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Abstract
Motivated by challenges in the analysis of biomedical data and observational studies, we develop statistical boosting for
the general class of bivariate distributional copula regression with arbitrary marginal distributions, which is suited for
binary, count, continuous or mixed outcomes. To arrive at a flexible model for the entire conditional distribution, not
only the marginal distribution parameters but also the copula parameters are related to covariates through additive
predictors. We suggest estimation by means of an adapted component-wise gradient boosting algorithm. A key benefit of
boosting as opposed to classical likelihood or Bayesian estimation is the implicit data-driven variable selection mechanism
as well as shrinkage. To the best of our knowledge, our implementation is the only one that combines a wide range of
covariate effects, marginal distributions, copula functions, and implicit data-driven variable selection. We showcase the
versatility of our approach to data from genetic epidemiology, healthcare utilization and childhood undernutrition. Our
developments are implemented in the R package gamboostLSS, fostering transparent and reproducible research.
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1 Introduction
Distributional regression models have gained considerable prominence in statistical research over the last decade, thereby
moving the focus from modelling the conditional mean of the response variable (as done in classical regression) towards
modelling the entire conditional distribution.1 Such models capable of describing the complete distribution are highly
relevant in biomedical research, as they allow to explore variables that impact not only the average value of biomarkers,
phenotypes or scores but also other quantities such as variance or quantiles. Common examples are the construction of
reference curves or growth charts, where skewness is often covariate-specific2,3; or bivariate time-to-event data.4

Several distinct approaches to distributional regression for univariate responses exist, see Klein1 for a recent review.
Our framework builds on generalized additive models for location, scale shape (GAMLSS),5 which allow us to relate all
distribution parameters of an arbitrary univariate parametric distribution to covariates. A simple example is a GAMLSS for
the Gaussian regression model, in which not only the expectation, but also the standard deviation can be related to covariates.
This allows, for example, model heteroscedasticity. While originally proposed for univariate responses, GAMLSS has been
extended to accommodate regression models for multivariate responses,6 although practically most existing approaches are
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Figure 1. Responses in our applications analysed in Section 4: (a) binary–binary response (numbers indicate proportions): high
cholesterol and chronic ischemic heart disease; (b) count–count response (numbers indicate cases): doctor visits and medical
prescriptions; and (c) binary–continuous response: fever and wasting (indicator for acute undernutrition).

limited to the bivariate case.7–9 While parametric bivariate distributions such as the bivariate Gaussian, bivariate Bernoulli
or bivariate Poisson offer an avenue for modelling bivariate responses, they also impose limitations on the distribution of the
margins, for example, being univariate Gaussian or Poisson. A flexible alternative way to construct bivariate distributions
is copulas.10 This approach allows to linking of arbitrary marginal distributions through a copula function, reflecting the
association between the components. The literature on copula modelling, including the regression setting, is vast see, for
example , Smith11 for a review.

Reflecting the diversity of response types in our biomedical applications, in this paper, we are particularly concerned
with situations where the response variable is a bivariate vector Y = (Y1, Y2)⊤ with dependent components on possibly
different domains. We construct bivariate distributions for such situations via conditional copulas and parametric margins;
and allow all distributional parameters of the joint density to depend on covariates. Estimation is realized jointly rather
than employing a two-step procedure frequently employed in copula models. Recent contributions that are akin to ours
can be found in Marra and Radice12 featuring a bivariate continuous response, Marra and Radice13 using bivariate binary
outcomes, van der Wurp et al.14 studying bivariate count responses, as well as Klein et al.15 analysing a mixed binary and
continuous response. All these contributions showed how to construct highly flexible bivariate copula regression models
that are able to accommodate a wide range of covariate effects as well as response types. However, the substantial flexibility
inherent in this model class of distributional copula regression models notably exacerbates the issue of variable selection—a
challenge that currently remains unaddressed within the specific models we are considering.

Our methodological contribution builds on the recent work by Hans et al.,16 who estimated bivariate distributional
copula regression models via a component-wise gradient boosting framework. However, in this approach, the response
variables are both required to be strictly continuous. In many biomedical applications (but not only there), data are often
recorded at a discretized scale (e.g. symptoms present yes/no) or the responses of interest actually depict a phenomenon
expressed through discrete numbers/positive integers as in, for example, the number of doctor appointments or the num-
ber of prescription medications designated to a patient. At the time of writing (December 2023), a search in PubMed
(https://pubmed.ncbi.nlm.nih.gov) returns 395,078 and 24,439 results for “logistic regression” and “Poisson regression”
since 2010, respectively, highlighting the prevalence of binary and count responses. It may also be the case that the biomed-
ical outcome is expressed as a combination of responses that lie in different domains, for example, a binary indicator and a
continuous measurement reflecting a disease (or symptom) indicator and an undernutrition score. The three aforementioned
types of responses are the ones we consider later in Section 4 and the marginal distributions are visualized in Figure 1.

Recent work by Strömer et al.17 combined multivariate distributional regression with gradient boosting in order to
fit interpretable and highly flexible regression models in high-dimensional biomedical settings for bivariate continuous,
bivariate binary and bivariate count responses. Their work considered the bivariate Poisson and the bivariate Bernoulli
distributions, which suffer from some limitations. On the one hand, the bivariate Poisson distribution is only able to model
positive association structures between the margins. On the other hand, the bivariate Bernoulli distribution models the
association between the marginal responses by means of the ‘odds ratio’, whose ease of interpretation remains at best
questioned, see, for example, Norton et al.18 Furthermore, the marginal distributions of the components in the response
vector are assumed to be of the same type, that is, the margins of a bivariate Bernoulli/Poisson distribution must be univariate
Bernoulli/Poisson distributions. Such a restrictive assumption might not always be supported by the data. For example,
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in one of our applications where we study childhood undernutrition via the joint distribution of wasting, a continuous
indicator for acute undernutrition as reflected by low weight-for-height (in comparison to a reference population), and a
binary indicator for fever within the two weeks preceding a survey interview.

The aim of this article is threefold: First, we build upon Hans et al.16 and extend the class of boosting bivariate distri-
butional copula regression models to arbitrary margins on different domains. Second, we expand the catalogue of copula
functions and families of marginal distributions available for the publicly available R19 package gamboostLSS.20 These new
additions allow for conducting data-driven variable selection and shrinkage in both low- and high-dimensional applications,
where the number of candidate variables (p) may greatly exceed the number of observations (n). Third, we demonstrate the
versatility and wide applicability of our approach through three biomedical applications.

The rest of the article is structured as follows: Section 2 reviews distributional copula regression with different types
of responses and outlines our boosting algorithm. Section 3 summarizes our simulation studies as well as their respec-
tive results. Section 4 presents the three case studies where we analyse data from epidemiological applications in genetic
epidemiology, healthcare and public health in developing countries. We additionally illustrate the model-building process
that involves selecting marginal distributions as well as copula distributions. Lastly, a discussion is given in Section 5.
Supplemental material C contains further details on the simulation studies.

2 Bivariate distributional copula regression

2.1 Model structure
We assume that the ith observation of a response, with i = 1,… , n, follows a parametric distribution. In the con-
text of bivariate responses considered here, the joint distribution of the random vector Y = (Yi1, Yi2)⊤ is denoted by
P(Y1 ≤ yi1, Y2 ≤ yi2;𝝑i) = F1,2(yi1, yi2;𝝑i), where F1,2(⋅;𝝑i) represents the joint cumulative distribution function (CDF)
parameterized through a K-dimensional parameter vector 𝝑i = (𝜗i1,… , 𝜗iK)⊤. Rather than assuming a joint parametric
distribution for Y , we resort to a copula-based approach using Sklar’s theorem.10 This theorem states that any bivariate
distribution can be written as

F(yi1, yi2;𝝑i) = C[F1(yi1;𝝑(1)
i ), F2(yi2;𝝑(2)

i );𝝑(c)
i ] (1)

where C(⋅, ⋅) : [0, 1]2 → [0, 1] is the CDF of a bivariate parametric copula function with parameters 𝝑(c)
i ∈ ℝKc . The copula

links the possibly different parametric marginal distributions with CDFs F1, F2 and respective parameter vectors𝝑(1)
i ∈ ℝK1 ,

𝝑
(2)
i ∈ ℝK2 to arrive at the joint bivariate distribution. In what follows, we consider one-parametric bivariate copulas and

refer to 𝝑
(c)
i = 𝜗

(c)
i as the corresponding scalar association parameter that determines the strength of the association between

the marginal responses. Table SA1 in Supplemental material A details the implemented copulas in the R add-on package
gamboostLSS.

Let now K = K1 + K2 + Kc = K1 + K2 + 1 denote the total number of distribution parameters in the bivariate
distribution and 𝝑

(1)
i = (𝜗(1)

i1
,… , 𝜗(1)iK1

)⊤, 𝝑(2)
i = (𝜗(2)

i1
,… , 𝜗(2)iK2

)⊤, be the vectors containing all parameters that corre-
spond to the respective marginal distributions. All K parameters of the bivariate distribution are then stored in the vector
𝝑i = ((𝝑(1)

i )⊤, (𝝑(2)
i )⊤,𝝑(c)

i )⊤. The distributional copula regression approach relates each component of 𝝑i to possibly
different subvectors of the covariate information xi. More precisely, we employ structured additive predictors of the form

g(∙)
k
(𝜗(∙)

ik
) = 𝜂

(∙)
ik

= 𝛽
(∙)
0k

+
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s(∙)
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(xir) (2)

where g(∙)
k
(⋅) are suitable link functions with corresponding inverse functions h(∙)

k
(⋅) that ensure potential parameter space

restrictions. The symbol ∙ ∈ {1, 2, c} and the summation limit P(∙)
k

emphasize that the individual parameters 𝜗
(∙)
ik

do not

necessarily have to be modelled using the same subset of covariates. The coefficients 𝛽(∙)
0k

are parameter-specific intercepts

and s(∙)
rk
(⋅) are smooth functions that can accommodate a wide range of functional forms of the covariates, such as linear,

non-linear, or spatial effects. Each covariate effect is modelled by appropriate basis function expansions of the form
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where B(∙)
rk,l

(x) is a suitable basis function evaluated at the observed covariate value and 𝛽
(∙)
rk,l

are generic coefficients to be
estimated. As a final remark, Sklar’s theorem guarantees that the copula characterising the joint distribution of Yi is unique
only if the marginal responses are continuous. When discrete margins are present, the copula is uniquely defined only on the
range of the marginal CDFs. However, within our framework, identifiability should not be an issue for two reasons. First,
we fix the parametric form of the joint distribution a priori by making choices for the marginal distributions and the copula
function. Thereby, potential identifiability issues that arise when one is interested in learning, for example, the copula and
the marginals in a nonparametric framework without an a priori fixed structure, are not present. Second, identifiability is
ensured in our regression setting where all parameters of the distribution are observation-specific. For this, consider two
observations in the sample, say i and i′, with the same observed marginal response (yij = yij′ ) but different covariate values
for j = 1, 2. Modelling the parameters of the respective marginal distributions as functions of covariates results in different
estimates for the marginal CDFs, that is, F̂j(yij; 𝝑̂i) ≠ F̂j(yij′ ; 𝝑̂i′ ), j = 1, 2. Hence a richer range of the estimated CDFs
of the discrete marginal distributions is obtained, mitigating the identification issue when using these types of marginal
responses. This has been also pointed out by other researchers.21–24

2.2 Relevant examples of bivariate responses
In the following, we briefly describe the bivariate responses relevant to our applications. The respective choices of
corresponding marginal distributions are summarized in Table SA2 in Supplemental material A together with main
characteristics, such as expectation and variance.

2.2.1 Bivariate binary responses
We begin by considering the case Yij ∈ {0, 1}, j = 1, 2. The individual marginal probabilities of observing yij = 1 are

modelled via P(Yij = 1; 𝜗(j)i ) = 𝜗
(j)
i = h(j)(𝜂(j)i ) =: p1(j)

i , j = 1, 2, where the response function can be any function suitable
for parameters whose range is the unit interval [0, 1], for example, logit, probit and cloglog link functions. Then,

P(Yi1 = 1, Yi2 = 1;𝝑i) = C[P(Yi1 = 1; 𝜗(1)i ), P(Yi2 = 1; 𝜗(2)i ); 𝜗(c)i ]
=: p11

i

The joint probability mass function consists of the four possible outcomes of the binary responses, that is, (yi1, yi2) ∈
{(1, 1), (1, 0), (0, 1), (0, 0)}. This leads to the following log-likelihood contribution of the ith observation.

𝓁i = yi1yi2 log(p11
i ) + yi1(1 − yi2) log(p

1(1)
i − p11

i )

+ (1 − yi1)yi2 log(p
1(2)
i − p11

i )

+ (1 − yi1)(1 − yi2) log(1 − p1(1)
i − p1(2)

i + p11
i ) (3)

Note that our implementation allows the individual marginal probabilities to be modelled using different link functions.

2.2.2 Bivariate discrete responses
Each marginal response is a count variable, that is, Yij ∈ ℕ≥0, j = 1, 2. Here we denote with P(Yij ≤ yij;𝝑

(j)
i ) = Fj(yij;𝝑

(j)
i )

the marginal CDFs, and with P(Yij = yij;𝝑
(j)
i ) = fj(yij;𝝑

(j)
i ) the marginal probability distribution functions of Yij. Similar to

van der Wurp et al.,14 we compute P(Yij = yij − 1;𝝑(j)
i ) = Fj(yij;𝝑

(j)
i ) − fj(yij;𝝑

(j)
i ) in order to avoid a (trivial) evaluation of

the CDF of Yij with a negative argument in case that yij = 0, j = 1, 2. The log-likelihood function of the ith observation is
then given by

𝓁i = log
{

C[F1(yi1;𝝑(1)
i ), F2(yi2;𝝑(2)

i ); 𝜗(c)i ]

− C[F1(yi1; 𝝑
(1)
i ) − f1(yi1;𝝑(1)

i ), F2(yi2;𝝑(2)
i ; 𝜗

(c)
i )]

− C[F1(yi1;𝝑(1)
i ), F2(yi2;𝝑(2)

i ) − f2(yi2;𝝑(2)
i ); 𝜗

(c)
i ]

+ C[F1(yi1;𝝑(1)
i ) − f1(yi1;𝝑(1)

i ), F2(yi2;𝝑(2)
i ) − f2(yi2;𝝑(2)

i ); 𝜗
(c)
i ]

}
(4)

We have implemented various discrete distributions, including the Poisson and Geometric distributions. Additionally, we
have integrated two-parameter count distributions designed for over-dispersed data such as the negative binomial (Type I).
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To handle count data characterized by an excess of zero observations, we have included zero-inflated and zero-altered dis-
tributions. These include models such as the zero-altered logarithmic, zero-altered negative binomial, zero-inflated Poisson
and zero-inflated negative binomial distributions, see Table SA2 in Supplemental material A for a detailed description as
well as Rigby et al.

2.2.3 Bivariate mixed binary–continuous responses
When one response component is continuous and the other binary, we follow Klein et al.15 and resort to a latent variable
representation of the regression model for the binary component. Without loss of generality, let the first component of the
bivariate vector be the binary variable, that is, Yi1 ∈ {0, 1}. The binary response Yi1 is then determined by an unobserved,
latent variable Y ∗

i1
with parametric CDF F∗

1
(y∗

i1
;𝝑(1)

i ) through the mechanism: Yi1 = 𝟙(Y ∗
i1
> 0), where 𝟙(⋅) is the indicator

function. Then it follows that P(Yi1 = 0; 𝜗(1)i ) = F1(0; 𝜗(1)i ) = F∗
1
(0; 𝜗(1)i ) = P(Y ∗

i1
≤ 0; 𝜗(1)i ), in other words, the CDFs of

the binary and latent variables coincide at yi1 = y∗
i1
= 0. With this representation, the joint bivariate distribution is

P(Yi1 = 0, Yi2 ≤ yi2;𝝑i) = P(Y ∗
i1 ≤ 0, Yi2 ≤ yi2)

= C[F∗
1 (0; 𝜗(1)i ), F2(yi2;𝝑(2)

i ); 𝜗
(c)
i ]

from which we obtain the log-likelihood contribution:

𝓁i = (1 − yi1) log

{
𝜕C[F1(0; 𝜗(1)i ), F2(yi2;𝝑(2)

i ); 𝜗(c)i ]

𝜕F2(yi2;𝝑(2)
i )

}

+ yi1 log

{
1 −

𝜕C[F1(0; 𝜗(1)i ), F2(yi2;𝝑(2)
i ); 𝜗(c)i ]

𝜕F2(yi2;𝝑(2)
i )

}
+ log

{
f2(yi2;𝝑(2)

i )
}

(5)

The link function for the binary margin can be set to logit, probit, or cloglog.

2.3 Estimation via component-wise gradient boosting

As mentioned earlier and further emphasized by the summation index P(∙)
k

shown in equation (2), there may not be strong

a priori evidence of which subset of covariates (or if any at all) affects the individual parameters 𝜗
(∙)
k

of the bivariate
distribution F(⋅, ⋅;𝝑). Therefore, we resort to component-wise gradient boosting or statistical boosting25,26 to estimate all
coefficients simultaneously. While boosting is a general concept from machine learning, it has also been extended towards
estimating statistical models.27 The term component-wise highlights that this particular boosting framework fits the base-
learners (components) one-by-one and greedily updates the model by updating only the best-performing component.28 In
our case, the base-learners are the additive components s(∙)

rk
(x) in equation (2). We refer to Hothorn et al.28 and Mayr et al.29

for a complete list of the currently implemented base-learners. Estimating the model coefficients corresponds to solving
the optimization problem:

𝜼̂ = argmin
𝜂

[
EY {𝜔 (Y ; 𝜼)}

]

where the vector 𝜼 = (𝜼(1), 𝜼(2), 𝜼(c))⊤ ∈ ℝK contains all additive predictors corresponding to the parameters of the bivari-
ate distribution and 𝜼̂ denotes their estimates. The term 𝜔(⋅) represents the loss function, which in our case corresponds
to the negative log-likelihood of the regression model, that is, 𝜔(⋅) = −𝓁(⋅). In general, minimizing the expectation
of the loss is intractable. In practice, given a sample of i = 1,… , n observations, one minimizes the empirical risk
𝜌 = (1∕n)

∑n
i=1 𝜔(yi; 𝜼i) iteratively. In each boosting iteration, the algorithm fits each of the pre-specified base-learners in

each predictor individually to the negative gradient of the loss function (also sometimes referred to as pseudo-residuals),
that is, −𝜕𝜌∕𝜕𝜂(∙)

k
. Only the best-fitting base-learner is selected and a ‘weak’ update of the model is conducted. The fit-

ting procedure is run for a pre-specified number of iterations denoted by mstop, which plays a similar role like the penalty
parameter ‘𝜆’ of the least absolute shrinkage and selection operator (LASSO),30 and acts as the main tuning parameter.
In our case, we conduct non-cyclical updates,31 which means that only one out of all additive predictors is updated per
fitting iteration. Only the update which leads to the highest decrease in the empirical risk is updated. By conducting early
stopping, that is, using moptstop < mstop fitting iterations, some base-learners will effectively be left out of the model, since
they were not selected in any iteration. Hence early stopping results in intrinsic, data-driven variable selection as well as
shrinkage of covariate effects. Algorithm 1 in Supplemental material A details the procedure including a mechanism for
tuning of mstop.
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The data-driven variable selection and regularization of effect estimates resulting from boosting with early stopping are
particularly suitable for exploratory data analyses or prediction modelling. In such cases, boosting can provide valuable
insights by automatically selecting relevant variables without requiring prior knowledge of their importance. However, it
is worth noting that as a main limitation, statistical boosting in our flexible model class lacks the availability of asymptotic
theory to, for example, construct confidence intervals or to conduct inference.

3 Simulation study
In this section, we summarize the main findings of our simulation study. We refer to Supplemental material B for all details
of the simulation study. We consider three response scenarios in Sections SB1 to SB3 in Supplemental material B., one
for bivariate binary, count and mixed outcomes each under different levels of sparsity. The main goals are to evaluate (i)
estimation, (ii) variable selection and (iii) predictive performance of our proposed bivariate copula approach compared
to the benchmark of estimating two separate (and thus independent) univariate models. Additionally, we investigate the
performance of the out-of-sample negative log-likelihood evaluated on an additional test data set to identify the correct
copula function in Section SB4 in Supplemental material B. The code used to reproduce the simulations can be found in
the following repository: https://github.com/GuilleBriseno/BoostDistCopReg_BinDiscMix.

3.1 General settings
All boosting models are fitted using the gamboostLSS package. A training data set of ntrain = 1000 observations and a fixed
step-length of sstep = 0.1 for all distribution parameters are used. The stopping iteration mstop is optimized by minimising
the out-of-bag negative log-likelihood using a validation data set with nmstop = 1500 observations from the same underlying
distribution (see Step 4 in Algorithm 1 in Supplemental material A). We apply L2-stabilisation to the parameter-specific
gradients in order to obtain similar step-lengths among the various dimensions of the model, see Hofner et al.20 for details on
gradient stabilisation. The performance of the copula and univariate models is evaluated using multivariate proper scoring
rules (negative log-likelihood and energy score32), both oriented such that lower values indicate better performance and
evaluated on an additional test data set of size ntest = 1000 observations that are not used in the fitting process or for tuning.
The energy score is computed using the scoringRules33 package. We include univariate distribution-specific evaluation
criteria as well, although we remark that these criteria do not take the dependence between the responses into account. For
binary responses, we use the Brier score and the area under the curve. For the remaining discrete and mixed responses
we compute the univariate mean squared error of prediction comparing the true Yj with its prediction Ŷj, j = 1, 2. The
bivariate observations are generated using the VineCopula34 package. All performance measures are averages over the
observations in the test set and averages over 200 independent data set replications. Lastly, we report the selection rates
of the informative and non-informative variables for each distributional parameter. The selection rates are defined as the
percentage of simulation replications in which the informative/non-informative variables have been selected, averaged by
the number of informative/non-informative variables in each distribution parameter, respectively.

3.2 Details of sparsity and dimensions
To challenge the boosting algorithm, we consider different amounts of sparsity and covariates that are informative in more
than one distribution parameter. For the bivariate binary response scenario (Section SB1 in Supplemental material B)
p1 = 100, p2 = 100, and p3 = 1000 candidate covariates are considered. Only six covariates have a linear effect on the
bivariate distribution, whereas the rest are noise variables. This leads to 50% (p1), 5% (p2) and 0.5% (p3) of the candidate
covariates being informative, respectively, thereby reflecting low, medium and high levels of sparsity. The scenario with
bivariate counts (Section SB2 in Supplemental material B) is comprised of linear and non-linear data-generating processes
(DGPs) with p1 = 10 independent variables. In these configurations 60% (linear DGP) and 50% (non-linear DGP) of the
covariates were informative. The mixed binary & continuous scenario (Section SB3 in Supplemental material B) consists
of linear and a non-linear DGPs with p1 = 10. In those simulations, 50% (linear DGP) and 30% (non-linear DGP) of the
covariates were informative. With ntrain = 1000 throughout, all but the SB1/p3 case, where p = n, are low-dimensional
settings with p < n.

3.3 Overall summary of simulation results
In general, the performance of the proposed boosted copula models is satisfactory. They effectively detect and recover
all effects across different parameters of the bivariate distribution. Notably, the copula dependence parameter shows a
stronger shrinkage of informative effects compared to other parameters. As the number of considered covariates increases,

https://github.com/GuilleBriseno/BoostDistCopReg_BinDiscMix
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the degree of shrinkage also rises. This behaviour may be attributed to the greedy nature of the algorithm, since a reduction
of the loss from including a covariate with a small coefficient in the dependence parameter might not be large enough
compared to updating a coefficient in any other parameter corresponding to the margins. Consequently, this can lead to
sparser dependence parameters with relatively small effects being falsely disregarded. The choice of mstop in the distribution
parameter of the copula remains an under-explored area, deserving attention in future research to address this issue.

Overall, the copula approach is competitive in terms of selection rates of covariates in the marginal parameters and
satisfactory in identifying the most relevant effects in the dependence parameter. Based on scores evaluating the predictive
behaviour of the joint distribution, the added value compared to using boosting with independent univariate models becomes
obvious even for moderate associations between the response components.

4 Biomedical applications
In this section, we illustrate the versatility of our proposed boosted distributional copula regression approach by analysing
three different biomedical research questions. In Section 4.1, we model the joint distribution of two binary responses which
correspond to the presence of heart disease (yes/no) as well as the presence of high cholesterol (yes/no) using data from the
large-scale biomedical database UK Biobank genetic cohort study35 under application number 81202. This corresponds to
a high-dimensional setting in the covariate space. In Section 4.2, we are concerned with the joint distribution of a bivariate
count vector comprised of the number of doctor consultations and the number of prescribed medications from Australian
healthcare recipients using data from the R package bivpois.36 We demonstrate how to conduct model-building when
the choice of marginal distributions, as well as copula functions, is not clear. Lastly, in Section 4.3, we investigate the
distribution of two mixed responses relevant for analysing infant undernutrition in India emanating using data from the
Demographic and Health Survey (DHS; https://dhsprogram.com, accessed on 13 December 2023).37 In what follows, the
step-length of the boosting algorithm is set to sstep = 0.1 and the number of fitting iterations mstop is optimized via the
predictive or out-of-bag risk as outlined in Step 4 of Algorithm 1 in Supplemental material A. We resort to L2-stabilisation
in order to achieve similar effective step-lengths across the different parameters of the bivariate distributions.

4.1 Chronic ischaemic heart disease and high cholesterol
We analyse a subsample consisting of n = 30,000 individuals and p = 1867 pre-filtered genetic variants (covariates).
This sample has been previously analysed in Strömer et al.17 using a bivariate Bernoulli distribution. The responses are
the presence of chronic ischaemic heart disease (CIHD), and high cholesterol (cholesterol), both encoded as binary
variables. The prevalence of the two factors in our sample is 7.2% and 32.3%, respectively.

4.1.1 Model specification
We build the joint distribution using a Gaussian copula with logit margins. We split the sample into two partitions dedicated
for fitting (ntrain = 20,000) and tuning of mstop (nmstop = 10,000). The additive predictors of the bivariate distribution are

𝜂
(∙)
i1

= 𝛽
(∙)
01

+
1,867∑
r=1

𝛽
(∙)
r1

xir, with ∙ ={1, 2, c}

4.1.2 Results
The estimated coefficients, expressed as the exponential absolute values in each margin and the dependence parameter, are
shown in a Manhattan-type plot38 in Figure 2. The scale of the y-axis of the Manhattan plot has been modified to reflect
the importance of the different genetic variants via the exponential absolute value of the estimates coefficients (for the
margins, similar to an odds ratio from logistic regression). Using the estimated dependence parameters 𝜗̂(c)i , for i = 1,… , n,
we compute the corresponding Kendall’s 𝜏, which range from 𝜏 ∈ [−0.567; 0.289]. This result indicates that there is a
moderate negative dependence between the probabilities of chronic heart disease and high cholesterol. This finding most
likely reflects the common use of statins in the population of patients already diagnosed with chronic heart disease.39 Our
proposed boosting method selects several variants in the respective parameters of the bivariate distribution. For instance,
out of a potential 1867 possible candidates, 140 variants are selected in the first margin (𝜗(1)

1
), 322 variants in the second

margin (𝜗(2)
1

) and 181 in the dependence parameter 𝜗(c) with some overlap in the selected variants between the parameters
(90 variants selected for two out of three parameters). A total of 19 variants are shared between the dependence parameter
and 𝜗

(1)
1

, whereas 𝜗
(2)
1

and 𝜗
(c) have 48 variants in common. Moreover, 23 variants are shared among the margins. The

findings of our copula model agree with previous studies on the location of cholesterol-associated genes, see, for example,
Richardson et al.,40 where the highest estimated coefficient values are present.

https://dhsprogram.com
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Figure 2. Application in Section 4.1. Manhattan-type plots of the estimated coefficients (expressed in exponential absolute values
of the estimated values) of the boosted bivariate binary model using a Gaussian copula. The x-axis represents the genomic location of
the variants and the y-axis shows exp(|𝛽j|), j = 1,… , p.

4.2 Doctor consultations and prescribed medications in Australia
We study the joint distribution of a bivariate count response comprised of the number of doctor consultations (doctorco)
and the number of prescribed medications (prescrib) of healthcare recipients from Australia. The sample consists of
n = 5190 observations and we use 65% of them to fit the model (ntrain = 3114), and 25% for optimising mstop (nmstop =
1298). An additional test partition of ntest = 778 observations is used to determine the best-fitting marginal distributions
and copula function. The dataset comprises two continuous covariates. These are age (age in years divided by 100) and
income (annual income in Australian dollars divided by 1000). In addition, the binary covariate gender (1 female, 0 male)
is reported.

4.2.1 Marginal distributions
The best-fitting marginal distributions have been determined via the out-of-sample negative log-likelihood on the test
partition of the data, see Table SC1 in Supplemental material C for more details. As shown in Figure 1(b), each of the
marginal responses exhibits a large amount of zeros and their respective variances differ from the mean (doctorco =
0.302; Var(doctorco) = 0.637, and prescrib = 0.863; Var(prescrib) = 2.003). While these descriptive statistics
do not account for the covariates, we also find that with regressors the Poisson distribution is not suited to model the
conditional distribution of the two responses. The best-fitting marginal distributions in terms of the out-of-sample negative
log-likelihood are the zero-altered logarithmic distribution (𝜗(1)

1
, 𝜗(1)

2
)⊤ for doctorco, where the probability of observing a

zero is modelled by the parameter 𝜗(1)
2

. The zero-inflated negative binomial distribution (𝜗(2)
1

, 𝜗(2)
2

, 𝜗(2)
3
)⊤ is the most suitable

for prescrib. With this, the probability of observing a zero is explicitly modelled via the parameter 𝜗(2)
3

.

4.2.2 Copula selection
The copula was selected by means of the out-of-sample negative log-likelihood (using the same test data as for the margins)
out of six possible candidates: Gaussian, Frank, Clayton, Gumbel, Farlie–Gumbel–Morgenstern and Ali–Mikhail–Haq
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Figure 3. Application in Section 4.2. Estimated partial effects of age (a) and income (b) on the additive predictors 𝜂(∙)k of the
parameters of the marginal distributions as well as the dependence parameter of a Clayton copula.

copulas, with the Clayton copula giving the best out-of-sample negative log-likelihood. This indicates that the data support
the presence of lower tail dependence, that is, strong dependence of very low values in both marginal responses. In addition,
the Clayton copula performs better than independent margins as well as the bivariate Poisson distribution, see Table SC2
in Supplemental material C for more details.

4.2.3 Predictor specification
As a result of the selection of marginal distributions, there are six parameters in the bivariate distribution (K1 = 2, K2 =
3, Kc = 1) and all additive predictors in the distribution share the following configuration:

𝜂
(∙)
ik

= 𝛽
(∙)
0k

+ 𝛽
(∙)
1k
genderi + s(∙)

1k

(
incomei

)
: genderi

+ s(∙)
2k

(
agei

)
: genderi + s(∙)

3k

(
incomei, agei

)
,

∀k = 1,… , K∙, ∙∈{1, 2, c}

where the term s(⋅) : gender denotes a varying coefficient term, where age or income are effect modifiers of the effect of
gender, respectively. The base-learner s(∙)

3
(income, age) indicates the interaction term of the respective covariates and is

specified as a two-dimensional P-spline. Therefore, this configuration takes into account the main effect of all covariates
in the data as well as possible interactions between them.

4.2.4 Results
Table SC3 in Supplemental material C shows the base-learners selected in each parameter of the joint bivariate distribution.
The fitted values of the dependence expressed as Kendall’s 𝜏 range within 𝜏 ∈ [0.341; 0.539], indicating a moderate
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Figure 4. Application in Section 4.2. Estimated partial interaction effect of age and income on the additive predictor 𝜂(2)1 of the

parameter 𝜗(2)1 (number of prescribed medications; prescrib).

estimated dependence between the margins in the sample, conditional on all selected covariate effects. Only the main
effect of age and gender were selected on the copula dependence parameter.

The results of non-linear effect estimates and selected effect modifiers are depicted in Figure 3. The covariate age has
a non-zero effect in all parameters of the bivariate distribution (see panel (a) of Figure 3) and it interacts with gender
only on the marginal distributions. In particular, the effect of age on 𝜗

(1)
1

is increasing between 20 and 50 years, and then
becomes decreasing for older male individuals. For female individuals, the effect follows a similarly shaped pattern, albeit
the positive effect lasts until the mid-30s and the range of the effect is close to zero. Increasing age leads to smaller values of
the parameter 𝜗(1)

2
for male individuals, whereas for females the effect leads to an increase in 𝜂

(1)
2

but its range is once again
close to zero. The two aforementioned parameters jointly determine the expectation and variance of doctorco, whereas
the parameter 𝜗(1)

2
explicitly models the probability of observing a zero. Hence, for older individuals, it becomes less likely

to have zero doctor consultations.
For male individuals, increasing age leads to an increase in the predictor of 𝜗(2)

1
, which partially determines the expected

number of prescribed medications. Intuitively, the predictor of 𝜗(2)
3

decreases almost linearly with the male individual’s age,
which directly translates to the logit of a decreased probability of observing a zero in the second margin. In other words,
older male individuals are more likely to have a number of prescribed medications that are larger than zero. Conversely, the
effect of age of female individuals on the predictor of 𝜗(2)

3
shows an upward trend, which indicates an increasing likelihood

of having zero prescribed medications. A downward-sloping effect of age is estimated for the parameter 𝜗(2)
2

for both female
and male individuals. Additionally, the dependence between the margins decreases in older individuals as seen in the panel
corresponding to 𝜗

(c). Note that the interaction between age and gender is not selected in the dependence parameter.
The covariate income is selected in four parameters of the bivariate distribution, see Figure 3(b). The individual’s income

has a non-zero effect on the parameters of doctorco distribution and shows no interaction with gender. Conversely,
income exhibits a much smaller, albeit downward-sloping, effect on the parameters 𝜗

(2)
1

and 𝜗
(2)
2

of the distribution of

prescrib. The interaction of income and gender is selected only on the parameter 𝜗
(2)
1

. The covariate income was

neither selected on the parameter 𝜗(2)
3

nor on the dependence parameter. This result indicates that income does not play a
role in the association between prescrib and doctorco. The interaction between age and income is only selected for
the parameter 𝜗(2)

1
. The estimated two-dimensional P-spline depicted in Figure 4 shows that there is an interplay between

an individual’s age and income on the expected number of prescribed medications (prescrib). For younger individuals
with low to moderate income, the interaction reduces the value of the additive predictor of 𝜗(2)

1
. A similar pattern can be

observed for individuals in a higher age bracket (≥ 70 years) with low income.
The covariate gender was selected in all parameters except for 𝜗(1)

1
, see Table 1, middle block. The estimates of gender

in the first margin indicate that the expected value of both responses is higher for female healthcare recipients, ceteris
paribus. This is due to 𝜗

(1)
2

directly modelling the probability of observing no doctor visits. The estimated effect of gender
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Table 1. Estimated linear effects for applications in Sections 4.1) (first block), 4.2 (second block) and 4.3 (third block) across
distribution parameters.

Margin 1 Margin 2 Copula

Application Covariate 𝜗
(1)
1 𝜗

(1)
2 𝜗

(2)
1 𝜗

(2)
2 𝜗

(2)
3 𝜗

(c)

Bivariate binary Bernoulli (logit) Bernoulli (logit) Gaussian
Intercept −1.198 – −0.317 – – 0.442

Bivariate count ZALG ZINBI Clayton
Intercept −1.193 −0.050 −0.255 0.234 0.022 0.452
gender (female) 0 −0.218 0.189 −0.447 −1.171 −0.379

Bivariate mixed Bernoulli (probit) Gaussian Clayton 270◦

Intercept −0.230 – 0.003 0.008 – 0
cgender (female) −0.031 – 0 0.002 – 0

The symbol “–” indicates that the distribution does not feature the respective parameter, whereas 0 indicates that the algorithm did not select the
respective covariate.

in 𝜗
(2)
3

also suggests that the probability of having zero prescribed medications is lower for female recipients compared
to male individuals. Lastly, the dependence between the margins is lower for female individuals, relative to their male
counterparts.

4.3 Determinants of infant undernutrition in India
We analyse a sample of n = 24,286 observations to study jointly two determinants of child undernutrition in India. The
binary response fever indicates whether a child has had fever up to two weeks prior to the survey interview, whereas
wasting denotes low weight-for-height, indicating an acute recent weight loss. According to UNICEF, this is the most
immediate, visible and life-threatening form of undernutrition.41 The individuals in the sample are spread across 438
administrative units (districts) with some imbalance in the number of observations per district. We resort to a slightly
different sub-sampling scheme compared to the previous applications in order to obtain ntrain, and nmstop. We include all
observations corresponding to districts with a sample size below or equal to 40 in ntrain. For all other districts with more
than 40 observations, we sample without replacement and obtain a fraction of around 75% of the total observations used
for training (ntrain = 18,214) and 25% for optimizing mstop (nmstop = 6072). Table SC4 (Supplemental material C)
summarizes the responses and available covariates.

4.3.1 Model specification
We follow Klein et al.15 and set the link function for the model of fever to probit, whereas for wasting we resort to a
heteroscedastic Gaussian distribution. The dependence between the margins is modelled using a Clayton copula rotated
by 270◦. This allows us to model dependence between very high values of fever and very low values of wasting. It
seems reasonable to expect such a dependence structure to be supported by the data, since it is likely that the probability
of children experiencing fever is prone to be dependent on low weight-for-height values (wasting, i.e. undernourished
infants). Consequently, the bivariate distribution has K = 4 distribution parameters. In Klein et al.,15 the additive predictor
of the margins was fixed and an information-criterion-based model selection procedure was conducted using different
configurations of the predictor of 𝜗(c). Here we allow our proposed approach to select the variables in all predictors of the
bivariate distribution in a data-driven manner, without further input from the analyst. That is,

𝜂
(∙)
ik

= 𝛽
(∙)
0k

+ 𝛽
(∙)
1k
cgenderi + s(∙)

1k

(
cagei

)
+ s(∙)

2k

(
mbmii

)

+ s(∙)
3k

(
breastfeedingi

)
+ s(∙)

4k

(
distHi

)

where k = 1,… , K, ∙ ∈ {1, 2, c} and s(∙)
4k
(distHi) is set as a Markov random field base-learner to model the discrete spatial

information of the districts in the data. The covariates cage, mbmi and breastfeeding are incorporated using P-spline
base-learners with 20 knots and second-order difference penalties, whereas a linear base-learner is used for cgender.

4.3.2 Results
The estimated dependence between the margins in terms of Kendall’s 𝜏 ranges within 𝜏 ∈ [−0.561; −0.052], suggesting
a negative dependence between wasting and fever. This is a reasonable finding since a lower wasting score implies a
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Figure 5. Application in Section 4.3. Estimated partial effects of the child’s age (cage, a), months of breastfeeding
(breastfeeding, b) and the mother’s body-mass-index (mbmi, c) on the additive predictors 𝜂(∙)k of the parameters of the margins as
well as the dependence parameter of a Clayton copula rotated by 270◦.

more severe form of undernutrition, whereas the risk of fever is expected to be positively associated with poor health status.
The estimated non-linear effects of the covariates cage, breastfeeding and mbmi are visualized in Figure 5. It can be
seen that children within 0 and ≈ 12 months of age have an increasing likelihood of fever. The estimated effect of cage is
downward-sloping in the first 20 months on the expectation of wasting, whereas on the standard deviation, a similar pattern
is observed albeit with a much smaller slope, see Figure 5(a). In terms of the dependence structure, the child’s age appears to
have a negligible effect. The estimated effect of breastfeeding on fever depicted in Figure 5(b) shows an upward slope
and on 𝜗

(1)
1

a downward slope. The presence of breastfeeding at a later age of the child could reflect a lack of other sources
of nourishment apart from the mother, serving as a proxy for household’s poverty, thus driving the probability of fever
upwards and the expected value of wasting downwards. The variable breastfeeding is not selected in the dependence
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Figure 6. Application in Section 4.3. Shown are (a) expected value, (b) standard deviation of fever; (c) estimated expected value,
(d) standard deviation of wasting; (e) estimated Kendall’s 𝜏 , and (f) joint probabilities in % of having fever and moderate
undernutrition according to the Clayton copula rotated by 270◦.

parameter. Compared to cage and breastfeeding, the mother’s body-mass-index (mbmi) shows a small to moderate (see
𝜗
(2)
1

) association with the margins, see Figure 5(c). The effect of mbmi is slightly increasing in the expectation of wasting
and remains stable at around mbmi ≈ 25. However, the effect of mbmi leads to a sharp increase in the dependence between
the margins after it reaches values of approximately 25. The covariate cgender was not selected in 𝜗

(2)
1

as well as 𝜗(c) and

it shows a very small value in 𝜗
(2)
2

, compare Table 1, third block. Finally, Figure 6 presents various estimated quantities
(expectation, standard deviation and Kendall’s 𝜏, joint probabilities) according to the spatial structure of the data. The
spatial component modelling the districts (distH) is selected in all parameters. In Figure 6(a) it can be observed that the
districts located in the centre of India exhibit a higher probability of fever, however, the standard deviation of fever is
rather high across the country (see Figure 6(b)). The expectation of wasting remains mostly low throughout all districts,
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with some exceptions located in the north and north-eastern districts of India, see Figure 6(c). Compared to fever, the
standard deviation of wasting is rather low in most districts, see Figure 6(d). Figure 6(e) and (f) visualizes the per district
average of the estimated dependence between the margins in terms of Kendall’s 𝜏 and the estimated joint probabilities (in
%) of having fever and moderate undernutrition, that is, P(Y1 = 1, Y2 < −2). It can be seen that the magnitude of the
dependence is larger in some districts located in the north-western are, as well as the south-eastern coast of India. The joint
probabilities of fever and moderate undernutrition indicate that children located in mid-eastern districts are more prone to
suffer from undernutrition.

5 Discussion
We have extended the boosted distributional copula regression approach16 to accommodate arbitrary response types on
different domains. We conducted a wide range of simulation studies to investigate the predictive performance, as well as
the estimation capabilities of our proposed method. Overall, we found that our approach outperforms univariate boosting
models when it comes to probabilistic forecasting for the joint bivariate distribution.

We were able to demonstrate that our proposed copula approach allows us to capture the nuances of each marginal
response, such as zero-inflation, over-dispersion, or heteroscedasticity, while also modelling the dependence between the
margins using only one statistical model. Additionally, our methodology and software implementation allow us to conduct
data-driven variable selection without further input from the analyst as well as transparent and reproducible research.

We have illustrated the application of our approach on three diverse biomedical datasets. In the first application, we iden-
tified relevant genetic variants associated with the dependence of high cholesterol and ischaemic heart disease. Although
not conducted here due to computation time constraints, other copula functions than the Gaussian copula could be tested
in order to investigate whether the data support lower or upper tail dependence. In our second healthcare-related applica-
tion, we found that data on the number of doctor consultations and number of prescribed medications support lower tail
dependence, that is, dependence between extremely low values of the margins. Finally, in the third application, we studied
the joint distribution of two determinants of infant undernutrition that emanate from different domains. One determinant
is expressed as a binary indicator whereas the other is a continuous marker.

While our approach is very useful for conducting explanatory analyses and for predictive modelling, the main limitation
of resorting to statistical boosting for model fitting is the lack of confidence intervals for the estimated effects. While in
principle access to these is possible using bootstrap methods, doing so is a cumbersome and time-consuming task. Another
limitation was observed in our simulation studies in Section 3. The boosted models have a tendency to select false positives
throughout the fitting process and the different distribution parameters. Although the estimated effect of these false positives
is in most cases small or negligible, a formal correction of these incorrectly estimated effects would be appealing. An
adaptation of the de-selection procedure implemented by Strömer et al.42 would lead to more sparse models and stable
selection of informative covariates.

Another future field of application where data-driven variable selection can have a big impact is in observational studies
where endogenous variables are present, see, for example, Briseño Sanchez et al.43 and Wyszynski et al.44 Statistical
boosting could provide valuable insights in these scenarios, since the effect of endogenous variables is identifiable as long
as so-called instruments are available, which boosting could help identify and to validate the analyst’s beliefs. Lastly, we are
also exploring an extension of our boosting methodology to fit distributional copula regression models for bivariate time-to-
event data, which would greatly extend the applicability of our software implementation in biomedical research: In clinical
applications, the interest may lie in overall survival expressed as a time of a landmark event (e.g. tumour progression),
time of death, or another event time associated with a patient’s condition or chronic disease. The issue in most time-to-
event applications is the presence of censoring, posing a challenge for estimation. It could be argued that copula regression
models for standard continuous outcomes would be applicable for time-to-event data, albeit under the absence of censoring
– which is unrealistic in most practical scenarios. While some statistical packages such as GJRM45 and joint.Cox46 offer
a wide range of functionality and flexibility for bivariate time-to-event data, but they lack the ability to conduct data-driven
variable selection. Therefore, extending our proposed methodology also to multivariate censored time-to-event outcomes
could help to fill this gap in medical research.

Acknowledgements
The authors gratefully acknowledge the computing time provided on the Linux HPC cluster at Technical University Dortmund (LiDO3),
partially funded in the course of the Large-Scale Equipment Initiative by the DFG via project 271512359. The analysis of the UK Biobank
was conducted under application number 81202.



Briseño Sanchez et al. 15

Author Note
Hannah Klinkhammer and Andreas Mayr are now affiliated with the Department of Medical Biometry and Statistics, Philipps University
of Marburg, Marburg, Germany.

Declaration of conflicting interests
The authors declared no potential conflicts of interest with respect to the research, authorship, and/or publication of this article.

Funding
The authors disclosed receipt of the following financial support for the research, authorship, and/or publication of this article: The work
on this article was supported by the German research foundation (DFG) through the grants KL3037/2-1, MA7304/1-1 (428239776).

ORCID iDs
Guillermo Briseño Sanchez https://orcid.org/0000-0003-1303-7411
Nadja Klein https://orcid.org/0000-0002-5072-5347
Andreas Mayr https://orcid.org/0000-0001-7106-9732

Supplemental material
Supplemental material for this article is available online.

References
1. Klein N. Distributional regression for data analysis. Annu Rev Stat Appl 2024; 11: 321–346.
2. Intemann T, Pohlabeln H, Ahrens DHW, et al. Estimating age- and height-specific percentile curves percentile curves for children

using GAMLSS in the IDEFICS study. In: Wilhelm AF and Kestler HA (eds) Analysis of large and complex data. Cham: Springer
International Publishing, 2016, pp.385–394.

3. Stasinopoulos MD, Rigby RA and Bastiani FD. GAMLSS: A distributional regression approach. Stat Modell 2018; 18: 248–273.
4. Marra G and Radice R. Copula link-based additive models for right-censored event time data. J Am Stat Assoc 2020; 115: 886–895.
5. Rigby RA and Stasinopoulos DM. Generalized additive models for location, scale and shape. J R Stat Soc Ser C: Appl Stat 2005;

54: 507–554.
6. Klein N, Kneib T, Klasen S, et al. Bayesian structured additive distributional regression for multivariate responses. J R Stat Soc Ser

C: Appl Stat 2015; 64: 569–591.
7. Craiu VR and Sabeti A. In mixed company: Bayesian inference for bivariate conditional copula models with discrete and continuous

outcomes. J Multivar Anal 2012; 110: 106–120.
8. Yee TW. Vector generalized linear and additive models. New York: Springer, 2015.
9. Klein N and Kneib T. Simultaneous inference in structured additive conditional copula regression models: A unifying Bayesian

approach. Stat Comput 2016; 26: 841–860.
10. Nelsen RB. An introduction to copulas. New York: Springer, 2006.
11. Smith MS. Bayesian approaches to copula modelling. In: Damien P, Dellaportas P, Polson NG and Stephens DA (eds) Bayesian

theory and applications. Oxford: Oxford University Press, 2013, pp.336–358.
12. Marra G and Radice R. Bivariate copula additive models for location, scale and shape. Comput Stat Data Analy 2017; 112: 99–113.
13. Marra G and Radice R. A joint regression modeling framework for analyzing bivariate binary data in R. Depend Model 2017; 5:

268–294.
14. van der Wurp H, Groll A, Kneib T, et al. Generalised joint regression for count data: A penalty extension for competitive settings.

Stat Comput 2020; 30: 1419–1432.
15. Klein N, Kneib T, Marra G, et al. Mixed binary-continuous copula regression models with application to adverse birth outcomes.

Stat Med 2019; 38: 413–436.
16. Hans N, Klein N, Faschingbauer F, et al. Boosting distributional copula regression. Biometrics 2023; 79: 2298–2310.
17. Strömer A, Klein N, Staerk C, et al. Boosting multivariate structured additive distributional regression models. Stat Med 2023; 42:

1779–1801.
18. Norton EC, Dowd BE and Maciejewski ML. Odds ratios – current best practice and use. JAMA 2018; 320: 84–85.
19. R Core Team. R: A language and environment for statistical computing. Vienna, Austria: R Foundation for Statistical Computing,

2022. https://www.R-project.org/.
20. Hofner B, Mayr A and Schmid M. gamboostLSS: An R package for model building and variable selection in the GAMLSS

framework. J Stat Softw 2016; 74: 1–31.
21. Nikoloulopoulos AK and Karlis D. Regression in a copula model for bivariate count data. J Appl Stat 2010; 37: 1555–1568.
22. Marra G and Wyszynski K. Semi-parametric copula sample selection models for count responses. Comput Stat Data Anal 2016;

104: 110–129.
23. Joe H. Dependence modeling with copulas. New York, NY: CRC Press, 2014.

https://orcid.org/0000-0003-1303-7411
https://orcid.org/0000-0002-5072-5347
https://orcid.org/0000-0001-7106-9732
https://www.R-project.org/


16 Statistical Methods in Medical Research 0(0)

24. Wyszynski K and Marra G. Sample selection models for count data in R. Comput Stat 2018; 33: 1385–1412.
25. Friedman JH. Greedy function approximation: A gradient boosting machine. Ann Stat 2001; 29: 1189–1232.
26. Bühlmann P and Hothorn T. Boosting algorithms: Regularization, prediction and model fitting. Stat Sci 2007; 22: 477–505.
27. Mayr A, Binder H, Gefeller O, et al. The evolution of boosting algorithms: From machine learning to statistical modelling. Methods

Inf Med 2014; 53: 419–427.
28. Hothorn T, Bühlmann P, Kneib T, et al. Model-based boosting 2.0. J Mach Learn Res 2010; 11: 2109–2113.
29. Mayr A, Fenske N, Hofner B, et al. Generalized additive models for location, scale and shape for high dimensional data: A flexible

approach based on boosting. J R Stat Soc Ser C: Appl Stat 2012; 61: 403–427.
30. Hepp T, Schmid M, Gefeller O, et al. Approaches to regularized regression: A comparison between gradient boosting and the

LASSO. Methods Inf Med 2016; 55: 422–430.
31. Thomas J, Mayr A, Bischl B, et al. Gradient boosting for distributional regression: Faster tuning and improved variable selection

via noncyclical updates. Stat Comput 2018; 28: 673–687.
32. Gneiting T, Stanberry LI, Grimit EP, et al. Assessing probabilistic forecasts of multivariate quantities, with an application to

ensemble predictions of surface winds. TEST 2008; 17: 211–235.
33. Jordan A, Krüger F and Lerch S. Evaluating probabilistic forecasts with scoringRules. J Stat Softw 2019; 90: 1–37.
34. Nagler T, Schepsmeier U, Stoeber J, et al. VineCopula: Statistical inference of Vine Copulas, 2022. R package version 2.4.4.

https://CRAN.R-project.org/package=VineCopula.
35. Bycroft C, Freeman C, Petkova D, et al. The UK Biobank resource with deep phenotyping and genomic data. Nature 2018; 562:

203–209.
36. Karlis D and Ntzoufras I. Analysis of sports data by using bivariate Poisson models. J R Stat Soc: Ser D (The Statistician) 2003; 52:

381–393.
37. Demographic and Health Survey, https://dhsprogram.com/Data/ (2023, accessed 13 December 2023).
38. Wang F. Chapter 3. Genome-wide association studies (GWAS): What are they, when to use them? In: Dluzen DF and Schmidt MH

(eds) Rigor and reproducibility in genetics and genomics. Translational and applied genomics. San Diego, CA: Academic Press,
2024, pp.51–81.

39. Sinnott-Armstrong N, Tanigawa Y, Amar D, et al. Genetics of 35 blood and urine biomarkers in the UK Biobank. Nat Genet 2021;
53: 185–194.

40. Richardson TG, Sanderson E, Palmer TM, et al. Evaluating the relationship between circulating lipoprotein lipids and apolipopro-
teins with risk of coronary heart disease: A multivariable Mendelian randomisation analysis. PLoS Med 2020; 17: e1003062.

41. UNICEF. Nutrition and care for children with wasting, https://www.unicef.org/nutrition/childwasting#:text=Wasting%20is%20the%
20most%20immediate,developmental%20delays%2C%20disease%20and%20death (2023, accessed 15 December 2023).

42. Strömer A, Staerk C, Klein N, et al. Deselection of base-learners for statistical boosting with an application to distributional
regression. Stat Methods Med Res 2022; 31: 207–224.

43. Briseño-Sanchez G, Hohberg M, Groll A, et al. Flexible instrumental variable distributional regression. J R Stat Soc Ser A: Stat Soc
2020; 183: 1553–1574.

44. Wyszynski K and Marra G. Sample selection models for count data in R. Comput Stat 2017; 33: 1385–1412.
45. Petti D, Eletti A, Marra G, et al. Copula link-based additive models for bivariate time-to-event outcomes with general censoring

scheme. Comput Stat Data Anal 2022; 175: 107550.
46. Emura T, Sofeu CL and Rondeau V. Conditional copula models for correlated survival endpoints: Individual patient data meta-

analysis of randomized controlled trials. Stat Methods Med Res 2021; 30: 2634–2650.

https://dhsprogram.com/Data/
https://www.unicef.org/nutrition/childwasting#:text=Wasting%20is%20the%20most%20immediate,developmental%20delays%2C%20disease%20and%20death

	1 Introduction
	2 Bivariate distributional copula regression
	2.1 Model structure
	2.2 Relevant examples of bivariate responses
	2.2.1 Bivariate binary responses
	2.2.2 Bivariate discrete responses
	2.2.3 Bivariate mixed binary–continuous responses

	2.3 Estimation via component-wise gradient boosting

	3 Simulation study
	3.1 General settings
	3.2 Details of sparsity and dimensions
	3.3 Overall summary of simulation results

	4 Biomedical applications
	4.1 Chronic ischaemic heart disease and high cholesterol
	4.1.1 Model specification
	4.1.2 Results

	4.2 Doctor consultations and prescribed medications in Australia
	4.2.1 Marginal distributions
	4.2.2 Copula selection
	4.2.3 Predictor specification
	4.2.4 Results

	4.3 Determinants of infant undernutrition in India
	4.3.1 Model specification
	4.3.2 Results


	5 Discussion
	Acknowledgements
	Author Note
	Declaration of conflicting interests
	Funding
	ORCID iDs
	Supplemental material
	References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile ()
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 5
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    33.84000
    33.84000
    33.84000
    33.84000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    9.00000
    9.00000
    9.00000
    9.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


