient. Both range from
-1 to 1. When the value exceeds 0.4, the model has a bright prediction. Additionally, for exploring the HI
factor effect in models, we rerun all options under the condition without it.

The critical regions of orchids’ geographical distribution

The SDMs results of the species prediction are usually a continuous value of 0-1 to represent the probability
of target species distribution. We set the threshold value as 0.5, thus more than it regarded as suitable
for survival, otherwise as not having the conditions for orchids existence. All results were converted into
binary data (1 represents existence; 0 represents nonexistence) and projected to the environmental layers via
Arcmap GIS. For exploring the orchid lifeforms effect in models, we used spatial overlay technology, fused
the suitability map generated based on t-data, e-data, and m-data into a total layer, and compared it with
the suitability map of all-data.

Biodiversity conservation of target species chiefly commands the protection of their potentially suitable
habitats. Hence the amount of the suitability area within the specific geopolitically unit will become an
essential consideration for conservation management to formulate policies and plans. To find out the critical
regions of orchids distribution in the Hengduan Mountains, we separately counted their suitability habitat
based on the county level. Instead of using a single area ranking to screen, which would confuse the various
modeling strategies, we adopted a double-ranking approach to compare the prediction suitability results
between models. For each model, one of the screens was based on sequential weights, extracting the counties
ranked in the top 30% according to the amount of area. Considering the existence of an enormous difference
in the suitable area between counties, another was based on the area weights, we chose some counties at the
top of the area sequence, and the sum of them was required to reach 50% of the total suitable habitat area
in that column. The double-ranking processing could exclude bias due to modeling differences that made it
possible to compare the predicted results under arbitrarily modeled strategies.

Results

Effects on the accuracy of orchid SDMs

The AUC values under all modeling strategies exceeded 0.8, with both Kappa and TSS values exceeding 0.4,
indicating that our constructed models outperformed the random model and performed well in the prediction
orchids habitat (see Appendix S2.1 for details of the model accuracy results).

We compared the accuracy of the orchid lifeforms classification models constructed based on physiologi-
cal traits with the models generated by all-data, obtaining 27 groups of comparative data under different
approaches for modeling and verifying, of which 15 groups (55.6%) showed that the accuracy of the classi-
fication modeling was higher than that of the all-data models. However, we also observed that in the RF
models, only the R-t model had higher Kappa values than the all-data model, while in the other comparison
groups, the accuracy showed equal or slightly lower values (ranging from 0.001-0.09). When we temporarily
discounted the kind of models, the proportional improvement of model accuracy by orchids lifeforms clas-
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sification was able to reach more than 70%. We performed a T-test on these differences and found general
significant differences between classification modeling and all-data modeling (see Fig. 1). The situation was
quite distinct when we examined the effect of human influences on the accuracy of the models. Based on
the constructed models, we created 32 groups of comparative data, 23 of which showed (71.9%) that the
accuracy of the orchid model with the inclusion of the HI factor was higher than that of the model without
this variable, and in those contrasts groups, the maximum difference did not exceed 0.04. However, we
performed T-test in these comparisons, and significance was present in only two groups (M- t and G-all),
which did not appear to be a generalization seemingly (see Fig. 2).

Effects on the suitability maps of orchid SDMs

Ecological suitability maps of target species generated by SDMs are commonly an invaluable reference for
biodiversity conservation planning. The effects of human influences and physiological differences on the
accuracy of orchid SDMs are one of the objects of our exploration. However, more vital we wonder about
their effects on orchid suitability maps. In our study, this variation was evident (see Appendix S2.2 for the
detailed predicted suitability area by different modeling strategies).

At first, considering the orchids lifeforms classification, we established the spatial comparison between the
overall layer (modeled by all-data) and the total layer (generated by superposition of the epiphytic, myco-
heterotrophic, and terrestrial orchids suitability map), which showed that there was an enormous variance
between them. In the GLM models, the changed area was 39499 km2 (6.59% of the total study area). In
the MaxEnt models, the changed area was 28018 km2 (4.68%). In the RF models, the changed area was
19974 km2 (3.33%). Moreover, it was usually shown that the overall modeling predicted suitability area
was more than the total classification modeling results. To explore these discrepancy areas, we plotted the
changed area map. Geopolitically, we counted the changed area for all counties separately in our study area.
On this basis, we did the double-ranking to find the critical regions in the change. The results showed that
the eastern, western, and southeastern regions of the study area were the vital changed regions, especially
Zayü County, Longyang District, and Tengchong City, which always was at the forefront of considering the
sequential and area weights no matter the modeling strategies (see Fig. 3).

Secondly, in exploring the effect of human interference on suitability maps, we obtained 12 groups of compa-
rison variables based on different models with varying data sets (see Appendix S2.2). The results showed that
models containing the HI factor predicted fewer suitability areas than without this factor (more than 66%),
with only four groups showing the opposite, namely, G-m, M-e, R-e, and R-m. To further explore the effect
of the HI factor on different lifeforms orchids, we calculated the changed area in each county for all models
separately and did the same double-ranking exercise (see Appendix S3.2 for details) and plotted Fig. 4. This
figure indicated that when the HI factor was included in the model variables, the change in the predicted
area caused by it had the greatest impact on terrestrial orchids, followed by mycoheterotrophic orchids and
epiphytic orchids. Region analysis displayed that Zayü, Tengchong, and Yangyuan counties were the most
changed in all comparisons (see Appendix S2.3, we have mapped the differences of all model strategies).

The orchid’s geographical distribution pattern in the Hengduan Mountains

Mapping the suitability of orchids with all conditions (see Appendix S2.4), we intend to provide a reference
for the conservation of orchids in the Hengduan Mountains.

A wide range of suitable habitats for orchids existed in the Hengduan Mountains, both in the all-layer and
in the total layer, with the area of suitable habitats ranging from 58510 km2 to 187226 km2 (the differences
caused by different models), with the lowest suitable area accounting for 9.77% (R-total) and the highest
reaching 31.25% (G-all) of the total area of the study area. Suitability maps displayed noticeable geographic
distribution centers. The primary distribution center was located in the northeastern part of the study area
in the mountainous region with a north-south vertical distribution, while another center was located in
the eastern part of the study area which was a mountainous region. Such a distribution pattern likewise
coincided with terrestrial orchids, which were widely distributed in the study area, varying in area from
55808 km2 (R-t) to 160956 km2 (G-t), accounting for 9.31% and 26.86% of the total area, respectively, with
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the presence of two geographic centers. The situation was completely changed for mycoheterotrophic and
epiphytic orchids, firstly, they were less widely spread than terrestrial orchids. The suitable area range of
mycoheterotrophic orchids was 2742 km2 (R-m) to 77071 km2 (G-m), accounting for 0.46% and 12.86% of
the study area, respectively. The suitable area interval for epiphytic orchids was 3468 km2 (R-e) to 30637 km2

(G-e), which accounted for 0.58% and 5.11% of the study area, respectively. Although the distribution pattern
of mycoheterotrophic to that of terrestrial orchids, they tended to be found in the northeastern mountains
of the study area (especially in M-m and R-m), while the distribution pattern of epiphytic orchids was more
prominent, with the southern to the southwestern part of the study area being the preferred region.

Using spatial analysis, we counted the suitable area of counties for all suitability maps and performed the
same double-ranking (see Appendix S3.3), this enables us to avoid the bias of prediction results caused by
the different modeling approaches used. The results indicated equally that the terrestrial orchids were almost
consistent with the whole orchid ranking priority counties and area weighting counties, and the crucial areas
were located in Muli, Yangyuan, Wenchuan, Jiuzhaigou, and Pingwu counties, and the sorting priority county
for mycoheterotrophic orchids was the same as the first two, but the area weighting county was Jiuzhaigou
County as far as the integrated model results were concerned. Epiphytic orchids also showed different results,
and the suitable area ranking priority counties were located in the south to the southwest part of the study
area, and the area weighting analysis result was Tengchong County (see Fig. 5).

Discussion

The importance of classification modeling based on physiological characteristics

Most orchids are in an actively evolving and specializing process from the biologically evolutionary aspect
and are generally regarded as the flag group for biodiversity conservation (Luo et al., 2003). Their diversity
hotspot was proven to correspond to other taxon distribution centers (Anderson et al., 2008; Gaskett &
Gallagher, 2018; Seaton et al., 2010). Consequently, analysis of orchids’ geographical distribution via SDMs
makes it possible to understand regional fundamental geographical distribution patterns and identify priority
conservation in a biodiversity hotspot (Crain & Fernandez, 2020; Souza Rocha & Luiz Waechter, 2010; Xing
& Ree, 2017). SDMs are mathematical models established by the targeted species occurrences as well as
environmental data that estimate the ecological niche requirements of species based on statistical information
provided by sampling sites and mapped to specific spatial and temporal regions to reflect the degree of habitat
preference of species in a probabilistic form (Araújo & Guisan, 2006; Dyderski et al., 2018; Elith & Leathwick,
2009; Guillera-Arroita et al., 2015; Guisan & Thuiller, 2005; Guo et al., 2020; Ranc et al., 2017). The model
results are the response to their suitable habitat distributions. However, the orchid family has shown their
wide ecological suitability (Souza Rocha & Luiz Waechter, 2010) and significant physiological characteristics
among different lifeforms (McCormick & Jacquemyn, 2014; Zhang et al., 2018). From the statistical point
of view of SDMs, when we do not take measures to pretreatment the orchid occurrences and directly input
models, this would expand the environmental information provided by the sampling sites and may obtain an
inaccurate and rough ecological requirement for orchids, thus affecting the model accuracy and suitability
maps.

This has been confirmed in this study. Different modeling strategies and verification methods were adopted to
test the physiological characteristic’s effect on orchid SDMs. The result indicates that the models’ accuracy
would improve significantly when we confront and manage the physiological features, especially in epiphytic
and mycoheterotrophic orchids. It is possible that the environmental relationship and dependence of these two
types can be better represented by modeling separately. Another situation also proves the above conjecture
that, without pretreatment for orchids, it may erroneously expand ecological niche requirements. In most of
our model experiments, the predicted suitability area of unclassified tended to be higher than that results
by the classification models.

Uncertainty in species distribution data is a factor that affects SDMs, which commonly includes uncertainty
in the location of species occurrence, incomplete sampling, and selective bias (Guo et al., 2020). In this study,
we put forward another situation that will cause the increase in model uncertainty: ignoring the pretreatment
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of targeted species occurrences data with inherent physiological differences. Not only limited to orchids, but
the more precise matching of species occurrence with environmental information is also essential for species
with distinct ecological preferences, which is more common in dynamic SDMs studies of migratory animals in
the ocean (El-Gabbas A et al., 2021). We emphasize that when serving the prediction of suitable habitats for
target species using SDMs, in addition to optimizing the model structure, adjusting the model parameters,
and improving the spatial resolution of the environment to improve the performance of models, it is necessary
and efficient to pre-process the data with the physiological differences embedded in the occurrence.

Impact of human activities on the geographical distribution pattern of Orchids

Human actions are causing a biodiversity crisis (Brooks et al., 2006), which is a vital threat factor empha-
sized in most orchid conservation research (Acharya et al., 2011; McCormick & Jacquemyn, 2014; Zhang et
al., 2015). Nevertheless, there are no exact approaches to evaluate the impact of human activities on the
geographical distribution of orchids. In our study, we quantified human activities using spatially explicit
factors such as grazing, roads, and land use, which proved effective in improving the accuracy of the orchid
SDMs. Meaning that human activity can be used as a predictor of limiting species dispersal and will reflect
a more realistic potential geographic distribution of orchids, which was also demonstrated in our suitability
maps: the suitable area without the hi factor tended to be higher than the predicted area with the factor
included. Of course, we also note the lack of enough significance in this to suggest that human activities
are not the primary environmental variable driving the geographic distribution of orchids in the Hengduan
Mountains. Our investigated phenomenon precisely coincided with this view: a part of the orchid populations
was found in fragmented forest patches close to towns.

What causes this phenomenon? Orchids generally occupy a relatively small ecological space and require
more microenvironment (Djordjevic et al., 2020). As a result, they can survive on a small habitat patch,
even if hardly. Such situations are not uncommon. In Costa Rica, several orchid hotspots still include some
less primitive artificial environments, such as coffee plantations (Crain & Fernandez, 2020). Additionally,
the orchids distribution pattern cannot be separated from the mycorrhizal environment dependent on the
vegetation type (Selosse et al., 2004). Fortunately, with the improvement of people’s awareness of ecological
and biodiversity protection, the possibility of a specific habitat or vegetation completely disappearing due
to human activities is reduced extremely. Physiologically, tiny, numerous, and long-distance transmission
capability seeds make orchids overcome some geographical obstacles, as we observed that most orchid popu-
lations show a highly dispersed spatial distribution pattern, which could resist disturbance caused by sudden
environmental changes from human activities and affect little the geographical distribution pattern and the
regional species pool. However, for some specific groups, the impact of human activities is crucial. Due to
long-term illegal collection, the wild individuality of Gastrodia R. Br., Dendrobium Sw., Cymbidium Sw., etc.
has experienced drastically reduced. Some endangered orchids with high environmental specificity, distribute
narrowly, and their endangerment mechanism is unclear. If the only habitat is inadvertently destroyed by
human activities, which will lead to species extinction and loss of biodiversity.

However, the impact of interference is not all adverse. Djordjevic et al. suggests that some degree of distur-
bance has a positive effect on orchid performances by creating a space with favorable lighting conditions
(Djordjevic et al., 2020). The study by Jacquemyn et al. illustrates forest coppicing maintains viable popu-
lations of Orchis mascula in the long term (Jacquemyn et al., 2008). Considering pollinator diversity and
reproductive success, Rewicz et al. proved roadside verges and edges of forests are better than those farther
from the edges and roads exampling Epipactis helleborine (Rewicz et al., 2017). It is still worth noting that
the distribution and germination of orchids are usually limited by the fungal distribution, at the same time,
most orchids flowers belong to deceptive pollination, and their pollination system is fixed and single (Givnish
et al., 2015; Kelly et al., 2013; McCormick & Jacquemyn, 2014; Tremblay et al., 2005). Accordingly in the
ecology niche, it’s not easy to see orchids predominate in a certain habitat due to their competitiveness may
be weaker than other species (Fekete et al., 2019). There is reason to believe that opportune interference
may provide an ecological opportunity for orchids sometimes, which explains why most of the orchids are
distributed in forest windows or beside the trails. From the perspective of the ecological landscape, environ-
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mental heterogeneity plays an important role in the diversity, differentiation, and rapid formation of orchid
species (Perez-Escobar et al., 2017), but does the landscape heterogeneity created unintentionally by human
beings have the same effect? This needs further study.

Although human activities do not seem to produce much of a role in our model, we provide an available
method for conservation managers in SDMs when they need to quantify human interference, with interchan-
geable choices of indicators for different purposes. For some specific regions or species, we cannot deny that
human activities are probably the primary causes affecting their geographic distribution pattern.

Geographical distribution patterns of orchids in the Hengduan Mountains

Within global biodiversity hotspots, diversity and threats distribute unevenly (Cañadas et al., 2014; Harris
et al., 2005; Murray-Smith et al., 2009), and the harsh reality is that although funding for biodiversity is
increasing, there is still a large gap between it and the actual resource needs (Waldron et al., 2013). Hence,
understanding the geographic distribution patterns of species and identifying regional conservation priorities,
are more conducive to the use of special funding, optimizing the structure of funding, and improving the
efficiency of conservation.

The Hengduan Mountains are one of the global biodiversity hotspots within which the orchid family is
represented brilliantly (David, 2014; Marchese, 2015; Yu et al., 2020). Like other hotspots, the Hengduan
Mountains have geographically diverse and highly heterogeneous environments to create favorable conditions
for plant diversity, species formation, and dispersal (Wang et al., 2012). They are commonly considered
important drivers of diversity (Crain & White, 2013; Perez-Escobar et al., 2017). This may explain the
breadth of orchid distribution in the Hengduan Mountains under either modeling strategy. According to
the suitability maps, the terrestrial and overall orchids have a similar spatial distribution pattern. It is
consistent with the research about the local orchid flora that the temperate terrestrial orchids occupy a
critical component in the Hengduan Mountains (Lang, 1990). The results of the double ranking allow us to
obtain some critical geographical regions of orchids, mainly concentrated in the Minshan Mountain System
in the northeastern part of the study area, gradually extending southwestward to the Shaluri Mountain
System (the widest range of the Hengduan Mountains) in the central part of the study area. These diverse
mountainous areas could be consistent with the assertion of the peak level of diversity in the mountains
(Acharya et al., 2011; Zizka & Antonelli, 2018). Other regional orchids’ geographic research has demonstrated
the rapid growth of mountain ranges and geological activities as the main drivers of orchid evolution and
species formation (Crain & Fernandez, 2020; Dodson, 2003; Kirby, 2011).

The geographic distribution pattern of the mycoheterotrophic orchids largely coincided with the spatial
patterns of the two above, but the double-ranking results showed inconsistent critical regions. For mycohe-
terotrophic orchids, the middle and south ends of the Minshan Mountain Range (the easternmost mountain
range of the Hengduan Mountains) in the northeastern part of the study area are the critical regions for
their geographic distribution (Jiuzhaigou and Pingwu counties). This region belongs to a typical subtro-
pical mountain climate with cold winters and cool summers, abundant rainfall but insufficient heat, and
coniferous forests developed in high mountain valleys. Combined with the model variable importance re-
sults (see Appendix S3.4 for details), vegetation and bio10 (the hottest quarterly mean temperature) play
a more significant role in the distribution model of mycoheterotrophic orchids. From this, we infer that the
environmental preference of mycoheterotrophic orchids is for colder and wetter environments compared to
terrestrial orchids in terms of temperature and precipitation. And may be more specialized to mycorrhizal
environments generated by specific vegetation (Djordjevic et al., 2020; Kelly et al., 2013; Selosse et al.,
2004). The geographic distribution pattern of epiphytic orchids is dissimilar. The southwestern mountains
of the study area are the critical region for their distribution, which belongs to the Nujiang River valley
and the Gaoligong Mountain system. The north-south longitudinal valley provides favorable conditions for
the penetration of warm and humid airflow brought by the southwestern monsoon. The high temperature
and abundant precipitation provide sufficient survival opportunities for epiphytic orchids. The analysis of
environmental variables also showed that bioclimatic variables representing precipitation (bio13 and bio15)
play a more significant role in the model of epiphytic orchids. This also coincides with the physiological cha-
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racteristics of epiphytic orchids, where high temperatures and sufficient precipitation are the main ecological
requirements (Zhang et al., 2018; Zotz & Hietz, 2001).

The environmental preferences of different life forms of orchids lead to geographically distinct spatial distribu-
tion patterns, suggesting that various geographic attributes could support separate centers of orchid diversity
(Crain & Fernandez, 2020). It further illustrates that pre-classification of orchid occurrences to achieve a
more accurate match with environmental information enables distinction of these centers of diversity and
better identification of conservation priorities.

Caveats and considerations for future research

In this study, we propose that the lack of preprocessing in orchid occurrences data brings uncertainty to
the models. Classification by lifeforms increases accuracy in orchid SDMs. Although this is only a rough
classification method based on physiological differences in orchids, we encourage researchers to attempt a
further decomposition of it. It has been shown that distinct environmental preferences exist for different
rooting systems of orchids (Stipkova et al., 2021). It would be a meaningful extension of this study to
consider the physiological intervals of species as limiting thresholds to regulate environmental variables.
For some endangered species, it is more significant for orchid biodiversity conservation to strengthen the
correlation analysis with the environment, improve the resolution of environmental variables, and establish
more accurate mathematical models. Another contribution of this study is to propose a method to quantify
human activities in SDMs, which, although not shown to be important in our models, will be a reference for
species conservation studies in other regions because the indicator we provide is replaceable. The final issue we
would like to raise is the scale of applicability of the orchid SDMs. Research has shown that different spatial
scales have a significant impact on the models’ accuracy and suitability maps (Chen, 2023). What spatial
scale for orchids could best optimize the performance is a worthy concern for future orchid conservation
efforts. In addition, some results with different appearances in our model strategies may be influenced by
the statistical algorithm or the sample size, which will be worthy of verification in a subsequent study. It
could be seen that there are distinct differences between different model strategies in predicting suitability
maps even with the same species occurrence dataset, environmental information, and resolution. Therefore
ground-truthing validation of orchid SDMs would be a meaningful research direction.

Conclusion

Reducing the uncertainty of SDMs and improving the accuracy of model precision and predicted suitability
map is among the unavoidable issues of SDMs applied to biogeography research. The extensive ecological
adaptability of orchids may lead to more uncertainty in the correspondence between orchids’ locality and
environmental information when the absence of preprocessing occurrence data in orchid SDMs. This has been
confirmed in our study. Multiple modeling approaches and validation demonstrate that classification modeling
based on physiological characteristics enhances the accuracy of orchid SDMs. Such a feature is also reflected
in the suitability maps of the model predictions. Mountainous areas with heterogeneous environments in
the Hengduan Mountains hold the hotspots of orchids. But different living forms of orchids are influenced
by distinct environmental variables, thus presenting diverse critical regions geographically. In addition, we
propose a method to quantify human activity that allows it could be a significant non-natural predictor
of input models. It does improve model accuracy in our study, but not a critical variable affecting the
geographic distribution pattern of orchids. Importantly we provide a method that can be borrowed and
referenced by biogeographic studies of other regions or species, which is flexible and replacement. Our research
underscores that, in addition to conventional model optimization methods, classification modeling based on
physiological characteristics and incorporation of human activity also make valuable contributions to orchid
SDMs. Ultimately, we expect that our study will inspire the thinking of related researchers in modeling
SDMs to promote further biogeographic and conservation studies of orchids or other species.
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Tab. 1 Human access scores criteria. Also quantified to between 0-10. As our region have no water
transportation conditions, it was not considered

Type 0-90 m 90-500 m 500-1000 m 1000-3000 m

Railway 8 6 4 2
National-level highway 10 8 6 4
Provincial-level highway 8 6 4 2
County-level highway 6 4 2 0
village-level highway 4 2 1 0

Figures
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physiological-characteristics-and-human-activities-on-the-species-distribution-models-

of-orchids-taking-the-hengduan-mountains-as-a-case

Fig. 1 Accuracy of classification models versus all-data models. The ALL represents modeling using overall
orchids data. The e, m, and t represent the epiphytic, mycoheterotrophic, and terrestrial orchid models
based on life-type classification. The * represents the significance level of p<0.05.
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of-orchids-taking-the-hengduan-mountains-as-a-case

Fig. 2 Comparison of model accuracy with and without HI factor. The G, M, and R represent the three
modeling approaches of GLM, MaxEnt, and Random Forest. The a, t, m, and e represent the orchid data
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set. Such as G-a, meaning the species distribution modeled with all orchid data using GLM. The * represents
the significance level of p<0.05.
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physiological-characteristics-and-human-activities-on-the-species-distribution-models-

of-orchids-taking-the-hengduan-mountains-as-a-case

Fig. 3 the changed area between the overall layer and the total layer, the red lines represent the results of
the double-ranking (see detailed in Appendix S3.1)
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Fig. 4 The D-value in the predicted suitability area change with and without HI factors for all counties in
the study area under different model strategies.
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Fig.5 The suitability maps after double sorting of different data sets. the detailed process can be found in
Appendix S3.3.
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