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Abstract
Background  Rhizoma Paridis, a medicinal plant material with significant economic value, is derived from 
two species: Paris polyphylla var. chinensis (Pc) and var. yunnanensis (Py). However, the challenge in accurately 
distinguishing these two morphologically similar taxa, combined with uncertainty regarding their optimal cultivation 
zones under changing environmental conditions, creates significant obstacles for sustainable cultivation and quality 
control of this valuable medicinal resource. Climate change and human activities are major factors influencing 
suitable habitats for these species. Under different greenhouse gas emission scenarios (SSP1-2.6 and SSP5-8.5 
representing low and high emissions respectively), climate impacts on species distributions will vary significantly. To 
address these challenges and support evidence-based conservation and cultivation strategies, this study utilized an 
ensemble forecasting machine learning approach to model current and future distribution scenarios under varying 
levels of greenhouse gas emissions. Comparative genomic techniques for species-specific barcoding were employed 
to analyze the impacts of anthropogenic activity and climatic changes on the distributions of the plants and species 
identification.

Results  Our findings indicated that the ecological niches of Pc and Py varied significantly: Pc is predominantly suited 
to southern China, while Py would thrive in Yunnan Province. Annual precipitation was the principal determinant 
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Introduction
The distributions of plants are primarily determined 
by climate. Over the past century, global temperatures 
have risen by nearly 1 °C, with the most rapid increases 
occurring in the last 30 years [1]. This temperature rise 
is a clear manifestation of the impact of human activities 
such as carbon emissions on the climate. Some regions 
have experienced more severe warming, with a tempera-
ture increase of 0.2 °C per decade [2]. Anthropogenic 
activities such as extensive land use causing habitat loss 
have also had direct effects on large-scale range con-
traction and/or expansion of many species [3]. Shifts 
in distributions have profound effects on the types and 
quantities of plant secondary metabolites that are the 
chemical foundation of herbal medicines [4, 5].

According to the Chinese Pharmacopoeia, Paridis 
refers to the dried rhizome of the perennial herbs Paris 
polyphylla var. yunnanensis (Py), restricted to Yunnan, 
and P. polyphylla var. chinensis (Pc). This herbal rem-
edy is a well-known traditional medicinal material with 
a long history of use in China. The material from Py is 
considered better than that from Pc [6]. The current 
market prices are ¥200/Kg for Py and ¥160/Kg for Pc 
(https://www.zyctd.com/). However, the sustainability 
of this valuable resource faces critical challenges. As an 
important understory species in forest ecosystems, it also 
plays a crucial ecological role in maintaining biodiver-
sity and ecosystem stability [7, 8]. Despite its ecological 
importance, wild populations are under severe pressure 
from anthropogenic disturbances including deforesta-
tion, agricultural expansion, and particularly unsustain-
able wild collection driven by high commercial demand 
[9]. As an important understory species in forest ecosys-
tems, it also plays a crucial ecological role in maintaining 
biodiversity and ecosystem stability [7, 8]. These mount-
ing pressures have resulted in these species being listed 
as “Vulnerable” on the IUCN Red List, with populations 
experiencing continuous decline due to overexploitation, 
habitat degradation, and illegal collection for medicinal 
trade [10, 11]. Consequently, sustainable cultivation has 

become essential to meet medicinal demands while pro-
tecting wild populations, making the prediction of opti-
mal cultivation zones a research priority.

For good medicinal efficacy, the plants must be grown 
for six to seven years, a situation that entails a high 
investment risk when selecting Py or Pc and the location 
of plantations. The extended cultivation period ampli-
fies the consequences of incorrect germplasm selection 
or unsuitable site placement, making accurate species 
identification and precise habitat prediction crucial for 
sustainable cultivation success. Py and Pc can only be dis-
criminated morphologically by their inner tepals, as their 
seeds, seedlings, and rhizomes are indistinguishable (Fig. 
S1A). This morphological similarity creates significant 
challenges for cultivators, as misidentification during the 
seedling stage can result in years of inappropriate cultiva-
tion practices, ultimately leading to substandard medici-
nal quality and economic losses [6].

To address these identification challenges, DNA bar-
coding has emerged as the most reliable solution for 
accurate germplasm identification [12]. Universal DNA 
barcodes such as matK, rbcL, trnH-psbA, and ycf1 (from 
plastid genomes) and ITS (from nuclear genomes) have 
been widely employed in the species identification of 
plant materials [13–16]. Due to the limited lengths 
and medium to low polymorphism of the plastid frag-
ments, the identification sometimes fails to discrimi-
nate between closely related species; in such cases, DNA 
superbarcodes, i.e., whole sequences of plastid genomes, 
can be employed [17–19]. Although conventional DNA 
barcodes are fragments 400 ~ 600 bp in length, PCR 
amplification of these DNA fragments from processed 
medicinal materials remains challenging [20, 21]. There-
fore, DNA mini-barcodes, i.e., shorter segments ranging 
from 100 to 250 bp, are sometimes used [22]. DNA mini-
barcodes are generally developed by comparing whole 
plastomes and selecting regions of high polymorphism. 
The plastid DNA mini-barcodes can be concatenated, 
and they often demonstrate excellent powers of discrimi-
nation. This strategy has been successfully applied to the 

of the distribution of Pc, whereas the annual temperature range held greater significance for Py. Human activity 
exerts a more substantial impact on the distribution of Pc than on Py. Under low-emission scenarios, Pc is projected 
to significantly expand its ultrahigh-suitability range by the end of the century, whereas the range of Py will remain 
relatively stable. Conversely, under high emissions, the distribution of Pc would initially expand before contracting, 
and that of Py would significantly decline. These shifts highlight the critical importance of maintaining low emissions 
for species conservation and sustainable use and help us delineate long-term cultivation areas. Our newly developed 
mini-barcodes were effective in distinguishing between Pc and Py.

Conclusions  This comprehensive analysis provides essential insights for the sustainable cultivation and optimized 
yield of the two plant species, thereby providing a foundation for enhanced economic returns.

Keywords  Suitable distribution, Paris chinensis, Paris yunnanensis, Anthropogenic impacts, Ensemble modeling, Mini-
barcodes
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development of DNA mini-barcodes for many medicinal 
plants, including Panax, Coptis, and Ziziphus [21, 23, 24].

Equally critical to cultivation success is the accurate 
prediction of suitable growing environments, particu-
larly under changing climatic conditions and human 
influence. Species distribution models (SDMs) provide 
the necessary framework for linking species distribu-
tions with environmental/human factors and predicting 
optimal cultivation zones [25–27]. In previous studies, 
single models were applied to predict species distribu-
tions; these included the maximum entropy model (Max-
ent) [28], generalized linear models (GLM) [29], multiple 
adaptive regression splines (MARS) [30], surface distance 
envelope (SRE) [31], artificial neural networks (ANN) 
[32], and random forest (RF) [33]. However, individual 
SDMs exhibit substantial variation in prediction results 
and performance, with no single model consistently 
outperforming others across different species and envi-
ronmental factors [34]. To address these limitations, 
ensemble modeling has emerged as a superior approach 
that combines predictions from multiple algorithms, 
thereby significantly improving prediction robustness 
and reducing model uncertainty while enhancing over-
all accuracy [25, 35]. The ensemble approach is particu-
larly justified for long-term cultivation planning, as it 
provides confidence intervals and uncertainty estimates 
essential for risk assessment in agricultural investment 
decisions. Currently, the ensemble modeling (EM) R 
package “biomod2” is used to construct an EM for dis-
tribution prediction [36–38]. The R package “ecospat” 
further complements this by visualizing ecological niche 
dynamics under varying scenarios such as the influence 
of human activity [39]. This EM technique offers a com-
prehensive framework for more accurate and robust eco-
logical analyses.

Climatic change, germplasm (variety) differences, and 
human activities profoundly influence every aspect of 
herbal medicine cultivation, from growing and harvest-
ing to processing, ultimately shaping the quality of the 
herbs. Selecting appropriate cultivation sites for given 
germplasms is especially critical for species with long 
cultivation periods. This study focuses on the taxonomic 
status of Pc and Py based on plastid genomics, and we 
use EM to estimate their potential distributions. The 
objectives of the study are (1) to determine whether Pc 
and Py are two species or two varieties of a single species 
and develop mini-barcodes for their discrimination; (2) 
to quantify the effects of human activity on the ecological 
niches of Pc and Py, and (3) to infer these plants’ future 
distributions and dynamics under different shared socio-
economic pathways (SSPs). The results will be helpful for 
the establishment of long-term cultivation sites that will 
be able to withstand future climate change and ensure 
the quality of Rhizoma Paridis derived from Pc and Py.

Materials and methods
Plant material and DNA extraction
Three Pc accessions were collected in China dur-
ing the Fourth National Survey of Chinese Materia 
Medica Resources for novel plastome sequencing. The 
voucher specimens were identified by Prof. Jiahui Sun 
and deposited at the herbarium of the National Sur-
vey of Chinese Materia Medica Resources (Daxing 
District, Beijing, China) with the voucher specimens 
numbers 520325140529165LY, 520325160427568LY and 
422802120614011LY. These newly sequenced plastomes 
were combined with other five Pc and twelve Py acces-
sions downloaded from GenBank formed dataset I for 
barcodes development. Dataset II comprised 61 plastome 
sequences, including 41 sequences of other Paris species 
and Trillium species (used as outgroups) obtained from 
GenBank, together with the 20 sequences from dataset 
(I) This combined dataset was used for phylogenomic 
analysis. To further clarify the divergence time between 
Pc and Py, we constructed dataset III for molecular dat-
ing by selecting one representative sequence from each 
species in dataset (II) All samples mentioned above, 
including samples downloaded from GenBank, and self-
collected in this study, were listed in Table S1 with their 
corresponding dataset information. DNA mini-barcodes 
were developed based on the plastid genome sequences 
of Pc and Py. A collection of 42 seedling samples, com-
prising 18 for Pc and 24 for Py (Table S2), was sourced 
from vendors to test the discriminatory power of the 
newly developed DNA mini-barcodes. Total DNA was 
extracted using a modified cetyltrimethylammonium 
bromide (mCTAB) method [40].

Plastome sequencing, assembly, and annotation
The purified DNA was sonicated into 300–350 bp frag-
ments, and paired-end sequencing libraries were con-
structed using a NEBNext UltraTM DNA library prep 
kit (New England Biolabs, Ipswich, MA, USA). PE150 
sequencing was performed on the Illumina HiSeq XTen 
platform at Novogene Co., Ltd (Beijing, China). Fastp 
0.23.2 software was used to filter the raw data, generat-
ing high-quality clean data for plastid genome assembly 
under the default settings [41]. GetOrganelle v1.7.7 soft-
ware was employed for de novo plastome assembly with 
the following settings: -F embplant_pt, -R 15, and -k 
85,105 [42]. Plastome annotation was carried out using 
the tool CPGAVAS2, with “2544 plastomes” as a refer-
ence dataset, and manually checked for missing or incor-
rectly annotated genes in Sequin [43]. The annotation 
results were further checked using Geneious v8.1.

Plastid phylogenomics and estimation of divergence time
Plastome sequences of dataset I were aligned using 
MAFFT online and manually verified with MEGA v7 
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[44]. The number of indels and parsimony-informative 
sites (Pi) was calculated in each 500-bp sliding window 
using DnaSP v5.10. To illustrate the plastome hotspot 
locations, a circos plot was created using the “OmicStu-
dio” online platform (​h​t​t​p​​s​:​/​​/​w​w​w​​.​o​​m​i​c​​s​t​u​​d​i​o​.​​c​n​​/​t​o​o​
l​/) using the Pi data [45]. Variety-specific variants were 
manually enumerated with MEGA v7 for mini-barcode 
development based on SNPs and indels. Primers for 
amplifying DNA mini-barcodes were designed and syn-
thesized at Sangon Biotech (Shanghai, China). The qual-
ity and size of the PCR products were assessed using 2% 
(w/v) agarose gels. The fragments of DNA mini-barcodes 
were sequenced at Sangon Biotech, and the R package 
“ggmsa” was used to visualize the Sanger sequencing 
results of variety-specific mini-barcodes [46].

Sequences of dataset II for phylogenomics were aligned 
using the MAFFT and ambiguous regions were trimmed 
by the Gblocks 0.91b program [47]. The maximum likeli-
hood tree was inferred using IQ-TREE with the TVM + 
F + I + R4 model and 5,000 ultrafast bootstraps in Phylo-
Suite [48, 49]. The dataset III was used for dating analysis. 
BEAST v2.6.6 was employed with the following param-
eter settings: a Relaxed Log Normal clock model, a Yule 
speciation model, and a GTR substitution model [50]. 
Given the absence of a reliable calibration fossil for the 
genus Paris, the divergence times of the genus Trillium 
(32.11 Mya [51]) and the clade comprising P. tetraphylla, 
P. verticillata, and P. incompleta (10.93 Mya [52]) were 
used as secondary calibration points. The Markov chain 
Monte Carlo (MCMC) chains were run for 400 million 
generations, with samples taken every 10,000 genera-
tions. Effective sample sizes (ESSs) were verified using 
Tracer v1.6 to ensure all parameters were above 200. The 
first 25% of runs were discarded as a burn-in, and Tree-
Annotator v2.6.6 (BEAST package) was used to produce 
a maximum clade credibility (MCC) tree. Divergence 
times and 95% highest posterior density (HPD) intervals 
were visualized with FigTree v1.3.1 and refined using 
Adobe Illustrator CS6.

Occurrence records and preprocessing of variables
To analyze the distributions of Pc and Py in China, occur-
rence records were obtained from the Global Biodiver-
sity Information Facility (GBIF; https://www.gbif.org/) 
and the National Plant Specimen Resource Center (NSII; 
http://www.nsii.org.cn/). For occurrence record ​q​u​a​l​i​
t​y assurance, the authors set the distribution maps for 
each species in ArcGIS 10.8, checked them manually, and 
eliminated any uncertain spots. To reduce sampling bias, 
spatial rarefaction was implemented at a 10-km resolu-
tion using SDMtoolbox v2.5, resulting in 199 records for 
Pc and 109 records for Py [53].

We extracted current climatic variables from the 
WorldClim 2.1 database (https://www.worldclim.org/) at 

a 2.5′ resolution, including 19 bioclimatic variables (bio1 
to bio19) and two future periods (2050s: 2041–2060, 
2090s: 2081–2100) based on the BCC-CSM2-MR model. 
SSP126, representing strict greenhouse gas controls with 
a 2.6 W/m² forcing by 2100, and SSP585, indicating high 
greenhouse gas concentrations under an absence of cli-
mate change mitigation policies, leading to an 8.5 W/m² 
forcing by 2100. Elevation data were downloaded from 
the EarthEnv database (https://www.earthenv.org/) [54]. 
There are three closely related factors that can be used 
to quantify human activity: the Human Footprint Index 
(HFI), the Human Population Density (HPD), and the 
proportion of cropland [3]. To quantify the influence of 
human activity on the distributions of Pc and Py, the HFI 
map (the 2009 Human Footprint, Last of the Wild Proj-
ect, Version 3, 2018 Release [55]) was chosen as a vari-
able to model the plants’ distributions with and without 
human influence under the current climate situation. The 
HFI map measures cumulative human pressure on a scale 
from 0 to 50 using eight variables representing human 
settlement (population density, built-up environments, 
electric power infrastructure), access (roads, railways, 
navigable waterways), and landscape transformation 
(croplands, pasture lands) [56]. To ensure accuracy and 
reduce overfitting, a Pearson correlation analysis of the 
data for 19 climatic variables extracted based on rarefied 
records was performed using the R package “ggpairs.” 
After deleting correlation pairs with |r| > 0.7, six climatic 
variables remained (Table S3). These, along with eleva-
tion and HFI, were used for the simulations of suitable 
habitat. The OmicStudio platform was employed for a 
comparative analysis of these environmental factors [45]. 
Furthermore, using mean annual precipitation and mean 
annual temperature data from 1970 to 2000, the Whit-
taker biome classification for Pc and Py was computed 
with the R package “plotbiomes” to enhance our under-
standing of their ecological niches [57].

Construction of SDM and evaluation of model accuracy
Our modeling approach assumed that: (1) climate change 
and human activities are the primary drivers of species 
distribution changes [58, 59]; (2) species respond to cli-
mate change primarily through range shifts rather than 
rapid evolutionary adaptation within the several-decade 
timeframe [60, 61]. Based on these assumptions, the 
modeling of suitable distributions for Pc and Py with/
without human influence and of the potential future 
distributional dynamics was performed using the R 
package “biomod2” [62]. We used twelve different algo-
rithms implemented in “biomod2”: GLM, GBM, GAM, 
CTA, ANN, SRE, FDA, MARS, RF, Maxent, Maxnet, 
and XGBoost. Model calibration and validation followed 
a robust framework: For each modeling approach, 75% 
of the distribution records were randomly selected for 

https://www.omicstudio.cn/tool/
https://www.omicstudio.cn/tool/
https://www.gbif.org/
http://www.nsii.org.cn/
https://www.worldclim.org/
https://www.earthenv.org/
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model calibration (training), and the remaining 25% were 
reserved for independent validation (testing). To ensure 
robust performance assessment and reduce potential bias 
from single data splits, each model was run with 5 rep-
lications. To better simulate the actual distributions and 
reduce spatial deviation, 1,000 pseudo-absence points 
were randomly generated using a random sampling strat-
egy, and this process was repeated five times to provide 
comprehensive background data for model calibration. 
This approach ensures unbiased model evaluation by 
testing performance on independent validation data that 
remained separate from the calibration process.

ROC and TSS were selected to evaluate the single 
model performance. ROC values range from 0 to 1, 
where values above 0.9 indicate excellent performance, 
and TSS value ranges from − 1 to 1, where values above 
0.75 indicate excellent model performance [63–65]. 
Models that met the criteria of a TSS exceeding 0.8 and 
a ROC value exceeding 0.9 were selected for further 
EM prediction. Detailed single model information for 
ensemble prediction used were listed in Table S4. The 
EM results provided the probability of presence val-
ues from 0 to 1 that were classified into five suitability 
grades using an equal interval approach in ArcGIS 10.8: 
no suitability (0-0.2), low suitability (0.2–0.4), medium 
suitability (0.4–0.6), high suitability (0.6–0.8), and ultra-
high suitability (0.8-1). The key environmental variables 
were identified using the code snippet “get_variables_
importance(myBiomodModelOut)” in the biomod2 R 
package. Additionally, all future habitat projections were 
based on current results under the influence of human 
activity.

Migration of potential geographical distribution centers 
and measurement of ecological niche overlap
The potential geographical distribution centers of Pc and 
Py, considering both anthropogenic influence and natural 
conditions across various time periods and climate sce-
narios, were calculated using SDMtoolbox v2.5 integrated 
with ArcGIS 10.8. Migration tracks were visualized by 
comparing distribution centers across these scenarios. 
To assess the changes in distribution areas, the “Distribu-
tion changes between binary SDMs” tool in SDMtoolbox 
v2.5 was employed using a suitability threshold of > 0.6. 
The overlapping geographical distribution analysis per-
formed in ArcGIS 10.8 was used to locate long-term suit-
able planting regions for Pc and Py, both individually and 
together, under different climate scenarios. First, we clas-
sified potential areas of suitability equal to or higher than 
0.6 as “suitable” and those lower than 0.6 as “unsuitable.” 
Then, we superimposed the layers from different peri-
ods of Pc and Py and ultimately retained the areas that 
showed suitability in all periods as the long-term suitable 
planting regions.

In this study, we used the changes in ecological niches 
to quantify the extent of anthropogenic impact on spe-
cies. Ecological niche dynamics based on occurrence 
and bioclimatic data were compared between areas with 
and without anthropogenic influence (whether or not 
to add an HFI layer) using the R package “ecospat”. Eco-
logical niche differentiation was analyzed using PCA-env 
approach in ENMTools [66]. Niche overlap was quanti-
fied using Schoener’s D with statistical significance tested 
through niche equivalency tests (n = 1000 iterations) 
[67]. D ranges from 0 to 1, indicating no overlap to the 
total overlap of ecological niches. A value of D > 0.6 indi-
cates significant overlap, and the deviation from 1 can be 
used to infer the impact of human activity on species dis-
tributions [26].

Results
The relationship between Pc and Py
The phylogeny based on complete plastid genomes nei-
ther indicated that Pc and Py were conspecifics nor sug-
gested a close relationship between Pc and Py (Fig.  1 
and Fig. S2). Instead, the results indicated their belong-
ing to different lineages, and that they should be con-
sidered as distinct species, i.e., as P. chinensis (Pc) and 
P. yunnanensis (Py). The divergence time between Pc 
and Py was estimated to be approximately 3.28  million 
years ago (Ma) in the late Pliocene (Fig. 1A), much lon-
ger than some of their congeners. Genetic variants were 
predominantly located in the large single-copy (LSC) 
region, small single-copy (SSC) region, and the inverted 
repeat (IR) boundary areas. Given such pronounced 
species divergence, we scanned and compared dataset I 
of the plastome data comprising eight Pc and twelve Py 
accessions and obtained 202 species-specific loci includ-
ing SNP and Indels for the development of mini-barcodes 
(Table S5). To demonstrate the feasibility of barcode 
development method and enhance the germplasm iden-
tification of Pc and Py, we randomly chose two SNP site 
to develop mini-barcodes with target fragment lengths of 
200 bp. These two species-specific barcodes were verified 
using a set of 42 seedling samples (eighteen Pc and 24 Py) 
obtained from vendors with guaranteed seedlings. Our 
newly developed markers had excellent amplification and 
identification success rates, and their primer sequences 
are currently under patent application. For convenience, 
we have shown only five accessions of each species with 
sequence data and specific sites in Fig. S1B. These genetic 
findings and molecular tools offer a robust framework for 
the accurate identification of Pc and Py, supporting con-
servation efforts and authentication of herbal products.

Model evaluation and key climatic variables
Under stringent model performance criteria (TSS > 0.8 
and ROC > 0.9), six algorithms—CTA, GAM, GBM, 
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MARS, RF, and XGBoost—were identified as effective for 
modeling the distribution of Pc with and without human 
influence. These were further utilized for EM predic-
tions. For Py, all algorithms except SRE met the criteria 
and were incorporated into the EM process (Fig. S3). The 
integration of these robust algorithms ensured the high 
reliability of the simulation outcomes.

We plotted the rarefied occurrence of Pc and Py on a 
map of China, with Pc spread across the Yangtze River 
basin and southern China, and Py more concentrated 
in southwest China (Fig.  2A). According to the Whit-
taker biome classification, Pc and Py occurred in distinct 
biomes, with Pc being more widespread, predominantly 
in temperate seasonal forests and secondarily in tropi-
cal seasonal forests and woodlands/shrublands. In con-
trast, Py had a more centralized distribution, primarily 
in temperate seasonal forests and woodlands/shrublands 
(Fig. 2B). Meanwhile, between-species differences in the 
six climatic variables screened by the correlation analysis 
and the elevation and human activity factors were com-
pared. The two species differed significantly in Bio 2, Bio 
5, Bio 7, Bio 12, Bio 15, and elevation (Fig. 2C), indicat-
ing that they occupy distinct ecological niches. Despite 
these differences, there was no significant difference in 

exposure to anthropogenic impacts between the species. 
Bio 12 (annual precipitation) was the dominant factor 
influencing Pc distribution, contributing 70.30% with and 
60.26% without human impact. In contrast, Bio 7 (tem-
perature annual range) was the most important factor for 
Py, with a contribution rate of 64.52% with and 70.88% 
without human influence (Figs. 2D & E, Table 1).

Current potential distribution and changes caused by 
human activity
Based on the EM projections, the current potential dis-
tribution (suitability rate > 0.2) of Pc covers an area of 
2.20 × 106 km2 (46.47 × 104, 30.10 × 104, 80.59 × 104, and 
61.97 × 104 km2, respectively, for suitability of 0.2–0.4, 
0.4–0.6, 0.6–0.8, and 0.8-1, Fig. 3, Table S6). The current 
potential distribution area is more restricted for Py, with 
a coverage of 113.79 × 104 km2 (31.78 × 104, 15.05 × 104, 
20.38 × 104, and 46.58 × 104 km2, respectively, for suit-
ability of 0.2–0.4, 0.4–0.6, 0.6–0.8, and 0.8-1, Fig.  3). 
The ultrahigh-suitability regions for Pc were primar-
ily located in Guangxi, Guangdong, Fujian, Jiangxi, and 
Zhejiang provinces. In contrast, those of Py were con-
centrated in Yunnan Province, with minor occurrences 
in Sichuan and Guizhou provinces. When superimposed 

Fig. 1  Estimation of divergence time for Pc and Py (A, generated using dataset III) and their genetic variation (B, generated using dataset I)
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Fig. 2 (See legend on next page.)
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on anthropogenic impacts, the potential distributions 
of the two species were slightly reduced, at 214.74 × 104 
km2 for Pc and 110.47 × 104 km2 for Py. For Pc, the ultra-
high-suitability area declined significantly to 23.94 × 10⁴ 
km², while that of Py experienced a moderate reduction 
to 32.68 × 10⁴ km², highlighting the pronounced effect 
of human activity on Pc. The impact of human activ-
ity on the distribution of Pc was more substantial, with 
the contribution rate of human activity accounting for 
7.5%, much higher than the 1.8% observed for Py (Fig. 2E; 
Table  1). A similar phenomenon was indicated by the 
ecological niche-overlap analysis. Pc deviated from D = 1 
to a greater extent than Py, with the obtained D values 
of 0.834 for Pc and 0.938 for Py indicating that human 
impact was much higher for Pc than for Py (Figs.  3E & 
F). The expansion and contraction analysis in high- and 
ultrahigh-suitability areas (suitability rate > 0.6) showed 
that Pc had a retention rate of 69% under the influence 
of human activity. More severe contraction was revealed 
in the Yangtze River basin for Pc, probably due to the 
urbanization in this region, while slight expansion was 
indicated in the region of the Nushan Mountain Range in 
western Yunnan. In contrast, Py retained over 90% of its 
highly suitable area, indicating relatively minor anthro-
pogenic impacts. There was a substantial ecological niche 
difference between Pc and Py, with a small estimated 
niche overlap of D = 0.285. Principal component analysis 
captured 81.93% of environmental variance (PC1: 55.96%, 
PC2: 25.97%, Fig S4B), with Bio5, Bio7 and elevation 
identified as the primary drivers of niche differentiation. 
The equivalency test strongly rejected niche equivalency 
(p value = 1, Fig S4C) underscoring the species’ distinct 
environmental preferences (Fig. S4).

Dynamic changes in suitable habitat under different 
climate scenarios
Two climate-change scenarios, SSP126 (low greenhouse 
gas emissions) and SSP585 (high greenhouse gas emis-
sions) were analyzed to predict the suitable habitats of 
Pc and Py in the 2050s and 2090s (Fig.  4, Table S6). Pc 
showed an upward tendency followed by a downward 
trend under both climate scenarios, with the peak occur-
ring at 94.65 × 104 km2 in the 2050s under SSP126 and 
97.32 × 104 km2 under SSP585. For Py, there was a down-
ward trend followed by an upward trend, with the small-
est distribution occurring at 23.23 × 104 km2 in the 2050s 
under SSP126, and then a slow decline, dropping to 
28.70 × 104 km2 in the 2090s under SSP585. More drastic 

changes were estimated for both varieties in the ultra-
high-suitability category. The ultrahigh-suitability area 
for Pc sharply increased to reach 58.10 × 104 km2 in the 
2090s under the SSP126 scenario, while that of Py fell to 
17.10 × 104 km2 in the 2090s under the SSP585 scenario.

Potential geographical distribution center shift and long-
term suitable areas
Under the combined influence of human activity and 
future greenhouse gas emissions, the distribution cen-
ters of Pc and Py are projected to shift differently across 
scenarios (Fig. S5). For Pc, the center of potential geo-
graphical distribution is expected to migrate northeast 
by the 2050s, then shift northwest by the 2090s. Under 
low (SSP126) and high-emission (SSP585) scenarios, 
its center will move from the current Xinning County 
(Hunan-Guangxi border) to Dongkou County (Hunan 
Province) and Hongjiang City (Hunan-Guizhou border) 
by the 2090s, respectively. For Py, the distribution center 
is projected to remain primarily on the Yunnan-Sichuan 
border, and to migrate from Wuding County (Yunnan) to 
Huili City (Sichuan) and to Yongren County (Yunnan) by 
the 2090s under SSP126 and SSP585, respectively.

We intersected areas with current and future suitabil-
ity rates greater than 0.6 in different time periods and 
emission conditions as the long-term suitable sites for 
cultivation or germplasm nursery establishment. Such 
regions were assumed to be suitable for cultivation of 
the corresponding species for a hundred years into the 
future, regardless of greenhouse gas emission scenarios. 
The long-term suitable area of Pc was calculated to be 
about 7.64 × 104 km2, dispersed across South China, with 
a higher concentration in northern Fujian Province. The 
long-term suitable area of Py was larger, about 12.27 × 104 
km2, and concentrated in Yunnan and southern Sichuan. 
Meanwhile, two regions in Yunnan, with a total area of 
about 0.55 × 104 km2, were found to be suitable for long-
term cultivation of both species (Fig. 5).

Discussion
Pc and Py are distinct species
Pc and Py are treated as two varieties of P. polyphylla, 
together with another six P. polyphylla varieties, in the 
Flora Reipublicae Popularis Sinicae (FRPS), a convention 
that was followed by the Chinese Pharmacopoeia; this 
may have been due to Paris having been insufficiently 
studied at the time of publication. Recent publications 
have overturned the previous taxonomy of the genus, 

(See figure on previous page.)
Fig. 2  Distributional features of Pc and Py and dominant climatic factors affecting the distributions. Pc is shown in green, and Py is shown in purple. A 
Rarefied occurrence record distribution. B Whittaker biome plot of occurrence records showing the mean annual temperature (°C) and mean annual 
precipitations (cm) for each species. C Violin plots for environmental factor comparisons, * indicates P < 0.05; **** indicates P < 0.001; ns indicates not sig-
nificant. Additionally, the contribution rates of environmental factors influencing suitable distributions of Py and Pc without (D) or with (E) anthropogenic 
impacts are shown. The dominant variable factor has been marked for emphasis
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finding that Pc and Py are not closely related phylogeneti-
cally [18, 52, 68]. The taxa deserve distinct species status 
as P. chinensis (Pc) and P. yunnanensis (Py) despite their 
very similar morphology. Our findings support these 
previous phylogenetic studies and further demonstrate 
significant ecological niche differentiation between the 
two species (Schoener’s D = 0.285, p-value = 1), provid-
ing additional evidence for their taxonomic separation. 
Although upgrading the taxonomic rank of Pc and Py to 
species level does not affect the data extracted based on 
varietal rank, it more accurately reflects their degree of 
relatedness.

Although Pc and Py can be discriminated by stubby 
(Pc) versus slender (Py) peduncles, inner tepal character-
istics and length and other traits, the seeds and seedlings 
of Pc and Py are indistinguishable in the market. Medici-
nal plants with long circulation cycles must be grown in 
the proper environment to develop their highly active 
medicinal components [69]. There is an urgent need for 
efficient and reliable methods by which to identify seeds, 
seedlings, and even processed medicines. High-perfor-
mance liquid chromatography (HPLC), near-infrared 
spectroscopy (NIR), and DNA barcoding with ITS2 have 
been employed to differentiate species of Paris [18, 70–
72]. However, these methods are not sufficiently accurate 
or convenient, especially for processed medicines. The 
plastid mini-barcodes developed in this study provide a 
promising solution by avoiding the risk of microbial DNA 
fragments being amplified by PCR and are suitable for 
identifying highly degraded materials due to their 200-
bp target fragment length. The mini-barcodes are espe-
cially suitable for massively parallel sequencing platforms 
for large-scale identification and monitoring of seedlings 
[23], thereby enabling the relocation of Pc and Py to their 
appropriate habitats, enhancing herb quality, and ulti-
mately boosting farmer income.

The potential for hybridization between Pc and Py, as 
well as with other closely related Paris species, remains 
largely unexplored and warrants future investigation. 
Given the complex phylogenetic relationships within the 

Paris genus and their significant ecological niche differ-
entiation, natural hybridization events could significantly 
impact individual environmental adaptability and subse-
quently influence cultivation practices. Understanding 
the reproductive compatibility and potential gene flow 
between species would be crucial for developing appro-
priate cultivation strategies and maintaining genetic 
integrity in both wild and cultivated populations [73, 74].

Feasibility of EM predictions
SDMs are powerful tools essential for studying how envi-
ronmental changes impact species distributions. Over 
the past several decades, SDMs have become increasingly 
important in fields such as biogeography, conservation 
biology, ecology, and wildlife management. Araújo and 
colleagues identified five critical challenges for SDMs, 
including model selection and evaluation [75], highlight-
ing the crucial role models play in predictive outcomes. 
Traditionally, single models have been used for distribu-
tion simulations, with Maxent being the most popular 
choice; indeed, searching for “maxent” in Google Scholar 
returns approximately 81,000 results. Using single mod-
els is more user-friendly and less resource-intensive than 
using multiple models, making them attractive options 
for researchers. However, they often result in predictions 
that are either under or over-fitted. EMs, despite requir-
ing more sophisticated software and higher learning 
effort, can avoid or reduce these issues [36]. For example, 
in this study, the species Pc was evaluated using Maxent, 
which failed to achieve a True Skill Statistic (TSS) greater 
than 0.8, indicating that it was not superior to other 
models. Relying solely on Maxent could thus have com-
promised the predictive reliability of the present work. 
Consequently, current research trends favor the develop-
ment of EMs to more accurately predict suitable habitats 
for species [37, 65, 76]. Meanwhile, even with EM predic-
tion, SDMs still have some limitations. As mentioned in 
Araújo et al.’s five challenges, building models with unbi-
ased sampling data remains difficult [59]. Occurrence 
data are typically sourced from public databases such 

Table 1  Importance contribution rate of each environmental variable for P. c and P. y based on EM
Pc Pc with human influence Py Py with human influence
Environmental 
variables

Contribution 
(%)

Environmental 
variables

Contribution 
(%)

Environmental 
variables

Contribution 
(%)

Environmental 
variables

Con-
tribu-
tion 
(%)

Bio 2 0.366 Bio 2 0.91 Bio 2 2.15 Bio 2 1.96

Bio 5 5.22 Bio 5 0.799 Bio 5 6.22 Bio 5 5.06

Bio 7 14.2 Bio 7 5.28 Bio 7 70.9 Bio 7 64.5

Bio 9 13.6 Bio 9 3.42 Bio 9 2.65 Bio 9 3.41

Bio 12 60.3 Bio 12 70.3 Bio 12 1.13 Bio 12 0.858

Bio 15 0.345 Bio 15 6.4 Bio 15 0.778 Bio 15 0.378

Elev 6.03 Elev 5.36 Elev 16.2 Elev 22

Human Footprint 7.53 Human Footprint 1.8
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Fig. 3 (See legend on next page.)
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as CVH and GBIF, which predominantly cover acces-
sible areas like roadsides and forest edges. Consequently, 
data from remote distribution points are lacking, lead-
ing to discrepancies between current data and actual 
species distributions, and thereby affecting the accu-
racy of predictions [77]. Furthermore, the phylogenetic 
analysis based on germplasm genetic data may introduce 
potential biases in species delimitation. Limited sam-
pling of genetic material, particularly from geographi-
cally restricted populations, could result in incomplete 
representation of intraspecific genetic diversity. The 
choice of molecular markers and sequencing depth may 
also influence phylogenetic reconstructions and subse-
quent taxonomic interpretations, which could affect how 
occurrence data are assigned to species in SDM analyses.

Additionally, SDMs assume species are in equilibrium 
with their environment and that current climate-species 
relationships will remain stable under future condi-
tions—assumptions that may not hold true for all species 
or scenarios. Climate change may alter species’ physi-
ological tolerances or ecological interactions in ways not 
captured by correlative models, potentially affecting the 
reliability of long-term projections [78]. However, these 
limitations are increasingly being addressed through 
advances in both modeling approaches and data collec-
tion technologies. The integration of mechanistic models 
that incorporate physiological processes can help over-
come equilibrium assumptions, while improved remote 
sensing and drone technologies facilitate more com-
prehensive occurrence data collection [79, 80]. These 
methodological and technological advances collectively 
promise to enhance the accuracy and reliability of SDM 
predictions under changing climatic conditions.

Dominant environmental factors
Temperature and precipitation are regarded as two of 
the main variables restricting terrestrial plant distribu-
tions [81]. In addition, human activity and topography 
independently affect these distributions [82]. We there-
fore predicted the potential geographic distributions 
of Pc and Py by EM using the variables of temperature, 
precipitation, elevation, and HFI to ensure accuracy and 
robustness. Different species exhibit varied responses to 
climate change. The results derived from our biomod2 
analysis indicate that climatic factors, specifically tem-
perature and precipitation, significantly influence the 
habitat ranges of both species compared to topographic 

and anthropogenic factors. Annual precipitation (Bio 
12) was the primary environmental factor affecting Pc, 
while the temperature annual range (Bio 7) was domi-
nant for Py. This suggests that Py is more sensitive to 
temperature changes, whereas Pc is more responsive to 
precipitation. Generally, Pc thrives in environments with 
lower mean diurnal temperature ranges and altitudes 
and demonstrates higher resistance to heat and mois-
ture. In contrast, Py is better adapted to withstand cold 
and drought and prospers in conditions with significant 
diurnal temperature and precipitation changes (Fig. 2C). 
These differences likely stem from their early evolution-
ary divergence (Fig. 1) and subsequent independent evo-
lutionary processes, which led to distinct environmental 
adaptations and different climatic requirements. Favor-
able conditions yield quantity, while adversity produces 
medicinal quality; the harsher growing conditions for Py 
may explain why its herbal quality is traditionally con-
sidered superior to that of Pc [6]. Harsh conditions can 
increase the accumulation of secondary metabolites, 
thereby improving herbal quality [83]. For example, low 
temperature promotes the accumulation of polysaccha-
rides, total alkaloids, and total flavonoids in Dendrobium 
officinale [84], while drought promotes the synthesis of 
glycyrrhizin by upregulating the glycyrrhizin biosynthe-
sis pathway of Glycyrrhiza glabra [85]. These insights can 
guide the development of efficient cultivation strategies 
and site selection for these species.

Impacts of human activity and conservation
Anthropogenic drivers of global change, such as rising 
greenhouse gas emissions, climate change, biotic inva-
sions, and land-use changes, profoundly affect species 
distributions [86]. In terms of variable contribution, 
human activity was the second most important variable 
shaping the suitable distribution area of Pc, but exhibited 
a much lower effect on Py. Anthropogenic-induced shifts 
in ecological niches were also greater in Pc than in Py. 
Therefore, analyzing ecological niche overlap can effec-
tively quantify these impacts. Overall, human activity had 
a varied influence on the distribution of these species, 
with a more substantial impact on Pc. Although there 
was no significant difference between the impacts of 
human activity on the two species (Fig. 2C), in terms of 
extent, human activity was slightly higher in the distribu-
tion range of Pc compared to that of Py. The intensity of 
urbanization and land use in the Yangtze River basin and 

(See figure on previous page.)
Fig. 3  Shifts in suitable cultivation areas and differences in niche overlap between Pc and Py under anthropogenic impacts. The suitable cultivation areas 
of Pc without (A) or with (C) anthropogenic impacts and Py without (B) or with (D) anthropogenic impacts are shown. Five levels of suitability are shown 
in different colors as follows: no suitability (0-0.2, white or flesh color); low suitability (0.2–0.4, blue); medium suitability (0.4–0.6, green); high suitability 
(0.6–0.8, yellow); ultrahigh suitability (0.8-1.0, red). The histograms represent the area corresponding to each suitability level, and the vertical coordinate 
units are ×104 km2. Changes in ecological niches pre- and post-anthropogenic impact for Pc (E) and Py (F) are shown. The green and pink shadings repre-
sent densities of species occurrences in the presence or absence of anthropogenic impact; blue represents overlap. The shifts of suitable cultivation areas 
between the presence or absence of anthropogenic impact scenarios under suitability conditions > 0.6 are shown for Pc (G) and Py (H)
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southern China could partly explain the increased effect 
on Pc habitats, making human activity the second most 
important factor influencing its distribution. Human 
activity is reshaping biological communities and affecting 
ecosystems [87]. Many studies have highlighted the nega-
tive impacts of human activity on biodiversity [87–89]. 
Balancing the requirements for conserving and sustain-
ably utilizing Traditional Chinese Medicine resources 
necessitates mitigating anthropogenic impacts and redis-
covering a harmonious coexistence between human 
activity and the sustainable use of other species [90].

Given the endangered status of Pc and Py and their 
critical importance in Traditional Chinese Medicine, our 
findings have significant conservation and management 
implications. First, priority conservation areas should be 
established in regions with high habitat suitability and 
low human disturbance, with particular emphasis on 
areas around Honghe Hani and Yi Autonomous Prefec-
ture and Kunming city for potential germplasm conser-
vation gardens, where long-term suitable habitats overlap 
for both species. Second, habitat restoration programs 
should prioritize areas where suitable climate conditions 
persist but human activities have degraded the habitat 
quality. Third, guided by the identified suitable cultiva-
tion areas and efficient species identification methods, 
scientifically planned expansion of cultivation zones 
for both species should be implemented to guarantee 

high-quality sustainable harvesting while serving as an 
alternative conservation strategy for wild populations.

Suitable distribution dynamics and long-term suitable 
areas
Utilizing projections from global climate models to pre-
dict changes in climatically suitable habitats for plant 
species under various climate-change scenarios effec-
tively illustrates plants’ responses to today’s rapid global 
changes [86]. Tracking these dynamics helps identify 
long-term suitable areas, guiding scientific cultivation in 
the future. In our study, we visualized human impacts on 
the suitable ranges of the two species. Among areas with 
a suitability greater than 0.6, Pc’s range contracted by 
30%, whereas Py’s range decreased by only 7.5% (Fig. 3). 
Notably, the Yangtze River basin experienced significant 
shrinkage for Pc, likely due to increased land use, coin-
ciding with substantial farmland expansion over the past 
two decades [91]. This farmland expansion is driven by 
the need to support urban food demands.

Defining long-term suitable planting areas, and thus 
guiding the selection of future planting sites, was an 
important objective of this study. However, global warm-
ing has dramatically influenced species’ distributions. 
Our study projected future potential habitats for the two 
study species under two emission scenarios for the 2050s 
and 2090s. The future distribution dynamics, particularly 

Fig. 4  The dynamic changes in the suitable cultivation areas of Pc (A) and Py (B) in the future under two greenhouse gas emission scenarios (SSP126 and 
SSP585). The histograms indicate the change in area for high suitability and ultrahigh suitability under different emission models, respectively
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under greenhouse gas emissions, are substantial. By the 
century’s end, Pc’s distribution center is predicted to shift 
northwestward, while Py’s should remain relatively stable, 
with minimal geographic migration. In the low-emission 
scenario (SSP126), Pc benefits from a rapid expansion 
of ultrahigh-suitability areas, while ultrahigh-suitability 
areas for Py are maintained, avoiding the potential losses 
predicted in the high-emission model (SSP585). Mean-
while, estimation of the projected reduction in income 
per capita from changes in all climatic variables based on 
empirical models of climate shows that by the end of the 
century, per capita income in Southeast/East Asia will be 
reduced by more than 50% if emissions are in the SSP585 
scenario [92]. This underscores the need for strict green-
house gas regulations to ensure the sustainable use of 
both study species and the protection of economic sta-
bility in China and globally. To handle extreme scenarios, 
we identified and consolidated high-suitability areas (> 
0.6) across all future time periods and emission patterns, 
ultimately delineating long-term viable habitats (Fig. 5). 
Cultivating these plants in optimized areas, particularly 
those with extended growing periods, can guarantee a 
sustainable medicinal supply, enhancing their quality and 
potency, which are vital for their efficacy in traditional 

medicine. This approach can strategically inform the lay-
out and development of related industries, optimizing 
investment outcomes.

Conclusion
In this study, we reconsidered the taxonomic status of the 
source taxa of Rhizoma Paridis based on a phylogenomic 
analysis. Unexpectedly, the two varieties—P. polyphylla 
var. chinensis (Pc) and P. polyphylla var. yunnanensis 
(Py)—are not closely related and have been diverging for 
approximately 3.28 million years. They are better treated 
as distinct species, i.e., P. chinensis (Pc) and P. yunna-
nensis (Py). This study further supported the taxonomic 
revision through phylogenomic evidence and signifi-
cant ecological niche differentiation, demonstrating the 
essential role of integrating evolutionary and ecological 
approaches in accurate species delimitation. To discrimi-
nate seeds, seedlings, and processed Rhizoma Paridis 
of the different source taxa, DNA mini-barcodes were 
developed based on variations in the plastid genomes of 
the two species derived from germplasm genetic analysis.

We conducted a robust assessment of the potential 
distribution of Pc and Py under climate scenarios and 
human activity by using EM. Environmental factors 

Fig. 5  Long-term cultivation areas for Pc and Py individually, and for both species. SC, Sichuan; YN, Yunnan; CQ, Chongqing; GZ, Guizhou; GX, Guangxi; 
HB, Hubei; HN, Hunan; GD, Guangdong; AH, Anhui; JX, Jiangxi; ZJ, Zhejiang; FJ, Fujian
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shaped the distribution range, with annual precipita-
tion identified as the dominant impact factor for Pc and 
temperature as the dominant impact factor for Py. From 
the three dimensions of factor contribution rate, ecologi-
cal niches, and distribution dynamics, we quantified the 
effects of anthropogenic activity, which affected the dis-
tribution range of Pc to a greater extent than it affected 
Py, which may be attributed to the unevenness of the 
urbanization process. Under anthropogenic disturbance, 
Pc showed ultrahigh-suitability areas mainly distributed 
across Guangxi, Guangdong, Fujian and Taiwan prov-
inces, while Py’s ultrahigh-suitability areas were primarily 
concentrated in Yunnan province. The suitable areas and 
ecological conditions for these two species differ signifi-
cantly. Additionally, a rapid increase in global warming 
arising from greenhouse gas emissions has significantly 
affected the distribution of species. Shifts in suitable area 
under different emission scenarios delineate long-term 
suitable areas and also show the importance of low-emis-
sion scenarios for species survival and sustainable use. 
Based on our findings, we propose the following action-
able recommendations for conservation and cultivation:

For conservation: (1) Germplasm conservation gar-
dens for both species should be established in areas 
where long-term suitable habitats overlap, particularly 
around Honghe and Kunming regions; (2) Habitat resto-
ration programs should prioritize high-suitability areas 
degraded by human activities; (3) Scientific expansion of 
cultivation areas in high suitability regions could serve as 
indirect protection for wild resources.

For cultivation: (1) Given the significant ecological 
niche differentiation between the two species, germ-
plasm identification should be conducted before cultiva-
tion when possible; (2) Cultivation site selection should 
prioritize precipitation considerations for Pc and tem-
perature factors for Py; (3) Long-term cultivation should 
focus on the stable suitable areas identified in this study.

Overall, efficient species-identification tools, clear hab-
itat dynamics, and long-term planting region delineation 
will effectively promote the improvement of herbal yield 
and quality while supporting evidence-based conserva-
tion strategies for both wild and cultivated populations. 
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