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ABSTRACT

Background: This study presents an integrated statistical framework for the joint modeling of 
mixed ecological variables, simultaneously addressing issues of multicollinearity and dependence 
between response variables. Data from the National Forest Inventory of Minas Gerais were used to 
model liana presence (〖LP〗_bin), a binary variable, and tree health status (TH), an ordinal categorical 
variable with four levels.

Results:  The marginal distribution of 〖LP〗_bin was fitted using logistic regression with the penalized 
AURPLCE estimator, which showed satisfactory predictive performance (AUC = 0.771). For the TH 
variable, multinomial logistic regression was applied, and an additional ordinal regression analysis 
including 〖LP〗_bin as a predictor of TH was also performed. Dependence between the responses was 
modeled using copulas, with the Clayton copula selected based on the Akaike Information Criterion 
(AIC = −72.0142). Estimates of Kendall’s coefficient (τ = 0.1109) and Spearman’s rank correlation 
(ρₛ = 0.1707) indicated a positive but weak dependence. The joint structure, represented by a 
probability table and heat map, revealed co-occurrence patterns, highlighting a higher probability 
of healthy trees in the absence of lianas (estimated probability of 0.3655).

Conclusions: Overall, the results underscore the potential of combining penalized estimators and 
copula-based models for the robust analysis of forest data, providing relevant quantitative insights 
into the relationship between liana presence and tree phytosanitary condition.

Keywords: Joint modeling; multicollinearity; ecological analyses; forest health.

HIGHLIGHTS

The article integrates a joint model of mixed ecological variables with high robustness.
Lianatre presence and tree health were modeled using penalized logistic and multinomial logistic 
regressions.
Dependence between response variables was modeled with Clayton copulas, indicating a weak 
relationship.
Healthy trees are more likely to occur in the absence of lianas.
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INTRODUCTION 

Understanding the interactions between tree health 
and the presence of lianas is essential for the management 
and conservation of forest ecosystems, particularly in 
regions of high biodiversity. Trees in good phytosanitary 
condition constitute the structural and functional foundation 
of forests, ensuring the maintenance of essential ecological 
processes such as nutrient cycling, carbon sequestration, 
successional dynamics, and microclimatic regulation (Malhi 
et al., 1999; Perry et al., 2008; Pan et al., 2011; Li et al., 2023). 

In this context, although lianas are natural 
components inherent to forest structure, complexity, 
diversity, and dynamics, they can act as important agents of 
competitive pressure (Estrada-Villegas et al., 2022; Vargas et 
al., 2020; Vargas et al., 2022). Their presence directly affects 
light availability, radial and height growth, mechanical 
stability, and, in more severe cases, tree survival (Guedes 
and Krupek, 2017; Gonzalez de tanago et al., 2017; Han and 
Sánchez-Azofeifa, 2022). Recent pantropical assessments 
further suggest that lianas play a significant role in 
regulating forest carbon dynamics, potentially reducing 
aboveground biomass accumulation and long-term carbon 
sequestration. These findings highlight the ecological 
importance of monitoring liana abundance as an indicator 
of forest structural changes and ecosystem resilience under 
global environmental change (Rueda-Trujillo et al., 2025; 
Gora et al., 2023).

The National Forest Inventory (NFI) provides a 
comprehensive database containing detailed information 
on tree and environmental attributes, collected between 
2011 and 2024 across different Brazilian biomes (Brazilian 
Forest Service, 2024). In this study, NFI data from the state 
of Minas Gerais were analyzed to investigate the association 
between liana presence (LP) and tree health status (TH), 
the latter categorized into four distinct levels of vitality. A 
study conducted by Estrada-Villegas and Schnitzer (2018) 
indicated that the presence of lianas may directly reflect 
the phytosanitary condition of trees in a given area, 
reducing the growth, survival, fecundity, and physiological 
performance of individuals, thus serving as an indicator of 
forest conservation status (Guedes & Krupek, 2017).

One of the main statistical challenges in this type of 
analysis lies in the presence of multicollinearity among the 
explanatory variables. This condition can inflate standard 
errors and compromise the precision of estimates obtained via 
maximum likelihood estimation (MLE). To mitigate this issue in 
modeling the binary variable 〖PL〗_bin, the Almost Unbiased 
Ridge Principal Component Logistic Estimator (AURPLCE), 
proposed by Wu and Asar (2018), was adopted. This estimator 
combines ridge regularization with dimensionality reduction 
through principal component analysis.

For the ordinal response variable TH, with four levels, 
a multinomial logistic regression model was fitted using 
maximum likelihood estimation to estimate the probabilities 
associated with each health status category as a function of 
structural and environmental covariates. Since TH presents 
ordered categories, a complementary cumulative logit 
model (ordinal regression) was also fitted to directly account 

for the health gradient and provide more parsimonious and 
interpretable estimates of predictor effects.

Additionally, to model the joint dependence between 
〖PL〗_bin and TH, bivariate copula models specifically 
designed for discrete marginals were employed, within the 
theoretical framework proposed by Panagiotelis, Czado, 
and Joe (2012). This approach enables the integration of 
marginals of different natures into a flexible joint model, 
overcoming limitations of classical multivariate models, 
which often require restrictive parametric assumptions for 
specifying the dependence structure.

MATERIAL AND METHODS

Data description

The data analyzed in this study were obtained 
from the National Forest Inventory (NFI), conducted by 
the Brazilian Forest Service, and refer to the state of Minas 
Gerais, covering the period from 2011 to 2024. The database 
includes detailed dendrometric, phytosanitary, and spatial 
information from trees sampled in 1,042 plots distributed 
across the Caatinga and Cerrado biomes, systematically 
allocated throughout the state, totaling a sampled area of 
104.2 ha. After filtering the data corresponding to these 
biomes and selecting the variables of interest, the initial 
sample comprised 3,805 valid observations. During the 
data preparation stage, 345 observations identified as 
outliers were removed, resulting in a final dataset of 3,460 
trees used in the analyses conducted in this study.

The response variable is tree health status (TH), 
recorded on an ordinal scale with four categories: 1 (healthy 
tree), 2 (mild signs of impairment), 3 (moderate impairment), 
and 4 (dead tree). The multinomial structure was preserved 
in the modeling in order to capture relevant nuances in the 
degradation of tree health. The observed frequencies in the 
sample were 1,993 trees with TH = 1, 1,279 with TH = 2, 215 
with TH = 3, and 318 with TH = 4.

Liana presence (LP) was originally recorded as a 
categorical variable with the levels Yes (Y) and No (N), and 
later recoded as a binary variable for statistical analyses, 
where LP = 1 indicated presence and LP = 0 absence. 
Among the sampled trees, 1,304 exhibited lianas and 2,501 
did not.

Additional tree attributes and spatial variables were 
included in the analyses, including total height (THE), bole 
height (BH), diameter at breast height (DBH), bole quality 
(BQ), latitude, and longitude. Continuous variables were 
standardized prior to modeling and selected based on 
their ecological relevance and association with the main 
study variables. The inclusion of tree-level attributes was 
supported by evidence that liana infestation may reduce 
resource availability and light interception in host trees, 
negatively affecting growth, structural stability, and overall 
performance (Álvarez-Cansino et al., 2015; Estrada-Villegas 
et al., 2022). 

Therefore, dendrometric traits such as height, 
diameter, and bole quality may reflect the effects of liana 
occurrence and infestation intensity. Latitude and longitude 
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were included as spatial proxies to represent geographic 
variation and large-scale environmental gradients across 
the study area. Previous studies have shown that liana 
abundance is associated with spatially structured climatic 
conditions, particularly in regions with low mean annual 
precipitation and high precipitation seasonality (Dewalt et 
al., 2015; Parolari et al., 2020; Estrada-Villegas et al., 2022). 
Thus, geographic coordinates were incorporated to capture 
part of the spatial heterogeneity potentially related to liana 
occurrence and tree performance throughout Minas Gerais.

Identification and Removal of Outliers

Three statistical criteria were used to identify 
influential observations: Pearson residuals, leverage (hat 
values), and Cook’s distance (Barreto, 2011). Pearson 
residuals were calculated as:

 
                    π

π π

 
 
  

with absolute values > 2 indicating potential outliers. 
Leverage was computed as , with observations 
exceeding 2p/n classified as influential. Cook’s distance 
was given by , with DA>1 indicating significant 
influence. Observations exceeding any of these thresholds 
were removed to avoid bias and ensure robustness.

AURPLCE Estimator

To estimate coefficients under high multicollinearity, 
the Almost Unbiased Ridge-Type Principal Component 
Estimator (AURPLCE) proposed by Wu and Asar (2018) was 
employed. This estimator combines ridge regularization 
with dimensionality reduction via principal components. The 
methodology begins with the spectral decomposition of the 
logistic information matrix , where T is the 
eigenvector matrix and  the diagonal matrix of eigenvalues. 
The first r eigenvectors Tr​ explain the largest proportion of 
the variance (commonly > 70%). The AURPLCE estimator is 
given by equation 1:

β β                  ​ (1)

where k is the ridge penalization parameter and  MLE is the 
maximum likelihood estimate (Wu and Asar, 2018).

ROC Curve and Area Under the Curve (AUC)

The Receiver Operating Characteristic (ROC) curve 
evaluates binary classifier performance by plotting the true 
positive rate against the false positive rate across decision 
thresholds. The Area Under the ROC Curve (AUC) quantifies 
discriminative ability and corresponds to the probability that 
the model assigns a higher score to a positive observation 
than to a negative one. An unbiased estimate of the AUC 
can be expressed as a Wilcoxon–Mann–Whitney statistic 
(Hanley and McNeil, 1982; Bamber, 1975), equation 2:

                 (2)

where D0 and D1 are the sets of negative and positive ex-
amples, ft is the predictive score, and 1 is the indicator func-
tion. Maximization of the AUC was adopted as the criterion 
for selecting the optimal r,k pairs of the AURPLCE estima-
tor. The best performance was achieved with r=7 principal 
components and k 0.1,1.5, yielding an AUC of 0.7713.

Marginal Modeling of Tree Health Status (TH)

Tree health status (TH) is an ordinal categorical 
variable with four levels (1: healthy, 2: mild signs, 3: moderate 
impairment, 4: dead). Two complementary approaches 
were adopted. First, a multinomial logistic regression was 
fitted to allow category-specific effects of covariates. The 
probability that observation i belongs to category k (with k 
= 1 as reference) is equation 3 and 4:

β

β
                 (3) 

β
                              (4)

where xi​ includes total height (THE), bole height (BH), diame-
ter at breast height (DBH), latitude, longitude, bole quality (BQ), 
and liana presence (LP_bin). Estimation was performed via max-
imum likelihood using the multinom function in R (Goeman, 
2016; Hosmer Jr et al., 2013). Second, a cumulative logit model 
(ordinal regression) was fitted to directly account for the or-
dered nature of TH and provide interpretable directional effects. 
The model assumes equation 5:

α β                                       (5)

Where k​ are threshold parameters and β is a vector of 
coefficients. A positive coefficient indicates association 
with worse tree health. The proportional odds assump-
tion was assessed and found reasonable. Estimation 
was performed using the clm function in R (Christensen, 
2022). The model specification for both approaches was

. 
The predicted probabilities from both models were used to 
construct pseudo-observations for joint copula modeling 
following Panagiotelis et al. (2012).

Assessment of Coefficient Significance: Wald Chi-
Square Test

The Wald test (Barreto, 2011) was applied to assess the 
statistical significance of coefficients in the marginal models. 
The Wald statistic for parameter jis given by equation 6:

β

β
β

        (6)
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where β ​ is the coefficient estimate and S is the 
information matrix. Under H0:βj=0, Zj ​ follows a standard 
normal distribution, and the p-value is calculated as 

, with (.) the standard normal CDF. 
The test was applied to each coefficient of the marginal 
models for LP_bin and TH_bin, using the optimal r and k 
values selected by AUC. Coefficients with p<0.05 were 
considered statistically significant.

Dependence Modeling Using Copulas

According to Sklar’s Theorem (Sklar, 1959), any joint 
distribution can be expressed as F(y1,y2)=C(F1(y1),F2(y2);α), 
where C(;.;α) is a copula function. Table 1 presents the four 
bivariate copula families considered: Gaussian, Clayton, 
Gumbel, and Frank.

Table 1: Bivariate Copula Functions Used.

Cópula Função C(u_i,u_2;α)

Gaussian

Clayton

Gumbel

Frank

To model dependence between LP_bin (binary) and 
TH (ordinal), we followed the framework for discrete data 
proposed by Panagiotelis et al. (2012). Pseudo-observations 
on the uniform scale 0,1 were obtained from the predicted 
probabilities of the marginal models (Lin and Chaganty, 
2021). For LP_bin, pseudo-observations were derived 
directly from Px; for TH, they were obtained from the 
predicted probabilities for each category using the Monte 
Carlo method (Panagiotelis et al., 2012). After fitting the 
copula to the pseudo-observations, the joint probability 
for discrete variables is given by the finite difference of the 
cumulative copula (Panagiotelis et al., 2012), equation 7:

             (7)

Copula selection was based on the Akaike 
Information Criterion (AIC; Akaike, 1974), defined as AIC= 
-2log L +2p. The Clayton copula yielded the lowest AIC value 
and was selected as the most appropriate for representing 
the dependence between LP_bin and TH.

Measures of Concordance: Kendall’s and 
Spearman’s coefficients

Nonparametric concordance measures, invariant to 
monotonic transformations of the marginals, are particularly 
appropriate in the copula context (Nelsen, 2006). Kendall’s τ
and Spearman’s ρs were used to characterize the dependence 
between LP_bin and TH. Kendall’s τ  quantifies the degree of 

concordance between two continuous variables. For two 
i.i.d. pairs (X1, Y1) and (X2,Y2) equation 8:

τ (8)

In terms of a copula C(u,v), Kendall’s  is given 
by equation 9:

τ                             (9)

Spearman’s s measures overall monotonic 
association and is defined as the Pearson correlation of the 
ranks. It can be expressed as equation 10:

     (10)

Both coefficients range from -1 to 1, where positive 
values indicate direct association, negative values inverse 
association, and values near zero indicate no monotonic 
relationship (Nelsen, 2006).

RESULTS

Results of the Marginal Modeling of PLbin

The presence of lianas (LPbin) was modeled using 
the Almost Unbiased Ridge-Type Principal Component 
Estimator (AURPLCE), with optimal parameters of r=7 
principal components and ridge penalization k=0.8.

Prior to the final model fitting, a diagnostic step was 
conducted to identify and remove influential observations 
and outliers. Pearson residuals, leverage (hat) values, and 
Cook’s distance were evaluated for this purpose. Figure 1 
visually illustrates the distribution of these metrics, allowing 
the identification of discrepant observations that were 
subsequently excluded from the analysis to ensure the 
robustness of the estimates. After outlier identification 
based on Pearson residuals, leverage (hat values), and 
Cook’s distance, 345 observations (9.1%) were excluded 
from the initial sample of 3,805 trees, resulting in a final 
sample of 3,460 trees used in all subsequent analyses.

After outlier removal, the estimated AURPLCE 
coefficients for the PLbin model and Wald tests are 
presented in Table 2. BH, THE, latitude, longitude, and BQ 
were statistically significant (p < 0.05), while DBH was not. 
The AUC was 0.771, indicating satisfactory discriminative 
ability for liana presence (Hanley and McNeil, 1982). The 
overall classification accuracy of the AURPLCE model for 
PLbin was 70.6% using a cut-off of 0.5. Figure 2 presents the 
ROC curve of the fitted PLbin model.

Results of the Marginal Modeling of Tree Health 
Status (TH)

The modeling of tree health (TH), an ordinal 
categorical variable with four levels, was performed using 
multinomial logistic regression, following the methodology 
detailed in Section 2.5. The results of the model fitting, 
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Figure 1: Outlier diagnostics in the PLbin modeling, showing Pearson residuals, leverage (hat values), and Cook’s distance.

Table 2: Estimated AURPLCE Coefficients and Wald Test 
Results for PLbin

confirmed that LP_bin is significantly associated with worse 
tree health (coefficient = 0.2882, OR = 1.334, p = 0.0005). 
The overall accuracy of the ordinal model was 63.27%, with 
class-specific accuracies of 77.2% (TH=1), 54.3% (TH=2), 
0% (TH=3), and 53.5% (TH=4); the poor performance for 
TH=3 reflects its low sample frequency (5.5%). The AIC 
values for the multinomial (5540.5) and ordinal (5632.1) 
models showed a difference of 91.6, indicating a better fit 
for the multinomial model. Nevertheless, the ordinal model 
remains useful as a complementary approach, providing 
a more parsimonious interpretation of directional effects 
along the tree health gradient.Variable Coef. Standard 

Error Z p-value

Intercept -0.9502 0.0451 -21.06 < 0.0001
BH -2.3019 0.1479 -15.56 < 0.0001
THE 1.6476 0.1551 10.63 < 0.0001
DBH 0.0498 0.0458 1.09 0.2761

Longitude -0.3221 0.0485 -6.64 < 0.0001
Latitude -0.6943 0.0569 -12.20 < 0.0001
TQH 0.1820 0.0533 3.41 0.0006

Figure 2: ROC Curve for the AURPLCE Model of the 
PLbin Variable

including the estimated coefficients and Wald test p-values 
for each covariate relative to the response variable categories 
(with TH = 1 as the reference category), are presented in 
Table 3. To complement the multinomial approach and 
directly account for the ordinal nature of TH, a cumulative 
logit model (ordinal regression) was also fitted, including 
liana presence (LP_bin) as a predictor. The ordinal model 

TH 
Category

Variable Coef. Standard 
Error

Z-Value p-value

TH=2 vs 
TH=1

Intercept -0.370 0.043 -8.665 < 0.0001
BH 0.155 0.124 1.249 0.2115
THE -0.861 0.126 -6.844 < 0.0001
DBH 0.192 0.047 4.080 < 0.0001

Longitude -0.340 0.048 -7.073 < 0.0001
Latitude 0.204 0.045 4.553 < 0.0001

TQH 0.753 0.060 12.494 < 0.0001

TH=3 vs 
TH=1

Intercept -2.586 0.116 -22.246 < 0.0001
BH 0.731 0.275 2.665 0.0077
THE -1.665 0.263 -6.329 < 0.0001
DBH 0.419 0.076 5.513 < 0.0001

Longitude -0.378 0.083 -4.579 < 0.0001
Latitude 0.475 0.081 5.840 < 0.0001

TQH 1.362 0.108 12.585 < 0.0001

TH=4 vs 
TH=1

Intercept -3.272 0.140 -23.298 < 0.0001
BH 2.754 0.305 9.024 < 0.0001
THE -2.568 0.300 -8.560 < 0.0001
DBH 0.530 0.080 6.662 < 0.0001

Longitude -0.313 0.087 -3.620 0.0003
Latitude 0.822 0.086 9.547 < 0.0001

TQH 2.602 0.120 21.627 < 0.0001

Table 3: Estimated Coefficients and Wald Test Results for 
the Multinomial Logistic Regression Model of TH
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Table 4: AIC Values for the Fitted Copula Models

Table 5: Estimated Joint Probability Table (Clayton Copula)

Copula AIC
Gaussian -38.3501
Clayton -72.0142
Gumbel -7.0485
Frank -33.4095

TH LP=0 LP=1
TH=1 0.3655 0.1583
TH=2 0.2081 0.1280
TH=3 0.0339 0.0226
TH=4 0.0497 0.0338

Results of the Copula-Based Modeling

After fitting the marginal models, pseudo-
observations were calculated from the predicted 
probabilities and used to fit four bivariate copulas 
(Gaussian, Clayton, Gumbel, Frank) via maximum likelihood 
(Panagiotelis et al., 2012). Model comparison based on AIC 
(Akaike, 1974) is presented in Table 4. The Clayton copula 
yielded the lowest AIC (-72.0142), with estimated parameter 
θ = 0.2493 and Kendall’s τ = 0.1109.

The final model consisted of the fitted marginal 
distributions for the variables PLbin   and TH , combined 
through a Clayton copula. The joint distribution function for 
a Clayton copula with parameter  is given by equation 11:

                          (11)

where u and v are the pseudo-observations of the mar-
ginal variables. Applying the estimated parameter  = 
0.2493: (Equation 12)

,
 (12)

The marginal cumulative distribution functions FY1 
and FY2 were estimated using the AURPLCE model for 
PLbin and multinomial regression for TH, respectively, as 
described in the previous sections.

Table 5 presents the estimated joint probabilities 
for all combinations of PLbin and TH categories, calculated 
from the fitted Clayton copula.

To quantify the strength of the dependence between 
liana presence (LP) and tree health status (TH), Kendall’s 
tau and Spearman’s rho were estimated from the pseudo-
observations derived from the fitted marginals. The Kendall 
concordance coefficient, calculated from the estimated 
parameter of the Clayton copula, was (Equation 13 and 14):

τ=0.1109                                                             (13)
Additionally, Spearman’s rho was estimated directly 

from the rank-normalized pseudo-observations, yielding:
ρ_S=0.1707                                                           (14)
Both estimates indicate the presence of a positive 

dependence between the variables analyzed.

DISCUSSION

The joint modeling of liana presence (PLbin) and 
tree health status (TH) using a marginal-copula approach 
provided important insights into the interrelationship 
between these factors in forest ecosystems. This section 
delves into the interpretation of the results obtained 
from the marginal models, the copula selection, and the 
estimated joint probabilities.

Discussion of the Estimated Parameters from the 
Marginal Models

Marginal Model for Liana Presence (PLbin)

The results of the logistic regression model for 
PLbin, fitted using the AURPLCE estimator (Table 2), indicate 
that several environmental and dendrometric covariates 
significantly influence the probability of liana occurrence. The 
negative and significant coefficient for bole height (BH) and the 
positive coefficient for total height (THE) suggest a complex 
relationship with liana presence. Trees with longer boles 
may be associated with a lower probability of hosting lianas, 
whereas taller trees overall may have a higher probability. This 
pattern may indicate that lianas establish more easily on trees 
with shorter boles or that their growth is favored in trees that 
have already reached greater total height, since they use trees 
with self-supporting wood and apical dominance as structural 
support to reach and remain in the canopy, where they begin 
to compete intensely for aboveground and belowground 
resources such as light, water, and nutrients (Schnitzer; 
Bongers, 2011; Vargas et al., 2022).

Diameter at breast height (DBH) was not statistically 
significant (p=0.2761) in the marginal model for PLbin, 
suggesting that, independent of the other covariates, 
tree diameter is not a strong predictor of liana presence. 
The geographic covariates longitude and latitude showed 
negative and significant coefficients, indicating a strong 
influence of geographic location on liana distribution. 
This pattern likely reflects climatic, edaphic, and land-
use variation across the study area, as liana occurrence is 
generally favored in warm, humid environments with fertile 
soils. In addition, topographic and edaphic heterogeneity 
play an important role in species turnover and ecological 
interactions (Torres et al., 2023), creating favorable 
conditions for the establishment and persistence of lianas 
(Tuomisto et al., 2017; Gerolamo et al., 2022).

It is important to note that the analyzed data 
present a hierarchical structure, with multiple trees sampled 
within each plot. The latitude and longitude coordinates 
used correspond to the centroids of the plots rather than to 
the individual locations of the trees. Although the approach 
adopted in this study does not incorporate random effects 
to model the dependence among trees within the same 
plot, this simplification is recognized as a methodological 
limitation. Therefore, future studies may employ mixed 
models or copula models with random effects in order to 
more adequately represent the hierarchical structure and 
spatial dependence present in the data.
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forests. Several authors have reported that liana diameter 
tends to increase as forests mature, reflecting successional 
advancement and greater structural complexity (Letcher 
& Chazdon, 2009; Castello et al., 2017). In mature forests, 
environmental stability, canopy closure, and the presence 
of larger trees favor the establishment of large lianas, which 
use trees as structural support to reach the canopy and 
maximize light acquisition (Estrada-Villegas et al., 2022).

In contrast, early successional stages are typically 
characterized by a high abundance of small-diameter lianas 
(Dewalt et al., 2000; Medeiros & Torezan, 2013; Castello et 
al., 2017), commonly associated with open and disturbed 
environments. In these conditions, high light availability 
favors fast-growing and highly colonizing species, including 
pioneer lianas. As succession advances, forests undergo 
structural reorganization, promoting the establishment 
of larger and more persistent lianas capable of stronger 
competitive interactions with host trees (Castello et al., 2017).

Discussion of Copulas and Joint Dependence

The selection of the copula that best represents the 
dependence structure between PLbin and TH was based on 
a comparison of AIC values (Table 4). The Clayton copula 
exhibited the best performance and was therefore selected 
as the joint dependence model. This copula is particularly 
suitable in situations where there is a higher concentration 
of probability in the lower tail, which, in an ecological 
context, may suggest that the absence of lianas (LP = 0) and 
high levels of tree health (TH = 1) tend to occur together 
more frequently.

The estimated dependence parameter for the 
Clayton copula was θ=0.2493, corresponding to a Kendall’s 
tau coefficient of  =0.1109and a Spearman’s rho of _S=0.1707. 
Although both measures indicate a positive association 
between liana presence and tree health compromise, the 
estimated values are of low magnitude. This characterizes 
a weak dependence between the variables, indicating 
that, while a tendency for co-occurrence exists, it is 
not sufficiently strong to constitute a pronounced joint 
association between PLbin and TH.

Studies have shown that liana presence negatively 
affects tree growth, biomass accumulation, water status, 
and reproductive performance, regardless of forest type 
or management purpose (Estrada-Villegas et al., 2022). 
These impacts directly compromise tree physiological 
and structural conditions, increasing susceptibility to 
stress, functional decline, and phytosanitary impairment. 
In this context, the results of the present study reinforce 
the hypothesis that liana presence is associated with 
higher levels of tree health deterioration, acting not only 
as a structural forest component but also as an important 
source of ecological pressure on host trees.

Lianas can also reduce forest productivity through 
intense competition for essential resources such as water and 
light (Meunier et al., 2021). Furthermore, their presence may 
limit carbohydrate allocation to flower and fruit production 
compared to trees free of crown infestation (Staudhammer 
et al., 2013; Kainer et al., 2014; Estrada-Villegas et al., 2022). 
This persistent competition compromises tree physiological 

According to Engel, Fonseca, and Oliveira (1998), 
higher liana density across all diameter classes was 
observed in alluvial soils rich in organic matter, with high 
cation exchange capacity (CEC) and slightly acidic pH, 
compared to more acidic soils with low CEC. This finding 
highlights the high ecological plasticity of lianas and their 
ability to exploit fertile environments, suggesting that soil 
quality and nutrient availability directly influence liana 
abundance. Bole quality (BQ) also showed a positive and 
significant coefficient, indicating that trees with better-
quality boles may have a greater probability of liana 
presence. This relationship may indirectly reflect more 
productive environments that favor both tree development 
and liana growth. As noted by Proctor et al. (1983), 
although tree density and basal area may remain relatively 
stable among soil types, lianas can benefit from favorable 
edaphic conditions to intensify competition for resources. 
Consequently, high liana abundance in fertile soils may 
increase pressure on trees, affecting forest dynamics, 
successional processes, and ecosystem resilience.

The model’s high predictive capacity for PLbin, 
evidenced by an AUC of 0.771 (Figure 2), reinforces the 
adequacy of the selected covariates and the effectiveness 
of the AURPLCE estimator in handling multicollinearity, 
providing robust estimates and a model with strong 
discriminative performance.

Marginal Model for Tree Health Status (TH)

The results of the multinomial logistic regression 
model for TH (Table 3), with TH = 1 (healthy) as the reference 
category, reveal how the covariates influence the transition 
to more compromised health categories. Total height 
(THE) and longitude consistently exhibited negative and 
significant coefficients for the comparisons TH = 2 vs. TH 
= 1, TH = 3 vs. TH = 1, and TH = 4 vs. TH = 1. This indicates 
that taller trees and those located at higher longitudes 
(depending on the geographic gradient direction) tend to 
have a lower probability of belonging to more compromised 
health categories compared to healthy trees. In contrast, 
diameter at breast height (DBH), latitude, and bole quality 
(BQ) showed positive and significant coefficients across 
all comparisons. This suggests that trees with larger DBH, 
situated at higher latitudes (depending on the gradient), 
and with higher bole quality are more likely to fall into more 
compromised health categories (TH = 2, TH = 3, TH = 4) 
relative to TH = 1. The positive relationship between DBH 
and BQ with health compromise may seem counterintuitive 
at first but could indicate that larger, high-quality trees are 
older, more exposed to stressors over time, or simply more 
prone to host conditions that lead to health decline, such 
as liana infestation. Bole height (BH) exhibited a variable 
pattern: its coefficient was positive and significant for TH = 
3 vs. TH = 1 and TH = 4 vs. TH = 1, but not significant for 
TH = 2 vs. TH = 1. This indicates that for more severe health 
impairment levels (TH = 3 and TH = 4), trees with taller 
boles tend to have a higher probability of being in these 
categories—a pattern that warrants further investigation.

These results are consistent with previous studies on 
tree–liana dynamics and successional processes in tropical 
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the complexity of tree–liana interactions, as lianas function 
not only as competitors but also as important components of 
forest structure, influencing canopy dynamics and ecological 
processes related to productivity and nutrient cycling.

In this context, the copula-based joint analysis 
proved particularly relevant because it enabled the 
simultaneous evaluation of dependencies between liana 
presence and tree health status, revealing patterns not 
captured by isolated marginal analyses. The results suggest 
that liana presence is more associated with gradual 
physiological and functional weakening of trees than with 
immediate mortality. Therefore, tree–liana interactions 
should be understood within a multifactorial ecological 
context, where biotic and abiotic factors jointly influence 
forest dynamics, resilience, and ecosystem stability.

CONCLUSION

This study employed a statistical framework combining 
the Almost Unbiased Ridge-Type Principal Component 
Logistic Estimator (AURPLCE) for marginal modeling of 
binary variables under multicollinearity with a copula-based 
approach to model dependence between discrete variables. 
The methodology proved effective for analyzing complex 
ecological data, particularly the relationship between liana 
presence and tree health status using data from the National 
Forest Inventory of Minas Gerais.

The marginal modeling of liana presence (PLbin) 
using the AURPLCE estimator indicated significant effects 
of dendrometric characteristics (BH, THE), spatial variables 
(latitude, longitude) and the morphological variable BQ on 
liana occurrence, with satisfactory predictive performance 
(AUC = 0.771). For tree health status (TH), the multinomial 
logistic model revealed interactions between covariates and 
health impairment levels, highlighting THE, DBH, latitude, 
longitude, and BQ as important predictors.

The Clayton copula was selected as the most 
appropriate model to characterize the dependence 
between PLbin and TH, reflecting an asymmetric dependence 
structure and yielding a Kendall’s tau correlation of  τ
=0.1109. This choice highlights the importance of flexible 
methods capable of capturing nonlinear relationships 
and asymmetries in ecological data. The resulting joint 
probability table and heat map provide valuable tools 
for visualizing and quantifying the likelihood of different 
combinations of liana presence and tree health status. 
The results indicate that the absence of lianas is strongly 
associated with healthy trees (TH = 1), whereas liana 
presence shows a moderate positive association with more 
compromised health states, although other factors likely 
play a substantial role in cases of severe health decline.

Overall, the proposed methodology enabled 
a comprehensive analysis of factors influencing liana 
presence and tree health status individually and jointly. 
These findings provide relevant implications for forest 
management and ecosystem stewardship by supporting a 
quantitative understanding of ecological interactions and 
contributing to more effective conservation and monitoring 
strategies. Future studies may extend this framework using 

balance by reducing photosynthetic capacity, limiting water 
availability, and increasing metabolic maintenance costs.

Consequently, increasing liana loads may promote 
gradual phytosanitary weakening, reflected in reduced 
vigor, greater susceptibility to mechanical damage and 
environmental stress, higher mortality risk, and lower 
regeneration and growth capacity (Estrada-Villegas et al., 
2022). Therefore, tree–liana interactions play a central role 
in forest dynamics, directly influencing forest structure, 
regeneration, carbon storage, and ecosystem resilience.

Discussion of the Joint Probability Tables

Table 5 presents the estimated joint probabilities, 
providing a detailed view of the co-occurrence between 
the different levels of tree health status and the presence or 
absence of lianas. Analyzing Table 5:

The highest joint probability is 
P(TH=1,”LP”=0)=0.3655, indicating a high likelihood of 
encountering healthy trees in the absence of lianas. This 
result is expected and ecologically desirable.

In contrast, the probability P(TH=1,”LP”=1)=0.1583 
is considerably lower. This indicates that, although 
healthy trees can still occur in the presence of lianas, 
their likelihood is substantially reduced compared to 
environments without lianas.

As tree health status deteriorates (TH = 2, TH = 
3, TH = 4), the joint probabilities associated with both 
LP = 0 and LP = 1 tend to decrease. This trend reflects 
the progressively lower frequency of increasingly 
compromised health states. However, it is essential to 
interpret these values in relative terms.

For the most severely compromised health categories 
(TH = 3 and TH = 4), joint probabilities are relatively low 
regardless of liana presence. This pattern reflects not only 
the reduced prevalence of these categories in the sample but 
also the complexity and multifactorial nature of the processes 
leading to severe declines in tree health.

The joint analysis enabled by the copula framework 
provides a richer perspective than isolated marginal 
analyses, revealing subtle nuances in the dependence 
structure between the variables. For instance, the 
probability of a tree being classified in the most severe 
health category (TH = 4, dead) in the presence of lianas 
is P(“TH”=4,”LP”=1)=0.0338. Although this value is low in 
absolute terms, its ecological relevance emerges when 
compared with P(TH=4,”LP”=0)=0.0497. This comparison 
suggests that, in this specific case, the presence of lianas 
may not be the dominant factor driving tree mortality, or 
that other stressors may lead to tree death independently 
of liana occurrence. Such an interpretation must be made 
with caution and should be considered in conjunction with 
domain knowledge.

This interpretation is consistent with Estrada-Villegas 
et al. (2022), who reported that liana removal did not 
significantly reduce tree mortality, although it marginally 
improved sap flow and tree growth in silvicultural systems. 
The authors also highlighted the significant contribution of 
lianas to the forest leaf area index (LAI), reinforcing their 
structural role within the canopy. These findings emphasize 
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conditional copulas or pair-copula constructions to model 
more complex dependence structures involving a larger set 
of interacting variables.
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