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a b s t r a c t

Comparative analyses in ecology and evolution often face the challenge of controlling for the effects of 
shared ancestry (phylogeny) from those of ecological or trait-based predictors on species traits. 
Phylogenetic Generalized Linear Models (PGLMs) address this issue by integrating phylogenetic re
lationships into statistical models. However, accurately partitioning explained variance among corre
lated predictors remains challenging. The phylolm.hp R package tackles this problem by extending the 
concept of “average shared variance” to PGLMs, enabling nuanced quantification  of the relative 
importance of phylogeny and other predictors. The package calculates individual likelihood-based R2 

contributions of phylogeny and each predictor, accounting for both unique and shared explained vari
ance. This approach overcomes limitations of traditional partial R2 methods, which often fail to sum the 
total R2 due to multicollinearity. We demonstrate the functionality of phylolm.hp through two case 
studies: one involving continuous trait data (maximum tree height in Californian species) and another 
focusing on binary trait data (species invasiveness in North American forests). The phylolm.hp package 
offers researchers a powerful tool to disentangle the contributions of phylogenetic and ecological 
predictors in comparative analyses.

Copyright © 2025 Kunming Institute of Botany, Chinese Academy of Sciences. Publishing services by 
Elsevier B.V. on behalf of KeAi Communications Co., Ltd. This is an open access article under the CC BY- 

NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Comparative analysis has long served as a foundational 
approach in ecological and evolutionary sciences, providing crit
ical insights into the mechanisms underlying biodiversity patterns 
(Felsenstein, 1985; Lynch, 1991; Uyeda et al., 2018). A central 
challenge in such analyses lies in the fact that trait similarities 
among species often result not only from shared ecological 

conditions but also from common ancestry (Cornwallis and Griffin, 
2024). In particular, the non-independence introduced by phylo
genetic relationships—known as phylogenetic signal—violates the 
assumption of independent observations inherent in conventional 
statistical models, potentially leading to biased parameter esti
mates and inflated  Type I error rates (Garland and Ives, 2000; 
Freckleton et al., 2002; Münkemüller et al., 2012; Adams and 
Collyer, 2018).

To address this issue, Phylogenetic Generalized Linear Models 
(PGLMs) have been developed as an extension of traditional 
generalized linear models (Ives and Garland, 2010; Ho and An�e, 
2014). These models incorporate phylogenetic relationships by 
embedding a phylogenetic covariance matrix in the error struc
ture, thereby enabling the analysis of continuous or binary 
response variables while accounting for evolutionary relatedness 
among taxa (Freckleton et al., 2002; Ives and Garland, 2010). Over 
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the past decade, PGLMs have been increasingly used in ecological 
research, particularly in investigating trait–environment relation
ships, improving species distribution models, and exploring the 
evolutionary dynamics of ecological strategies (e.g., Kahl et al., 
2017; van Kleunen et al., 2020; Omer et al., 2022; Guo et al., 
2022; Yang et al., 2025). When incorporating phylogeny into 
regression models, a key question arises: how much of the varia
tion in the response variable can be attributed to phylogeny, and 
how much to other predictors, such as environmental variables or 
another functional trait? To address this, Ives (2019) proposed a 
general framework for estimating partial R2 values in PGLMs. This 
approach involves comparing the likelihood of full and reduced 
models, each sequentially omitting a specific component (such as 
the phylogenetic covariance or a particular predictor). These par
tial R2 metrics allow the unique contribution of each model 
component to be quantified, thereby facilitating the assessment of 
the relative influence of phylogeny versus ecological covariates in 
explaining trait variation (e.g., Ives, 2019; Wang et al., 2022; Feng 
and Wang, 2024).

Despite its utility, the partial R2 framework has notable limi
tations. A key issue is that the sum of partial R2 values for all 
predictors (including phylogeny) often fails to equal the total R2 of 
the model (e.g., Wang et al., 2022; Feng and Wang, 2024). This 
discrepancy arises from the non-additive nature of explained 
variance when predictors are correlated, a well-known issue in 
regression analysis (Bi, 2012). Under such circumstances, partial R2 

values may misrepresent the unique contribution of individual 
predictors, necessitating cautious interpretation and, in some 
cases, complementary analytical approaches.

Lai et al. (2022a) introduced the individual R2 based on the 
concept of average shared variance (ASV) as a novel method for 
assessing the relative importance of predictors in multiple 
regression and canonical analyses. This method addresses multi
collinearity by equitably partitioning overlapping explained vari
ance among correlated predictors, thereby facilitating a more 
transparent quantification of each variable’s contribution. The in
dividual R2 for each variable is calculated as the sum of its unique 
R2 and its equally allocated shared R2 (as illustrated in Fig. 1). 
Notably, this method produces results that are closely aligned with 
several well-established techniques—such as “averaging over or
derings” (Lindeman et al., 1980; Kruskal and Majors, 1989), “hier
archical partitioning” (Chevan and Sutherland, 1991), and 
“dominance analysis” (Budescu, 1993)—despite emerging inde
pendently across disciplines with distinct computational un
derpinnings. Moreover, Lai et al. (2022a) formally established a 
mathematical connection between their framework and “com
monality analysis”, a widely used variance decomposition tech
nique in multiple regression (Ray-Mukherjee et al., 2014), thereby 
enhancing the interpretability and accessibility of the ASV method.

The introduction of the ASV framework has spurred the 
development of several R packages that enable its application 
across a range of statistical modeling contexts. These include the 
rdacca.hp package for canonical analysis (Lai et al., 2022a), the 
glmm.hp package for Generalized Linear Mixed Models (GLMMs) 
(Lai et al., 2022b) and multiple regression (Lai et al., 2023), and the 
recently developed gam.hp package for Generalized Additive 
Models (GAMs) (Lai et al., 2024). These tools have been widely 
adopted in ecological and environmental research. As of June 2025, 
citations recorded by the Web of Science (www.webofknowledge. 
com) indicate rdacca.hp has been cited over 800 times, glmm.hp 
more than 300 times, and gam.hp, despite its recent release, has 
already garnered approximately 30 citations. This growing usage 
highlights both the broad recognition of the method’s utility and 
its valuable contribution to advancing statistical modeling and 
data interpretation in ecological studies.

In this study, we extend the ASV concept to the PGLMs frame
work by developing a new R package, phylolm.hp. We demonstrate 
the functionality of phylolm.hp through two case studies: one 
involving continuous trait data and another focusing on binary 
trait data. These examples showcase the potential of phylolm.hp to 
advance phylogenetically informed comparative analyses by dis
entangling the relative influences  of ecological predictors and 
evolutionary history on trait variation.

2. Methods

Within the ASV framework, phylogeny can be explicitly treated 
as an explanatory variable alongside ecological or trait-based 
predictors. To illustrate this approach, consider a PGLM scenario 
that includes three sets of predictors: phylogenetic structure 
(denoted as phy), and two additional variables or groups of vari
ables (X1 and X2) (Fig. 1). In this context, the fractions [a], [b], and 
[c] represent the unique R2 attributable to phy, X1, and X2, 
respectively. Fractions [d], [e], and [f] denote the pairwise shared 
variance components between each pair of predictors (e.g., phy 
and X1), while fraction [g] captures the variance jointly explained 
by all three predictors. The individual R2 for each predictor is then 
calculated as the sum of its unique R2 and its allocated shared R2 

values, following the ASV principle. Specifically, the individual R2 

values are computed using the following expressions: 

R2
phy = a +

d
2
+

f
2
+

g
3

Eq.1 

R2
X1 =b +

d
2
+

e
2
+

g
3

Eq.2 

Fig. 1. The Venn diagram illustrates the components of variation partitioning within a 
Phylogenetic Generalized Linear Model (PGLM). The large outer circle represents the 
total variation in the response variable, while the three smaller, overlapping circles 
correspond to the portions of explained variation attributed to phylogeny and two 
collinear predictors (or two groups of predictors). Dashed lines within the overlapping 
regions indicate that the shared fractions of explained variation are equally divided 
among the contributing predictors.
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Here, R2
phy, R2

X1 and R2
X2 represent the individual R2 for phy

logeny and the predictors X1 and X2, respectively. The sum of these 
values equals the total R2 of the model (Lai et al., 2022a). 

R2 =R2
phy + R

2

X1
+ R2

X2 Eq.4 

This method provides a key advantage by decomposing the 
total R2 into the individual contributions of each predictor (Lai 
et al., 2022a, 2022b). While conceptually related to commonality 
analysis—which partitions explained variance into unique and 
shared components based on all possible subset models (Ray- 
Mukherjee et al., 2014)—the ASV approach distributes the shared 
variance equitably among correlated predictors using a mathe
matically consistent and computationally efficient algorithm. The 
unique R2 for each predictor is obtained by comparing the full 
model with reduced models in which that predictor is omitted. In 
contrast to previous applications of the method that analyzed all 
predictors within a single modeling framework (Lai et al., 2022a, 
2022b, 2023, 2024), the unique R2 of phylogeny can also be 
approximated by comparing a PGLM with a conventional Gener
alized Linear Model (GLM) that excludes the phylogenetic 
structure.

3. Package description

The phylolm.hp package, developed in the R programming 
language (R Core Team, 2024), is available on the Comprehensive R 
Archive Network (CRAN) at http://cran.r-project.org/web/ 
packages/phylolm.hp/ and on GitHub at https://github.com/ 
laijiangshan/phylolm.hp. It provides two primary functions: phy
lolm.hp() and phyloglm.hp(). These functions calculate the indi
vidual R2 of phylogeny and each predictor (or group of predictors) 
in phylogenetic linear models for continuous traits and phyloge
netic logistic regression models for binary traits, respectively. The 
package provides an S3 plotting method, plot.phylolmhp(), which 
generates bar charts to visualize individual R2 values using the 
ggplot2 package (Wickham, 2016). The phylolm.hp package de
pends on the rr2 package (Ives, 2019) to calculate likelihood-based 
R2 for GLMMs.

Both phylolm.hp() and phyloglm.hp() require three main input 
arguments: mod, iv, and commonality. The mod argument specifies 
a model object fitted using phylolm() or phyloglm() from the phy
lolm package (Ho and An�e, 2014). The iv argument is an optional 
list that allows users to group predictors based on analytical goals, 
such as aggregating environmental variables or trait sets. The 
commonality is a logical argument. When set to TRUE, the function 
returns the full commonality analysis of R2, displaying all unique 
and common variance components among predictors. By default, 
commonality is set to FALSE, in which case only the individual R2 

values are returned.

4. A working example

4.1. Continuous trait data analysis

We employed phylogenetic linear regression models to 
examine relationships among functional traits, environmental 
factors, and phylogenetic history in 107 species spanning six 
distinct California ecosystems. The dataset (data1), derived from 
Medeiros et al. (2023), provides comprehensive species-level in
formation across these ecosystems. In this analysis, we selected 
maximum tree height (Hmax) as the response variable to evaluate 

its associations with other functional traits, environmental factors, 
and phylogenetic relationships. A recent study by Mao et al. (2023)
demonstrated that maximum canopy height is also closely related 
to the phylogenetic structure of forest communities in boreal 
ecosystems, underscoring the ecological and evolutionary rele
vance of Hmax in forest dynamics.

We selected four predictors for analysis: two functional traits 
— leaf mass per area (LMA) and C:N ratio (CN.ratio), and two 
environmental variables — mean annual precipitation (MAP) and 
soil pH measured at 30 cm depth (SoilpH). These variables were 
selected based on their well-documented roles in influencing 
plant growth and height development. Specifically, LMA and C:N 
ratio are widely recognized indicators of leaf economics and 
nutrient-use strategies, which can influence  species' structural 
investment and growth potential (Reich et al., 2003; Wright et al., 
2004). MAP reflects  water availability, a critical environmental 
constraint on tree height in Mediterranean and arid ecosystems 
(Niinemets, 2010; Allen et al., 2010). Soil pH influences  nutrient 
availability and microbial activity, and has been shown to affect 
plant community composition and functional traits (Bååth and 
Anderson, 2003; Lalibert�e et al., 2017). The phylogenetic tree was 
constructed using the S3 scheme of the U.PhyloMaker package (Jin 
and Qian, 2023) based on the species list. Complete methodolog
ical procedures and example codes are presented in Box 1.

The analysis indicated that the model’s total R2 is 0.3762. Ac
cording to the results of phylolm.hp(), phylogeny emerged as the 
strongest predictor (individual R2 = 0.1550), accounting for 41.19% 
of the total R2, followed by C:N ratio (25.01%, individual 
R2 = 0.0941), MAP (11.59%, individual R2 = 0.0436), LMA (11.24%, 
individual R2 = 0.0423) and Soil pH (10.98%, individual 
R2 = 0.0413) (Box 1 and Fig. 2). The considerable shared con
tributions—particularly from phylogeny (average shared 
effect = 0.0636)—indicate substantial explanatory overlap among 
the predictors with respect to Hmax variation.

The phylolm.hp() function allows grouping of explanatory var
iables by setting the iv argument. In this case, LMA and C:N ratio 
were grouped as functional traits, while MAP and Soil pH were 
grouped as environmental factors. This grouped analysis retained 
the total model R2 at 0.3762. Phylogeny still accounted for the 
largest unique contribution (unique R2 = 0.0914), but its shared 
contribution increased (shared R2 = 0.1013), resulting in phylogeny 
accounting for 51.22% of the total R2. Functional traits accounted 
for 32.83%, while environmental factors contributed 15.95%. These 
results highlight the dominant influence of phylogeny on variation 
in Hmax, with moderate but meaningful contributions from traits 
and environmental factors.

It is important to note that the grouped results are not equiv
alent to the sum of the individual R2 values obtained without 
grouping. When predictors are not grouped, the analysis accounts 
for collinearity among all variables, including those within the 
same conceptual group. In contrast, grouping predictors focuses 
on the collinearity between groups while ignoring within-group 
collinearity. Therefore, when evaluating the relative importance 
of higher-level categories (e.g., phylogeny vs. traits vs. environ
ment), the analysis should be conducted with predefined groups 
rather than aggregating ungrouped results post hoc.

Additionally, the phylolm.hp() function provides a commonal
ity argument, which enables commonality analysis. When the 
number of predictor groups (including phylogeny) does not 
exceed four groups, the results can also be visualized using a 
Venn diagram via the plot.phylolmhp function (Fig. 3). In this 
example, the commonality analysis of grouped variables revealed 
the largest unique contribution from phylogeny (0.0914), fol
lowed by traits (0.0522) and environment (0.0092). Notably, 
substantial shared variance existed between phylogeny and traits 
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(0.101), as well as between phylogeny and environment (0.060), 
highlighting the central role of phylogeny in shared explanatory 
variance (0.1013).

A comparison with the traditional partial R2 approach is pre
sented in Appendix 1. The results show that although the ranking 
of variable importance remains consistent between the partial R2 

and ASV methods, the sum of the partial R2 values accounts for 
only 68% of the model’s total R2. In contrast, the sum of the indi
vidual R2 values derived from the ASV approach exactly equals the 
total R2, aligning well with the full-contribution criterion for 
relative importance measures proposed by Genizi (1993).

4.2. Binary trait data analysis

In this example, we employed PGLMs to investigate the rela
tionship between species invasiveness and functional traits in 76 
woody plant species from North American deciduous forests. The 
dataset (data2), derived from Fridley et al. (2022), included both 
native and non-native invasive species and comprised 68 
continuous traits reflecting  diverse aspects of plant physiology 
and structure. We selected four functional traits as predictor 
variables: two related to leaf structure—leaf mass (leafmass) and 
leaf thickness (leafthickness)—and two associated with 

Box 1
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belowground resource acquisition and storage—specific  root 
length (SRL) and root non-structural carbohydrate content (nsc. 
root). These traits were chosen due to their established roles in 
resource-use strategies and their documented associations with 
plant invasiveness. Specifically, leaf mass and leaf thickness are 
linked to leaf economics and structural investment, influencing 
light capture and growth rate (Niinemets, 2001; Perez- 
Harguindeguy et al., 2016). SRL reflects  root foraging efficiency 

and nutrient acquisition potential, traits that are often enhanced 
in invasive species (Ostonen et al., 2007). Root non-structural 
carbohydrate content plays a key role in stress tolerance and 
resprouting ability, both associated with invasive potential 
(O’Brien et al., 2014). Phylogenetic relationships were derived 
from the tree provided in the original study by Fridley et al. 
(2022). Complete methodological procedures and example 
codes are presented in Box 2.

Fig. 3. Venn diagram showing the unique and shared contributions of phylogenetic relationships, functional traits, and environmental factors to the variation in maximum tree 
height (Hmax).

Fig. 2. The relative importance of phylogenetic, trait, and environmental groups in explaining variation in maximum tree height (Hmax), as estimated by the phylolm.hp() 
function. Main plot: relative importance of individual variables. Inset plot: relative importance of variable groups.
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We constructed a comprehensive model incorporating leaf 
thickness, leaf mass, SRL, and root non-structural carbohydrate 
content as predictors, and calculated the individual R2 values with 
the phyloglm.hp() function. The model’s total R2 was 0.4583. Phy
logeny showed the highest individual contribution (31.29%, Indi
vidual R2 = 0.1434), highlighting the critical influence  of 
evolutionary history on invasiveness. SRL demonstrated the 
second-highest individual contribution (27.99%, Individual 
R2 = 0.1283), while leaf thickness, leaf mass, SRL, and root non- 
structural carbohydrate content each explained a smaller portion 
of nativity variation (14.66%, 13.94%, and 12.11%, respectively) 
(Fig. 4).

To further explore the effects of different organ functional traits 
on invasiveness, we categorized the traits into leaf traits (leaf
thickness, leafmass) and root traits (SRL, nsc.root) groups. Grouped 
analysis maintained the total R2 at 0.4583. Among the three major 
factors, the root trait group contributed the largest individual R2 

(40.69%), followed by phylogenetic relationships (32.05%) and leaf 

trait group (27.25%) (Box 2 and Fig. 4). Venn diagram for com
monality analysis (Fig. 5) intuitively showed the unique contri
butions of each group: phylogenetic relationships (0.1374), root 
traits (0.1355), and leaf traits (0.0568). There was substantial 
overlap between the leaf and root trait groups, with a shared 
variation of 0.0888. As a result, a large proportion of the shared 
variance was allocated to the root trait group (0.0510). Moreover, 
the variation shared by all three groups (0.0625) indicated 
important intersections and coupling among phylogeny, leaf traits, 
and root traits in explaining the variation in nativity.

5. Discussion

Phylogenetic Generalized Linear Models (PGLMs), like Gener
alized Linear Mixed Models (GLMMs), have traditionally lacked a 
well-defined  R2 statistic in the classical sense of multiple linear 
regression, due to complications introduced by random effects or 
phylogenetic correlations among residuals (Ives and Garland, 

Box 2
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2010; Nakagawa and Schielzeth, 2013; Ives, 2022). To address this 
limitation, Nakagawa and Schielzeth (2013) proposed an R2 

framework for GLMMs, which was later extended by Ives (2019) to 
accommodate models with correlated residuals, including PGLMs. 
This extension yields a likelihood-based pseudo-R2, that approxi
mates total model fit and captures the joint contribution of fixed 
predictors and phylogenetic structure.

While this approach provides a measure of overall goodness of 
fit, a key challenge remains: accurately partitioning the explained 
variance among correlated predictors—particularly between 
phylogenetic and ecological or trait-based variables—due to the 
inherent non-independence arising from shared evolutionary 
history. Current implementations of partial R2 in PGLMs (e.g., Ives, 
2019; Wang et al., 2022; Feng and Wang, 2024) focus primarily on 
estimating the unique contribution of individual predictors, often 
ignoring the overlapping variance explained jointly by multiple 
predictors. This omission can lead to biased or incomplete 

interpretations, especially in cases where partial R2 values repre
sent only a small fraction of the total R2.

To address this limitation, the concept of ASV was introduced 
(Lai et al., 2022a, 2022b), which redistributes the overlapping 
explanatory power among predictors in a fair and interpretable 
manner. This concept forms the theoretical foundation of the 
phylolm.hp package, which extends likelihood-based pseudo-R2 

decomposition in PGLMs to include both unique and shared con
tributions of predictors. This methodological innovation enriches 
the statistical toolkit for comparative biology and phylogenetic 
analysis, offering more nuanced insights into the ecological and 
evolutionary drivers of trait variation.

It is important to emphasize that the concept of ASV provides a 
simple and practical approach for decomposing R2, particularly in 
the presence of highly correlated predictors (Lai et al., 2022a, 
2022b). However, it is mathematically impossible to unambigu
ously assign the shared portion of explained variance to any 

Fig. 4. The relative importance of phylogenetic, root traits and leaf traits in explaining nativity variation by phyloglm.hp() function. Main plot: Relative importance of individual 
variables. Inset plot: Relative importance of variable groups.

Fig. 5. Venn diagram showing the unique and shared contributions of phylogenetic relationships, root traits groups and leaf traits groups in explaining nativity variation.
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specific predictor or group of predictors (Gr€omping, 2007). When 
considerable overlap exists among predictors, the equal appor
tioning of shared variance—though simple and transparent—may 
introduce uncertainty in interpreting the individual contributions 
of each variable. Users should recognize this inherent limitation 
and exercise caution when interpreting the results from the ASV. 
Therefore, biological or ecological understanding should play a 
central role in contextualizing the findings,  rather than relying 
solely on statistical results (Johnson and Omland, 2004).

The case studies presented in this paper—one involving 
continuous traits (Medeiros et al., 2023) and another focusing on 
binary traits (Fridley et al., 2022)—are not intended to test specific 
ecological hypotheses but rather serve as illustrative examples of 
the functionality and practical applications of the phylolm.hp 
package. These examples are based on publicly available portions 
of datasets from previous studies, used with permission from the 
original authors.

Importantly, the shared variance between phylogeny and 
ecological predictors may have meaningful biological implications 
rather than being solely a statistical artifact. For instance, in the 
analysis presented in Box 1, a total common effect of 0.2234 ac
counts for 59.38% of the total R2, indicating a substantial overlap in 
explanatory power between evolutionary history and ecological 
variables. This overlap can be understood through the concept of 
phylogenetic niche conservatism, which posits that closely related 
species tend to retain similar ecological traits and environmental 
preferences across evolutionary timescales (Wiens and Graham, 
2005). In practice, ecological predictors—such as climate, soil 
type, or resource availability—often show phylogenetic signal, 
meaning that species' responses to these predictors are not 
evolutionarily independent (Cavender-Bares et al., 2009). There
fore, the collinearity between phylogeny and ecological predictors 
makes it difficult to fully separate their explanatory contributions. 
In this context, the overlap between explanatory variables often 
reflects the actual eco-evolutionary relationships, where historical 
lineage divergence and current environmental filtering  jointly 
shape the distribution of species traits. For example, if certain leaf 
functional traits are associated with moisture availability and 
closely related species are predominantly found in similar mois
ture regimes, this can lead to phylogenetic clustering. This in
dicates the existence of phylogenetic niche conservatism, meaning 
that evolutionary history constrains both traits and ecological 
niches, resulting in closely related species often coexisting in 
similar environments (Cavender-Bares et al., 2004). In this sce
nario, the shared variance signals a real ecological-evolutionary 
coupling. Conversely, if phylogeny and environment are corre
lated simply due to sampling bias or historical dispersal limita
tions unrelated to trait adaptation, the shared component may 
inflate the perceived importance of either predictor set, leading to 
misinterpretation of causality. Thus, researchers must interpret 
shared variance with biological insight and caution, considering 
both the evolutionary history of traits and the functional relevance 
of ecological predictors. Including trait-specific  phylogenetic 
signal tests and evaluating the robustness of shared effects across 
multiple datasets or models can help validate whether overlap is 
biologically justified.  Accurately quantifying and thoughtfully 
interpreting these shared effects is essential for disentangling the 
intertwined roles of phylogeny and ecology in shaping organismal 
traits, community assembly, and macroecological patterns (Losos, 
2008; Crisp and Cook, 2012).

In addition to the ASV-based phylolm.hp method employed in 
this study, phylogenetic eigenvector approaches are also 
commonly used to decompose the independent contribution of 
phylogeny to total variation (Guo et al., 2024). Both methods have 
distinct advantages and limitations when decomposing the 

relative importance of phylogenetic and ecological predictors. The 
ASV-based variance decomposition can systematically and trans
parently assign variance contributions to phylogeny and other 
predictors even under strong multicollinearity, making the results 
straightforward to interpret. However, when predictors have 
substantial overlapping explanatory power, the assigned “inde
pendent contributions” may be less precise, introducing inter
pretive uncertainty (Ives, 2019). In contrast, the phylogenetic 
eigenvectors method transforms phylogenetic structure into 
regression variables, allowing for independent assessment under 
complex or high-dimensional phylogenetic patterns, but the 
analysis depends on the selection of eigenvectors and may be 
subject to subjectivity and multicollinearity issues (Diniz-Filho 
et al., 2012). Future studies are advised to select and, where 
appropriate, integrate these approaches depending on the specific 
research question, data structure, and analytical objectives, and to 
further compare their practical value and explanatory power.

The development of the phylolm.hp package is also consistent 
with recent trends in quantitative ecology: a large-scale review by 
Gao et al. (2025) showed a growing reliance on advanced R-based 
tools in ecological research over the past 15 years. Looking ahead, 
we aim to further enhance the performance and scalability of the 
phylolm.hp package. Although the current implementation is 
effective for models with a moderate number of predictors, 
computational efficiency  may become a limiting factor when 
analyzing high-dimensional datasets. Future development will 
focus on optimizing algorithmic speed and memory usage, thereby 
ensuring that the method remains robust and practical for 
increasingly complex data in ecological and evolutionary research.
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