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1 Abstract

Large, complex datasets are becoming increasingly important in biomedical research. Such

datasets typically feature a high number of variables per subject, multiple outcomes and

complex dependency structures. While they provide new opportunities to examine scien-

tific questions in greater detail, they also pose major statistical challenges. Addressing these

challenges requires advanced methods that can handle high dimensionality, capture depen-

dencies between correlated outcomes and provide interpretable results.

This cumulative dissertation develops statistical frameworks for multivariate distributional re-

gression and variable selection techniques, enabling the analysis of complex biomedical data

while balancing flexibility, interpretability and efficiency. It comprises five publications cover-

ing methodological advances and applications in diverse biomedical contexts.

The first project demonstrates the value of advanced multivariate modeling for uncovering

clinically relevant patterns in complex longitudinal data. Using latent class linear mixed mod-

els (LCMMs), unobserved patient subgroups are identified with distinct five-year trajectories in

weight, depressive symptoms, eating disorder psychopathology and health-related quality of

life (HRQoL) after obesity surgery. The results show that physical and psychological changes

can evolve differently over time and may vary in sustainability, underscoring the need for joint

models that capture both interdependencies and heterogeneity. The second project develops

a model-based boosting approach for multivariate distributional regression within the frame-

work of generalized additive models for location, scale and shape (GAMLSS). This method

enables simultaneous modeling of all distribution parameters – including dependence param-

eters – of arbitrary parametric multivariate outcomes as functions of covariates. It incorporates

data-driven variable selection and scales to high-dimensional settings where the number of

covariates exceeds the number of observations (p ≫ n). Building on this, the third project

tackles the issue of dependent censoring in survival analysis, a challenging scenario where

the common assumption of independent censoring does not hold. In such cases, censoring

may be related to the patient’s health status; for instance, patients in poorer condition may

withdraw from a study earlier. The work proposes a novel model-based boosting method
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using distributional copula regression to jointly model the marginal distributions of event and

censoring times as well as their dependence, as functions of covariates. The fourth and fifth

papers address the challenge of improving interpretability in model-based boosting, particu-

larly for high-dimensional biomedical data. While boosting provides flexibility, it may result

in overly complex models by including covariates with negligible importance. The fourth pa-

per proposes a deselection approach for univariate (distributional) regression that removes

irrelevant predictors with only a minor impact on the prediction of the model, yielding simpler

and more interpretable models without compromising predictive performance. The fifth paper

extends this approach to distributional copula regression, enabling not only the removal of

variables with minor importance but also the determination of whether specific parameters

require covariate effects. This controls model complexity and enhances interpretability.

This dissertation includes five research articles published in peer-reviewed international jour-

nals (Publication A – E).
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2 Introduction and aims with references

Large and complex data sets are playing an increasingly important role in many areas of

biomedical research. Recent technical developments in molecular medicine and genetics,

combined with the emergence of new digital measurement instruments, have enabled re-

searchers to generate vast amounts of data, often with a high number of variables per sub-

ject – even in traditional clinical studies and epidemiological registries (Jordan et al., 2024;

Dattangire and Biradar, 2024). The resulting data dimensionality creates new opportunities

to investigate complex scientific questions that were previously difficult to study due to limita-

tions in data availability, while simultaneously introducing major statistical challenges. Hence,

there is an ongoing need for advanced statistical methods capable of handling not only high

dimensionality but also the complex dependencies that may arise among multiple, potentially

correlated outcomes.

Classical regression models, including generalized linear models (GLMs; McCullagh and

Nelder 1989), generalized additive models (GAMs; Hastie and Tibshirani, 1990) and struc-

tured additive regression models (STAR; Brezger and Lang, 2006), are designed to estimate

the conditional mean of a univariate response variable as a function of covariates. While

these approaches are well-established and widely used across many fields, they may not be

sufficient to address the emerging challenges mentioned above. In many biomedical appli-

cations, such as health-related quality of life (HRQoL) analysis, it is essential to explore not

just insights obtained through mean regression, but also how the entire distribution, includ-

ing variability, changes with patient characteristics (Ferrari and Cribari-Neto, 2004; Hunger

et al., 2011; Hunger et al., 2012). Distributional regression models address these needs by

modeling the full conditional distribution, enabling richer insights than mean regression alone.

Among these, generalized additive models for location, scale and shape (GAMLSS; Rigby

and Stasinopoulos, 2005) are a well-known example, allowing covariates to influence multiple

distribution parameters, including location, scale and shape, thus enabling detailed character-

ization of distributional properties for outcomes such as HRQoL. Despite these advantages,

GAMLSS and similar models are typically restricted to univariate settings with one outcome
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variable, and thus can not capture dependencies among multiple correlated outcomes. Such

dependencies are common and relevant in biomedical research and arise in diverse forms:

one example where multivariate modeling could be particularly valuable is in long-term clinical

studies, where physical and psychological health outcomes are often measured in parallel af-

ter medical interventions, with improvements that may occur simultaneously yet follow distinct

temporal patterns (Dawes et al., 2016; Kalarchian et al., 2019; Hilbert et al., 2022). Another

example is the analysis of multiple biomarkers or spatially correlated health outcomes. For

instance, in child malnutrition research, indicators such as stunting, underweight and wasting

are related and frequently co-occur, suggesting a need for joint modeling to identify shared

risk factors (Tesfaw and Fenta, 2021).

To further increase flexibility and move beyond univariate responses, multivariate modeling

frameworks have been developed, extending traditional regression methods to model multiple

outcomes jointly. For example, the work by Klein et al. (2015) builds on the GAMLSS frame-

work to allow for flexible, joint modeling of multivariate response distributions. The approach

enables the simultaneous estimation of marginal distributions and the dependencies between

outcomes as functions of covariates. These multivariate distributions, such as the multivariate

Gaussian, are often used when the outcomes are of the same type and well-behaved, making

them particularly suitable in biomedical contexts. However, some applications, such as the

study of risk factors for adverse birth outcomes (Klein et al., 2019), involve diverse types of

outcomes (e.g., combinations of binary and continuous responses) as well as dependencies

that are asymmetric, nonlinear or concentrated in the tails of the joint distribution. Copula-

based models provide a flexible and interpretable alternative. By decoupling the specification

of marginal distributions from the dependence structure (Sklar, 1959; Nelsen, 2006), copu-

las enable the construction of joint models that accommodate diverse types of outcomes and

dependence structures.

The curse of dimensionality frequently results in data situation where the number of covari-

ates exceeds the number of observations (p ≫ n). These datasets are commonly referred

to as high-dimensional datasets and pose further challenges for statistical modeling. In such
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situations, regression methods must not only be flexible but also incorporate variable se-

lection to identify the most relevant covariates. Statistical learning approaches have been

developed to address these challenges by combining flexible modeling with mechanisms for

variable selection and regularization. Such methods are particularly effective for analyzing

high-dimensional datasets, allowing for the extraction of meaningful patterns while controlling

overfitting and noise (James et al., 2022). In this context, statistical boosting has emerged

as a powerful tool (Bühlmann and Hothorn, 2007; Mayr et al., 2014). It offers a modular

framework for high-dimensional regression that integrates flexible predictor specifications,

structured additive modeling and data-driven variable selection, including within the GAMLSS

framework (Mayr et al., 2012; Thomas et al., 2018). This makes boosting particularly attrac-

tive for analyzing large-scale data, where both interpretability and predictive accuracy are

essential. Combining boosting algorithms with advanced regression frameworks is therefore

a flexible and effective solution to model modern, high-dimensional biomedical data.

2.1 Thesis outline

This cumulative dissertation aims to develop modeling techniques for multivariate distribu-

tional regression with complex dependencies, with an emphasis on high-dimensional data

and variable selection, and to apply these methods in a biomedical context. It comprises five

published articles, organized into two thematic sections: (i) advanced modeling approaches

(Publication A – C) and (ii) enhanced variable selection and complexity reduction (Publication

D and E).

The first article examines the joint multivariate trajectories of long-term improvements in weight

and mental health outcomes over time among patients who have undergone obesity surgery

(Publication A). The following two articles are embedded in the boosting framework: the sec-

ond article introduces a flexible approach to multivariate distributional regression (Publication

B), and the third article develops a copula-based method to appropriately model dependent

censoring in survival analysis (Publication C). The fourth and fifth article focus on variable se-

lection and complexity reduction in boosting, proposing a deselection procedure for reducing
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the number of variables in univariate (distributional) regression (Publication D) and its exten-

sion to more complex models, enabling both variable and model simplification (Publication

E).

A complete list of all publications frommywork at the Institute of Medical Biometry, Informatics,

and Epidemiology, and the Institute of Biometry and Statistics (University of Marburg) during

my PhD years is provided in the Appendix.

2.2 Advanced modeling approaches

2.2.1 Multivariate trajectories in obesity surgery

While the physical benefits of obesity surgery are well-documented, there is much less infor-

mation on how various aspects of patients’ well-being, including weight, psychopathology, and

quality of life, change together over time. Traditional methods often analyze these outcomes

separately (Courcoulas et al., 2018; Voorwinde et al., 2022), which can overlook essential

connections between them.

InPublication A, long-term changes in weight, depressive symptoms (Patient Health Question-

naire – Depression, PHQ-D), eating disorder psychopathology (Eating Disorder Examination

– Questionnaire, EDE-Q), and HRQoL after obesity surgery are investigated using data from

the ongoing Psychosocial Registry for Obesity Surgery (PRAC) study (Hilbert et al., 2022).

The longitudinal outcomes from baseline to five years post-surgery are jointly modeled using

latent class linear mixed models (LCMMs), while accounting for incomplete follow-up due to

ongoing recruitment. Three distinct patient subgroups are identified, reflecting low, medium

and high sustainability of improvements. These findings indicate that improvements across

different outcomes do not always occur in parallel and that the sustainability of benefits varies

between subgroups, underscoring the complex and multifaceted nature of recovery after obe-

sity surgery.
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2.2.2 Multivariate distributional regression

Section 2.2.1 emphasizes the need for multivariate models to capture joint outcome patterns

accurately. To move beyond modeling only mean trajectories and to incorporate full distribu-

tional characteristics as well as dependence structures, multivariate distributional regression

provides a flexible framework. It allows each parameter of the multivariate distribution to be

modeled as a function of covariates (Klein et al., 2015). While this flexibility extends modeling

capabilities, it also presents constraints, particularly in high-dimensional settings.

To address this, a novel statistical boosting approach is introduced in Publication B. The pro-

posed method models all distribution parameters simultaneously while performing data-driven

variable selection to identify the most relevant predictors for each parameter. Therefore, it

eliminates the need to manually pre-specify which covariates affect which parameters, sim-

plifying model building and making the approach particularly suitable for high-dimensional

settings. The approach focuses on modeling and investigating bivariate regression models

with emphasis on the most common parametric distributions in biomedical research: the bi-

variate Bernoulli distribution for binary outcomes, the bivariate Poisson distribution for count

data, and the bivariate Gaussian distribution for continuous outcomes (Marshall and Olkin,

1985; Kocherlakota and Kocherlakota, 1992; Kotz et al., 2000). The flexibility and scalability

of this framework are demonstrated in a simulation study and across diverse biomedical ap-

plications, including the analysis of genetic predispositions in the UK Biobank, health service

utilization in Australia, and childhood malnutrition in Nigeria. By jointly modeling all distri-

bution parameters and their associations as flexible functions of covariates, including linear,

nonlinear, and interaction effects, boosting multivariate distributional regression provides an

interpretable solution for complex data.

2.2.3 Dependent censoring in time-to-event data

While classical bivariate models (see Section 2.2.2) allow for the joint analysis of two fully ob-

served outcomes, survival analysis presents a distinct challenge: some individuals may not

experience the event of interest within the study period or may be lost to follow-up before its



13

occurrence, resulting in censored observations as an inherent feature of survival data. Such

incomplete observation fundamentally distinguishes survival data from standard bivariate set-

tings.

A central challenge is the often questionable assumption that survival and censoring times

are conditionally independent given covariates. For instance, if patients withdraw from a

study due to worsening health, methods that assume independent censoring may yield bi-

ased results (Huang and Zhang, 2008). To address dependent censoring, copula-based

methods have gained popularity for modeling the joint distribution of survival and censoring

times (Zheng and Klein, 1995; Rivest and Wells, 2001). However, identifiability is challenging

because right-censoring prevents the observation of both times for the same subject. Recent

advancements show that identifiability is achievable with parametric copulas and marginals,

even without prior knowledge of the copula (Czado and Van Keilegom, 2023; Deresa et al.,

2022). Nonetheless, most existing copula-based approaches are limited in their capacity to

model the dependence between survival and censoring times as a function of covariates or

to accommodate high-dimensional data.

To address these limitations, Publication C introduces a model-based boosting approach for

dependent censoring via distributional copula regression. By specifying parametric forms for

both the margins and the copula, the framework enables flexible and interpretable modeling,

allowing all distributional components, including the dependence parameter, to vary with co-

variates and to be estimated jointly. Unlike existing methods that often assume a fixed copula

or do not permit covariate effects on the dependence structure, this approach provides greater

flexibility to capture complex, covariate-dependent relationships. Integration within the boost-

ing framework ensures scalability and facilitates data-driven variable selection for all model

parameters, making it well-suited for modern, high-dimensional biomedical datasets.

2.3 Enhanced variable selection and complexity reduction

While boosting algorithms offer great flexibility for modeling a broad range of univariate and

multivariate regression models (as introduced in Sections 2.2.2 and 2.2.3), they often tend to
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select too many variables with negligible effect sizes (Hans et al., 2023; Jobst et al., 2024).

This tendency arises because their tuning procedures prioritize predictive performance rather

than enforcing sparsity. However, the inclusion of redundant variables is particularly undesir-

able in high-dimensional settings, where sparse and interpretable models are crucial for both

practical application and scientific findings. This challenge becomes even more pronounced

in models involving multiple distribution parameters or multivariate outcomes, where the com-

plexity of the model increases and the need for interpretability and sparsity becomes even

more critical. In these cases, managing overall model complexity involves more than just

selecting variables; it also requires assessing whether each parameter should depend on co-

variates or remain constant. For example, when only the mean parameter shows meaningful

covariate dependence, the complexity of a full GAMLSS may be avoidable, favoring the use

of simpler models like GLMs or GAMs instead.

To address this, Publication D introduces a deselection framework that relies on the attributable

risk reduction of individual base-learners. This approach systematically removes covariates

that have negligible impacts on model performance, resulting in sparser and more inter-

pretable models without compromising prediction accuracy. The deselection procedure is

controlled by a threshold parameter, which represents the minimum total risk reduction that

should be attributed to a corresponding base-learner to avoid deselection (e.g., 1%, see Fig.

3, Publication D). Building on this, Publication E extends the deselection approach to multi-

variate distributional copula regression, where the method automatically determines whether

specific parameters (e.g., copula dependence) require covariate effects or can be simplified

to a constant. This data-driven complexity control is critical for high-dimensional biomedical

data, where overparameterization risks overfitting and may obscure scientific insights.
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Discussion: Patients who achieve nadir improvements in weight and mental health early may require clinical attention to pre-
vent long-term relapse. Monitoring changes in the first years after OS appears essential to identify patients in need of additional 
intervention, ideally using indicators beyond weight, such as mental health.

1   |   Introduction

Obesity surgery (OS) is currently the most efficacious and 
sustainable intervention for severe obesity (i.e., obesity class 
3 body mass index [BMI] ≥ 40 kg/m2 or class 2 BMI ≥ 35 kg/
m2 with obesity-related comorbidities; National Institute for 
Health and Clinical Excellence  2006), an increasingly prev-
alent health disorder (Hales et  al.  2018; Ward et  al.  2019; 
Williamson et  al.  2020). The commonly applied surgical 
procedures, laparoscopic Roux-en-Y gastric bypass (RYGB) 
and laparoscopic sleeve gastrectomy (SG), lead to a total 
weight loss of 20%–35% over 5–10 years of follow-up (O'Brien 
et al. 2019; van Rijswijk et al. 2021), with weight regain mostly 
beginning around 2 years after reaching nadir weight. In the 
long term, a significant minority of patients experience poor 
weight loss (Arterburn et  al.  2020) and less improvement of 
the adverse physical obesity-related sequelae (e.g., type 2 di-
abetes mellitus; Adams et  al.  2017; Courcoulas et  al.  2018; 
Puzziferri et al. 2014).

Regarding mental health, OS produces substantial improve-
ments in mental health, for example, in symptoms of depres-
sion (Dawes et  al.  2016; Kalarchian et  al.  2019) and eating 
disorders as well as health-related quality of life (HRQOL; 
Andersen et  al.  2015; Kalarchian et  al.  2019; Kolotkin and 
Andersen  2017); however, deteriorations after initial im-
provement have been documented (Devlin et al. 2018; Hilbert 
et al. 2022; Kalarchian et al. 2019). Weight loss and improve-
ments in mental health seem to co-occur following OS (Hilbert 
et  al.  2022; Nielsen et  al.  2022), but their associations over 
time, prognostic relevance, and baseline correlates have yet 
to be explored (Hindle et al. 2017; Youssef et al. 2020). This is 
particularly relevant given the multifactorial nature of obesity 
presenting with physical and mental health-related sequelae, 
including functional impairment at different severity levels 
(Sharma and Kushner 2009).

While available long-term follow-up studies usually report 
outcomes following OS cross-sectionally by timepoints (Reis 
et al. 2023), initial studies have begun to explore post-surgical 
weight trajectories through a longitudinal perspective from 
pretreatment over time. Using univariate person-centered lon-
gitudinal latent structure analyses, prospective (Courcoulas 
et  al.  2018; Slurink et  al.  2024) and retrospective (Lent 
et al. 2018; Voorwinde et al. 2022) studies covering 3–7 years 
of follow-up mostly identified three trajectories with varying 
degrees of weight loss and regain (range: 3–7 trajectories). 
This evidence was limited by a high loss to follow-up and con-
centration on RYGB only, considering that weight trajectories 
following SG showed steeper weight regain (Shen et al. 2024). 
Only a few studies have addressed trajectories of mental 
health in addition to that of weight. For example, in their pro-
spective linear growth mixture modeling of 3 years following 
RYGB (N = 420), Slurink et  al.  (2024) identified three differ-
ent weight trajectories (high and moderate weight loss with 
weight regain, low weight loss without weight regain) and, sep-
arately, four or five trajectories of physical or mental HRQOL, 
respectively, similar to previous HRQOL modeling (Youssef 
et  al.  2020). However, associations of HRQOL trajectories 
with weight trajectories were not analyzed. Using latent class 
growth mixture modeling on retrospective 5-year data fol-
lowing OS, mainly RYGB (N = 2785), Voorwinde et al. (2022) 
identified five weight trajectories (average weight loss/fairly 
stable, above average weight loss/partial regain, low response, 
rapid weight loss/regain, continued weight loss). Separately, 
they modeled eating behavior and physical activity, resulting 
in three trajectories per variable that showed partial associa-
tions with weight trajectories.

Thus, while heterogeneity in weight trajectories after OS is in-
creasingly being elucidated, their relation to HRQOL and men-
tal health trajectories and their prognostic relevance remain 
unclear. Mechanistically, sustained weight loss following OS 
may involve long-term improvements in HRQOL and mental 
health (Hilbert et al. 2022; Nielsen et al. 2022). In contrast, un-
resolved psychopathology at follow-up—such as eating disorder 
symptoms and, less consistently, depression—was associated 
with reduced long-term weight loss and weight regain (Devlin 
et  al.  2018; Freire et  al.  2021; Hilbert et  al.  2022; Kalarchian 
et al. 2019), potentially by promoting increased energy intake or 
reduced physical activity. Postoperative eating disorder symp-
toms, depressive symptoms, and HRQOL have been found to be 
interrelated.

Overall, while changes in weight, HRQOL, and psychopathol-
ogy often co-occur after OS, it is uncertain whether their tra-
jectories align, highlighting the need for multivariate rather 
than the previously applied univariate trajectory analyses. 
It is further largely unclear whether specific multivariate 
change trajectories have a differential prognostic relevance 
for long-term physical and mental health outcomes and can 

Summary

•	 This study analyzed combined physical and mental 
health changes over 5 years after obesity surgery, iden-
tifying three patient groups with low, medium, or high 
long-term improvement.

•	 Considering multiple health indicators provided bet-
ter outcome prediction than weight alone.

•	 Low improvement was linked to a higher risk of eating 
disorders.

•	 Monitoring of multiple factors appears crucial to iden-
tifying at-risk patients needing extra care.

•	 Future research should explore these patterns over 
longer periods.
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3

improve identification of individuals at risk compared to uni-
variate weight trajectory analysis. Thus, this study sought to 
investigate change trajectories in weight, psychopathology, 
and HRQOL following OS using multivariate trajectory anal-
ysis, allowing the identification of trajectory classes, their 
sociodemographic and clinical baseline correlates, and their 
prospective association with long-term health outcomes. For 
sensitivity analysis, multivariate trajectory modeling was 
compared with univariate trajectory modeling of weight for 
concordance and prognostic significance.

2   |   Methods

2.1   |   Participants

This study is part of the ongoing prospective Psychosocial 
Registry for Obesity Surgery (PRAC) study (Hilbert et al. 2022) 
implemented at six surgical treatment centers in Germany upon 
approval by the local ethics committees and registration in the 
German Clinical Trials Register (DRKS00006749). Written in-
formed consent was obtained from all patients prior to enroll-
ment. The Strengthening the Reporting of Observational Studies 
in Epidemiology (STROBE) reporting guideline was followed for 
this study (von Elm et al. 2007).

Inclusion criteria were age ≥ 18 years and planned OS; exclu-
sion criteria were lack of German language skills and non-
compliance with study procedures. Study-specific inclusion 
criteria consisted of the surgical procedures RYGB or SG; 
complete baseline data on the four indicator variables used 
for trajectory analysis; at least one follow-up assessment 
1–5 years following surgery; and enrollment between 03/2012 
and 01/2023. Assessment time points were at baseline (T0, 
pre-surgery) and 1–6 years (T2–T7) post-operatively (T1 at 
6 months not reported in this study because depression was 
not assessed).

A total of 1144 adult volunteers were enrolled in PRAC, of which 
217 were excluded (surgery not received: 196; no RYGB or SG: 
11; dropout before baseline: 10) leaving 927 eligible patients pro-
viding baseline data on the four trajectory variables, of whom 
N = 856 (92.34%) had at least one follow-up assessment. During 
follow-up, 17.29% (148/856; T2: 38; T3: 27; T4: 23; T5: 28; T6: 21; 
T7: 11) were lost due to withdrawal of consent (126/148) or death 
(22/148). From the total baseline sample of N = 856 (70.86%), 
567 patients received RYGB (66.24%), 289 patients received SG 
(33.76%), and 2938 follow-up assessments were available (T2: 
754; T3: 629; T4: 533; T5: 438; T6: 329; T7: 255). Notably, in ad-
dition to study dropout (17.29%), further missingness resulted 
from the study's ongoing repeated-measures data collection.

2.2   |   Measures for Multivariate Trajectory 
Analysis

Body weight and height were measured objectively using cal-
ibrated equipment (for details on the imputation of missing 
objective body weight data at follow-up using subjective body 
weight, see the Data Analytic Plan). In addition to weight, three 
well-established, validated measures were selected, covering 

different aspects of mental health with clinical relevance, based 
on a multidimensional definition of health (World Health 
Organization  1946). Depressive symptoms were assessed over 
the last 2 weeks by the 9-item Patient Health Questionnaire 
(PHQ-D; Gräfe et  al.  2004; Spitzer et  al.  1999) (0 = not at all; 
3 = almost every day), with higher sum scores (0–27) indicative 
of a more severe level of depression (Cronbach's α = 0.85, 95% 
CI 0.82–0.86; McDonald's ω total = 0.88, 95% CI 0.80–0.99). 
Eating disorder psychopathology was assessed using the Eating 
Disorder Examination-Questionnaire (EDE-Q; Fairburn and 
Beglin  2008; Hilbert and Tuschen-Caffier  2016), covering re-
straint, eating concern, weight concern, and shape concern with 
22 items (0 = characteristic was not present; 6 = characteristic 
was present every day/in extreme form). A mean global score 
was derived, with higher scores indicating greater eating dis-
order psychopathology (Cronbach's α = 0.87, 95% CI 0.86–0.88; 
McDonald's ω total = 0.91, 95% CI 0.89–0.97). HRQOL was 
determined using the 31-item Impact of Weight on Quality of 
Life-Lite (IWQOL) questionnaire total sum score (Kolotkin 
et al. 2001; Mueller et al. 2011) (recoded as 0 = worst to 100 = best; 
Cronbach's α = 0.95, 95% CI 0.95–0.96; McDonald's ω total = 0.97, 
95% CI 0.95–0.99). For correlations among the trajectory vari-
ables, see Table S1.

2.3   |   Outcome Measures

Outcomes were determined at T7 and included the continuous 
measures used for the trajectory analysis. In addition, estab-
lished indicators of clinically significant change were used. For 
weight loss and clinically significant weight loss, percentage 
total body weight loss from baseline (%TBWL) and presence 
versus absence of %TBWL ≥ 20 were determined. In addition, 
percentage alterable weight loss (%AWL = 100 × (baseline 
BMI–follow-up BMI)/(baseline BMI–13)) and presence ver-
sus absence of clinically significant %AWL ≥ 35 were calcu-
lated as new measures to estimate outcome independent of 
baseline BMI (van de Laar et al. 2018). For depressive symp-
toms, a PHQ-D score < 10 versus ≥ 10 was used to determine 
absence versus presence of clinically significant, moderate 
depression (Gräfe et  al.  2004). For eating disorder psychopa-
thology, EDE-Q global scores < 95th percentile versus ≥ 95th 
percentile of normative population means (Hilbert et al. 2012) 
were used as indicators for the absence versus presence of 
clinically significant eating disorder psychopathology. (For 
HRQOL, validated cut-offs of meaningful change of IWQOL 
scores in obesity surgery or norms were unavailable.) In ad-
dition, adverse surgery-related outcomes including bariatric 
reoperations and complications with the surgical procedure 
until T7, as well as improvement in obesity-related comorbid-
ities between baseline and T7, were assessed interview-based 
using three items from the Bariatric Analysis and Reporting 
Outcome System (BAROS; Oria and Moorehead  2009) that 
were dichotomized (present, absent).

2.4   |   Baseline Correlates

Sex (male, female), age (years), education (low < 12 years, high 
≥ 12 years of school education), and surgical procedure (RYGB, 
SG) were examined as baseline correlates of the multivariate 
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trajectories; as were baseline scores of the continuous and di-
chotomous outcomes described above.

2.5   |   Data Analytic Plan

To derive multivariate trajectory classes in a data-driven man-
ner, latent class linear mixed models (LCMMs) were utilized 
to jointly model the longitudinal outcomes of weight, PHQ-D, 
EDE-Q, and IWQOL over the first 5 years after surgery. Weight 
was represented as relative weight loss to baseline over time 
(i.e., %TBWL), while PHQ-D, EDE-Q, and IWQOL scores were 
modeled as absolute differences (change scores) from baseline 
over time. If objective body weight was missing at follow-up 
but subjective body weight was available, the objective body 
weight was imputed using linear regression, estimating the 
objective weight based on the subjective body weight. For all 
other outcomes, we used all available information at the cor-
responding timepoints in the linear mixed models without 
imputation. This approach is robust to missing data under var-
ious mechanisms, including the Missing at Random (MAR) 
assumption, and is well-suited for prospective longitudinal 
designs (Twisk et al. 2013).

LCMMs were chosen to account for heterogeneity between 
patients by categorizing them into unobserved groups (latent 
trajectory classes) with distinct longitudinal class-specific tra-
jectories. Outcome- and class-specific trajectories were mod-
eled on all available data using flexible link functions based on 
splines, with random effects incorporated to adjust for repeated 
measurements and multiple outcomes. Model selection involved 
fitting models with varying numbers of latent classes and select-
ing the final number of classes based on minimizing the Akaike 
and Bayesian information criteria (AIC/BIC), maximizing en-
tropy (i.e., class separation), and considering interpretation. 
Trajectory class membership of patients was determined based 
on posterior class probabilities. Mean and individual trajectories 
for all outcomes were graphically displayed, stratified by trajec-
tory class.

To compare resulting classes from the LCMM regarding dif-
ferences in baseline correlates and 6-year outcomes, odds ra-
tios (ORs) with two-sided 95% confidence intervals (CIs) were 
calculated for categorical variables, and η2 measures with 
two-sided 95% CIs were reported for continuous variables 
using all available data. Dunn's test was used for multiple post 
hoc comparisons. For sensitivity analysis, a univariate LCMM 
was computed solely for %TBWL, and the resulting classes 
were compared to those obtained from the LCMM for multi-
ple outcomes. The comparison metric included predictive R2 
values derived from linear models for each outcome with class 
as the predictor variable, as well as Cohen's κ and interclass 
correlation. Furthermore, mean and individual trajectories 
stratified by trajectory class were graphically displayed for 
all participants with available data at the final timepoint (T7) 
as well as for those with complete data across all timepoints 
(complete cases).

All statistical tests were conducted using two-sided α = 0.05. 
Effect size interpretation was based on Cohen (small, medium, 
large: R2, 0.02, 0.13, 0.26; η2, 0.01, 0.06, 0.14; OR, 1.46, 2.50, 4.14; 

Chen et al. 2010; Cohen 1988). Analyses were performed via the 
statistical programming environment R version 4.0.4 and the 
lcmm add-on package version 2.0.0.

3   |   Results

The sample of N = 856 patients in OS was predominantly middle-
aged, female, with a low level of education, presented with class 
3 obesity, and underwent surgery at the University Medical 
Center Leipzig (Table 1). Across follow-up, 13.32% (114/856) re-
ported a bariatric reoperation.

3.1   |   Multivariate Trajectory Groups

Data-driven LCMM on changes in body weight, depression, 
eating disorder psychopathology, and HRQOL from T0 to T6 
identified three distinct multivariate trajectory classes of low (I), 
medium (II), and high (III) sustainability (Figure 1; Table S2), re-
flecting early relapse (I), gradual deterioration (II), or continued 
improvement (III) after initial post-surgical improvements from 
T0 to T2 (Table S3).

Descriptively, in the low sustainability class (I), 24 (2.80%) pa-
tients reached their nadir weight at T2, followed by a steep in-
crease by T6. Similarly, their T2 postoperative improvement in 
depression, eating disorder psychopathology, and HRQOL de-
teriorated substantially by T6. The medium sustainability class 
(II) consisted of 763 (89.14%) patients who reached their nadir 
weight at T3 after a slight continued weight loss from T2 to T3, 
followed by a gradual weight regain from T2 to T6. Patients in 
this class maintained their T2 improvement in eating disorder 
psychopathology and HRQOL through T6, while experiencing a 
slight increase in depression. The high sustainability class (III) 
included 69 (8.06%) patients who reached their nadir weight at 
T3 after considerable sustained weight loss between T2 and T3. 
These patients showed the greatest improvements in all param-
eters at T2 and experienced further improvement in eating dis-
order psychopathology and HRQOL from T2 to T6, but a slight 
increase in depression during this time.

The multivariate trajectory classes identified in the total intent-
to-treat sample showed a similar distribution and course in the 
subsample with available 6-year follow-up data (N = 225) and in 
the complete-case subsample (N = 164; Figure S1). Figures S2–
S4 illustrate the individual trajectories within each multi-
variate trajectory class for the total sample and the respective 
subsamples.

3.2   |   Baseline Correlates

Regarding baseline correlates, the trajectory classes did not 
differ significantly by sex, age, and education nor by weight 
or BMI (Table  2; mostly less than small to small effects). 
However, they differed in mental health (medium to large 
effects): Depressive symptoms and eating disorder psycho-
pathology, and clinically significant levels thereof, were 
lower in the low and medium sustainability classes than in 
the high sustainability class, and HRQOL was lower in the 
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high sustainability class than in the low sustainability class, 
whereas the medium sustainability class had higher HRQOL 
than the other two classes.

3.3   |   Clinical Outcomes at 6-Year Follow-Up

When prospectively relating trajectory classes derived from T0 
to T6 to weight loss outcome at T7, %TBWL and %AWL and their 
dichotomized variants %TBWL ≥ 20% and %AWL ≥ 35% consis-
tently differed by class and were significantly lower in the low 
and medium sustainability classes than in the high sustainability 
class, while weight and BMI were higher (Table 2; mostly me-
dium to large effects).

Regarding psychological outcomes, trajectory classes differ-
entially related to depressive symptoms and HRQOL (large 

effects), but not to clinically significant, moderate depression 
(PHQ-D ≥ 10) at T7 (less than small to small effects); these out-
comes were more favorable in the high sustainability class than 
in the medium and low sustainability classes (Table  2). Eating 
disorder psychopathology differed among all trajectory classes 
(large effect), with higher scores in those with low than medium 
sustainability and in those with medium than high sustainabil-
ity. A clinically significant eating disorder psychopathology 
(EDE-Q ≥ 95th percentile) at T7 was more likely in the low than 
medium and high sustainability classes (large or small effect, re-
spectively), whereas the differences in the medium and high sus-
tainability classes did not reach statistical significance (less than 
small effect). Trajectory classes did not differ significantly in 
patient-reported improvement of physical comorbidity from base-
line through T7 (less than small effect). Descriptively, the propor-
tion of patients reporting improvement was a quarter higher in 
the high than low sustainability class.

TABLE 1    |    Sample characteristics.

Total (N = 856)
Roux-en-Y gastric 
bypass (N = 567)

Sleeve gastrectomy   
(N = 289)

No. (%) No. (%) No. (%)

Gender

Female 587 (68.57%) 406 (71.60%) 181 (62.63%)

Male 269 (31.43%) 161 (28.40%) 108 (37.37%)

Age, years

Median (IQR) 47.00 (37.00, 55.00) 48.00 (37.00, 55.00) 47.00 (36.00, 55.00)

Mean (SD) 46.39 (11.67) 46.61 (11.38) 45.97 (12.21)

Educationa

High 117 (16.98%) 74 (16.59%) 43 (17.70%)

Low 572 (83.02%) 372 (83.41%) 200 (82.30%)

Missing 167 121 46

Body weight, kg

Median (IQR) 137.30 (122.40, 157.20) 133.80 (120.00, 149.20) 153.00 (128.30, 174.70)

Mean (SD) 141.56 (28.42) 135.60 (23.32) 153.80 (33.95)

Body mass index, kg/m2

Median (IQR) 47.52 (42.55, 52.81) 46.41 (42.17, 50.69) 50.61 (43.44, 57.52)

Mean (SD) 48.40 (8.10) 46.41 (6.33) 51.68 (9.97)

Weight statusb

Obesity class 1 11 (1.29%) 10 (1.77%) 1 (0.35%)

Obesity class 2 100 (11.68%) 66 (11.68%) 32 (11.07%)

Obesity class 3 745 (87.23%) 489 (86.55%) 256 (88.58%)

Treatment center

Leipzig 683 (79.79%) 471 (83.07%) 212 (73.36%)

Other 173 (21.21%) 96 (16.93%) 77 (26.64%)

Note: Zero missing values for each variable, with the exception of education.
Abbreviation: IQR, interquartile range.
aSchool education: high, ≥ 12 years or higher; low, < 12 years.
bObesity class 1, body mass index 30.0–34.9 kg/m2; class 2, 35.0–39.9 kg/m2; class 3, ≥ 40.0 kg/m2.
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3.4   |   Surgical Correlates

Trajectory classes were unrelated to surgical procedure, bar-
iatric reoperations, or complications following the initial 
operation up to T7 (Table  2; mostly less than small effects). 
When the 3 trajectory classes were applied separately to RYGB 
and SG patients, a similar distribution of patients in the low, 
medium, and high sustainability classes was found (RYGB: 14, 
2.47%; 509, 89.77%; 44, 7.76%; SG: 10, 3.46%; 254, 87.89%; 25, 
8.65%). Descriptively, the most notable difference occurred in 
the weight trajectory following SG (Figure  S5): the low sus-
tainability class had the lowest nadir weight, but steepest 
weight regain.

3.5   |   Sensitivity Analysis: Univariate LCMM 
for Weight

A univariate LCMM for relative weight loss from baseline only 
(i.e., %TBWL) also identified three distinct trajectory classes 
from T0–T6, with a low sustainability class including 7 (0.84%) 
patients, a medium sustainability class including 826 (98.92%) 
patients, and a high sustainability class including 2 (0.24%) 

patients. The univariate and the multivariate class solutions 
were neither concordant nor correlated in their classification of 
patients with values close to zero (κ = 0.02, z = 0.93, p = 0.35; in-
traclass correlation coefficient = 0.04, p = 0.15). The univariate 
model explained significantly less variance in the prediction of 
clinical outcomes at 6-year follow-up (T7) than the multivari-
ate model in %TBWL (predictive R2: 0.16% vs. 7.64%), depres-
sive symptoms (predictive R2: 2.32% vs. 18.42%), eating disorder 
psychopathology (predictive R2: 0.08% vs. 18.00%), and HRQOL 
(predictive R2: 0.65% vs. 25.54%; p < 0.001). Thus, the univariate 
model mostly involved less than small predictive effects across 
outcomes including %TBWL, whereas the multivariate model 
mostly involved moderately sized predictive effects.

4   |   Discussion

OS results in substantial improvements in weight and associated 
sequelae, but many patients face challenges with weight recid-
ivism, relapse in psychopathology, and HRQOL impairment 
over the long term. The contributing factors are likely multi-
factorial, but not well understood, and may be mutually rein-
forcing. However, research on long-term outcomes after OS has 

FIGURE 1    |    Multivariate trajectory classes of low, medium, and high sustainability determined via latent class linear mixture modeling con-
ducted from baseline to the first 5 years after obesity surgery (T0–T6) and applied to the 6-year follow-up (T7; N = 856). Displayed are means from 
valid cases. EDE-Q, Eating Disorder Examination-Questionnaire; IWQOL, Impact of Weight on Quality of Life-Lite; PHQ-D, Patient Health 
Questionnaire-Depression.
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TABLE 2    |    Baseline sociodemographic and clinical correlates and 6-year clinical outcomes of multivariate trajectories of low, medium, and high sustainability (N = 856).

Class 1: Low 
sustainability 

(n = 24)

Class 2: Medium 
sustainability 

(n = 763)
Class 3: High 

sustainability (n = 69)

Effect size
No. (%) or 
mean (SD) No. (%) or mean (SD) No. (%) or mean (SD)

Baseline correlates

Sex, female 16 (66.67%) 519 (68.02%) 52 (75.36%) 1 vs. 2: OR = 1.06, 95% CI, 0.39 to 2.68
3 vs. 2: OR = 0.70, 95% CI, 0.37 to 1.25
1 vs. 3: OR = 0.66, 95% CI, 0.22 to 2.10

Sex, male 8 (33.33%) 244 (31.98%) 17 (24.64%)

Age, years 44.33 (10.45) 46.39 (11.84) 47.07 (10.09) η2 = 1.15e-03, 95% CI, 0.00 to 0.01

Education, low 16 (76.19%) 501 (82.95%) 55 (85.94%) 1 vs. 2: OR = 1.52, 95% CI, 0.43 to 4.46
3 vs. 2: OR = 0.80, 95% CI, 0.34 to 1.69
1 vs. 3: OR = 0.53, 95% CI, 0.13 to 2.30

Education, high 5 (23.81%) 103 (17.05%) 9 (14.06%)

Education total 21 604 64

Education missing 3 159 5

Body weight, kg 140.50 (25.46) 141.15 (28.40) 148.78 (32.09) η2 = 5.30e-03, 95% CI, 0.00 to 0.02

Body mass index, kg/m2 47.81 (8.03) 41.14 (8.01) 51.45 (8.49) η2 = 0.01, 95% CI, 0.00 to 0.03

PHQ-D, 0–27 8.21 (5.30)a 7.26 (4.93)a 12.49 (4.70)b η2 = 0.08, 95% CI, 0.05 to 0.12

PHQ-D ≥ 10 8 (33.33%) 188 (27.49%) 51 (73.91%) 1 vs. 2: OR = 1.32, 95% CI, 0.48 to 3.33
3 vs. 2: OR = 7.45, 95% CI, 4.15 to 13.92
1 vs. 3: OR = 5.54, 95% CI, 1.87 to 17.77

PHQ-D total (N = 777) 24 684 69

PHQ-D missing 0 79 0

EDE-Q, 0–6 3.08 (0.96)a 2.82 (0.98)a 3.88 (0.84)b η2 = 0.09, 95% CI, 0.05 to 0.13

EDE-Q ≥ 95% 18 (75.00%) 469 (68.37%) 66 (95.65%) 1 vs. 2: OR = 1.39, 95% CI, 0.52 to 4.33
3 vs. 2: OR = 10.16, 95% CI, 3.27 to 51.10
1 vs. 3: OR = 7.13, 95% CI, 1.37 to 48.36

EDE-Q total (N = 779) 24 686 69

EDE-Q missing 0 77 0

(Continues)
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Class 1: Low 
sustainability 

(n = 24)

Class 2: Medium 
sustainability 

(n = 763)
Class 3: High 

sustainability (n = 69)

Effect size
No. (%) or 
mean (SD) No. (%) or mean (SD) No. (%) or mean (SD)

IWQOL, 0–100 41.12 (19.91)a 50.89 (21.14)b 24.87 (13.08)c η2 = 0.12, 95% CI, 0.08 to 0.16

IWQOL total (N = 778) 24 685 69

IWQOL missing 0 78 0

Surgical correlates

Surgical procedure, RYGB 14 (58.33%) 509 (66.71%) 44 (63.77%) 1 vs. 2: OR = 1.43, 95% CI, 0.56 to 3.52
3 vs. 2: OR = 1.14, 95% CI, 0.65 to 1.95
1 vs. 3: OR = 0.80, 95% CI, 0.28 to 2.33

Surgical procedure, SG 10 (41.67%) 254 (33.29%) 25 (36.23%)

Reoperations over 6 years 5 (20.83%) 99 (12.98%) 10 (14.49%) 1 vs. 2: OR = 2.37, 95% CI, 0.50 to 5.03
3 vs. 2: OR = 1.14, 95% CI, 0.50 to 2.34
1 vs. 3: OR = 0.65, 95% CI, 0.17 to 2.72

Complications over 6 years 6 (27.27%) 160 (32.27%) 16 (32.00%) 1 vs. 2: OR = 0.77, 95% CI, 0.24 to 2.13
3 vs. 2: OR = 0.97, 95% CI, 0.48 to 1.86
1 vs. 3: OR = 1.25, 95% CI, 0.37 to 4.66

Complications total (N = 561) 22 489 50

Complications missing 2 274 19

Clinical outcomes at 6 years

Body weight, kg 113.42 (22.04)a 105.16 (23.06)a 89.34 (18.65)b η2 = 0.05, 95% CI, 0.01 to 0.10

%TBWL 21.03 (11.37)a 25.03 (10.90)a 35.40 (10.75)b η2 = 0.08, 95% CI, 0.02 to 0.14

%TBWL ≥ 20% 4 (40.00%) 149 (67.12%) 22 (95.65%) 1 vs. 2: OR = 0.33, 95% CI, 0.07 to 1.43
3 vs. 2: OR = 10.72, 95% CI, 1.67 to 449.96

1 vs. 3: OR = 28.06, 95% CI, 2.51 to 1564.35

Body mass index, kg/m2 38.88 (6.85)a 35.89 (7.03)a 31.92 (6.40)a η2 = 0.03, 95% CI, 0.00 to 0.09

%AWL 28.49 (14.66)a 34.50 (14.93)a 48.26 (13.93)b η2 = 0.07, 95% CI, 0.02 to 0.14

%AWL ≥ 35% 2 (20.00%) 109 (49.10%) 19 (82.61%) 1 vs. 2: OR = 0.26, 95% CI, 0.03 to 1.35
3 vs. 2: OR = 4.90, 95% CI, 1.56 to 20.42

1 vs. 3: OR = 16.73, 95% CI 2.27 to 220.65

(Continues)

TABLE 2    |    (Continued)
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Class 1: Low 
sustainability 

(n = 24)

Class 2: Medium 
sustainability 

(n = 763)
Class 3: High 

sustainability (n = 69)

Effect size
No. (%) or 
mean (SD) No. (%) or mean (SD) No. (%) or mean (SD)

Body weight total (N = 255) 10 222 23

Body weight missing 14 541 46

PHQ-D, 0–27 12.33 (6.42)a 6.19 (5.53)a 4.83 (3.45)b η2 = 0.18, 95% CI, 0.10 to 0.27

PHQ-D ≥ 10 4 (44.44%) 48 (25.13%) 2 (8.70%) 1 vs. 2: OR = 2.37, 95% CI, 0.45 to 11.52
3 vs. 2: OR = 0.28, 95% CI, 0.03 to 1.24
1 vs. 3: OR = 0.13, 95% CI, 0.01 to 1.19

PHQ-D total (N = 223) 9 191 23

PHQ-D missing 15 572 46

EDE-Q, 0–6 3.70 (1.58)a 1.60 (1.26)b 1.26 (0.96)c η2 = 0.18, 95% CI, 0.09 to 0.27

EDE-Q ≥ 95% 7 (77.78%) 59 (30.57%) 3 (13.04%) 1 vs. 2: OR = 7.86, 95% CI, 1.55 to 79.71
3 vs. 2: OR = 0.34, 95% CI, 0.06 to 1.22

1 vs. 3: OR = 0.05, 95% CI, 0 to 0.41

EDE-Q total (N = 225) 9 193 23

EDE-Q missing 15 570 46

IWQOL, 0–100 53.36 (25.85)a 80.92 (19.93)a 90.76 (13.33)b η2 = 0.26, 95% CI, 0.16 to 0.34

IWQOL total (N = 224) 9 192 23

IWQOL missing 15 571 46

Somatic comorbidity, 
improved

6 (75.00%) 170 (85.43%) 19 (100%) 1 vs. 2: OR = 0.51, 95% CI, 0.09 to 5.44

Somatic comorbidity total 
(N = 226)

8 199 19

Somatic comorbidity missing 16 564 50

Note: Zero missing values for sex, age, surgical procedure, and reoperations.
Abbreviations: %AWL, percentage alterable weight loss; %TBWL, percentage total body weight loss; EDE-Q, Eating Disorder Examination-Questionnaire; IWQOL, Impact of Weight on Quality of Life-Lite; PHQ-D, Patient Health 
Questionnaire-Depression; RYGB, Roux-en-Y gastric bypass; SG, sleeve gastrectomy.
p < 0.05; The superscript letters a, b, c indicate significant Dunn's posthoc tests.

TABLE 2    |    (Continued)
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traditionally focused on single variables, particularly weight, 
examined cross-sectionally as separate snapshots at single time 
points or, more recently, in emerging weight trajectory analyses. 
An advantage of the multivariate trajectory modeling used in 
this study is that longitudinal data on multiple clinically rele-
vant variables were considered jointly to generate individual 
trajectories grouped into latent trajectory classes, allowing an 
understanding of how different outcomes change postsurgically 
in relation to each other. Importantly, the identified multivari-
ate trajectory class solution derived over 5 years of follow-up was 
found to be superior in predicting clinical outcomes, including 
weight at 6 years of follow-up, compared to discordant univar-
iate weight trajectory modeling. It was unrelated to baseline 
weight and inversely related to baseline mental health.

Using multivariate latent class linear mixed modeling, we 
identified three latent trajectory classes, similar to previous re-
search on univariate weight trajectories (Lent et al. 2018; Shen 
et al. 2024; Slurink et al. 2024). Descriptively, patients in all tra-
jectory classes achieved similar levels of improvement at 1 year 
after OS, but exhibited specific trajectories thereafter, showing: 
low sustainability (I), including weight regain, relapse beyond 
baseline levels of depression and eating disorder psychopathol-
ogy, and HRQOL impairment; medium sustainability (II), with 
slight weight regain and maintenance or slight deterioration in 
psychopathology and HRQOL; and high sustainability (III), with 
slight weight regain, but continued improvement in psychopa-
thology and HRQOL. Notably, individual trajectories within the 
medium sustainability class showed within-class variability (see 
Figure S2), which is common in latent trajectory modeling and 
reflects the clinical diversity typically observed in large patient 
groups, thus warranting caution in interpreting mean trends. 
Taken together, the results suggest that different indicators do 
not change in parallel, but show distinctive courses, with most 
similarity of change in the nonindependent psychopathological 
and social impairment variables (Table S1).

Consistent with previous weight trajectory analyses spanning 
5–7 years following RYGB, the vast majority (~90%) of patients 
showed moderate long-term weight loss and some degree of 
weight regain (Courcoulas et al. 2018; Voorwinde et al. 2022). 
Although patients were assigned to multiple classes rather than 
one class with medium sustainability, this pattern lends support 
to the validity of our multivariate trajectory class distribution. 
In addition, these previous studies also identified two smaller 
trajectory classes, comprising approximately 10% of patients, 
characterized by a low weight loss response or sustained high 
weight loss, resembling our low and high sustainability classes, 
respectively.

Further consistent with most previous weight trajectory anal-
yses (Courcoulas et al. 2018; Lent et al. 2018; Shen et al. 2024; 
Voorwinde et  al.  2022), a later nadir weight was associated 
with greater long-term weight loss. While patients with a low 
sustainability trajectory reached the nadir of all indicators at 
1-year follow-up, patients with a medium sustainability trajec-
tory reached the nadir of all indicators at 2-year follow-up. In 
contrast, patients with a high sustainability trajectory reached 
their weight nadir at 2-year follow-up, while their psychopathol-
ogy and HRQOL continued to improve throughout follow-up. 
Ultimately, the trajectories resulted in low, medium, and high 

improvements at 5-year follow-up, in line with weight outcomes 
in univariate weight trajectory modeling (Courcoulas et al. 2018; 
Lent et al. 2018; Shen et al. 2024; Voorwinde et al. 2022), sug-
gesting that the timepoint of maximal improvement of multiple 
indicators is critical to identify the trajectory class within which 
a patient belongs. A comparison of the trajectory classes by sur-
gical procedures supported that the weight at nadir may be less 
critical for determining long-term success than the timing; in 
fact, after SG, the low sustainability class achieved the lowest 
nadir weight of all trajectory groups at 1-year follow-up, fol-
lowed by the steepest weight regain (Shen et al. 2024). Notable 
also was that the high sustainability class reached the largest 
improvements at 5 years across surgical procedures, although 
these patients had displayed worst baseline levels in indicators 
of mental health, also found in some (Courcoulas et  al.  2018; 
Lent et  al.  2018) but not other (Shen et  al.  2024; Voorwinde 
et al. 2022) univariate weight trajectory modeling studies.

Predictor analyses supported these descriptive results at 6-year 
follow-up, suggesting prognostic relevance of the trajectory 
classes for long-term weight, BMI, %TBWL, %AWL, depres-
sion, eating disorder psychopathology, and HRQOL with mostly 
medium to large effect sizes. Furthermore, they highlighted 
differences in clinically significant improvement, for example, 
of %TBWL ≥ 20% or %AWL ≥ 35% (van de Laar et  al.  2018), 
and eating disorder psychopathology below clinical cut-offs at 
6 years following OS, especially when comparing the high sus-
tainability class to the other classes with up to large effect sizes. 
Although most outcomes descriptively showed highest impair-
ment in the low sustainability trajectory (n = 24), this class did 
not differ statistically from the medium sustainability trajec-
tory, except for (clinically significant) eating disorder psycho-
pathology with large effect sizes. Thus, the low sustainability 
class was especially characterized by elevated eating disorder 
psychopathology at 6-year follow-up. These results suggest that 
the multivariate trajectory modeling in our study has prognostic 
significance, which is particularly relevant in light of the incon-
sistent evidence on long-term outcome prediction after OS (El 
Ansari and Elhag 2021), although the small size of the low and 
high sustainability classes underscores the need for replication 
of the multivariate trajectory modeling in independent samples. 
In addition, the stability of the findings and predictive validity 
should be tested over a longer time period. The increase in eat-
ing disorder psychopathology over follow-up in the low sustain-
ability class permits speculation that the majority of patients 
in this class (re)developed an eating disorder syndrome after 
OS, which may have impaired long-term weight maintenance 
(Devlin et al. 2018; Hilbert et al. 2022).

Regarding predictors of trajectory classes, although baseline 
sociodemographic correlates and surgical procedures were not 
prospectively associated with trajectory class membership, sev-
eral patterns warrant note: Descriptively, the low sustainability 
class included the highest proportion of individuals with high 
education and patients receiving SG, whereas the high sustain-
ability class included the highest proportion of female patients 
and individuals with low education, aspects previously asso-
ciated with unfavorable versus favorable weight trajectories 
(Courcoulas et  al.  2018; Keith Jr et  al.  2018; Lent et  al.  2018; 
Shen et al. 2024). Trajectory classes were unrelated to baseline 
weight or BMI but showed a medium-sized inverse relationship 
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with psychopathological and social impairments, with the high-
est baseline impairments in the high sustainability class, which 
included the largest proportion of patients with clinically signif-
icant depression and eating disorder psychopathology. Thus, OS 
may have yielded the greatest relief from impairments alongside 
the most substantial and sustained weight loss, although causal 
inference requires experimental designs with control for con-
founding. This effect may partly reflect the exclusion of patients 
with unstable psychological conditions (e.g., severe mental dis-
orders) from OS, in line with evidence-based obesity treatment 
guidelines (Deutsche Adipositas Gesellschaft 2024).

Further, the divergence in psychological symptom trajectories 
despite similar weight regain between the low and medium sus-
tainability classes suggests that factors beyond weight regain 
have contributed to increased depressive and disordered eating 
symptoms over time. Potential contributors include psycho-
social stressors (e.g., postsurgical lifestyle adjustment difficul-
ties), maladaptive coping (e.g., emotional eating), or adverse life 
events (e.g., separation). Moreover, preexisting vulnerabilities 
(e.g., low self-esteem) may not have been fully captured at base-
line. Future research should investigate diverse psychosocial 
factors over time to elucidate postsurgical trajectories. Of note, 
trajectory classes did not differ significantly by patient-reported 
complications following surgery and revisional surgery. 
Previous research had found an association of revisional surgery 
with weight outcomes, but not with mental health outcomes 
(Courcoulas et al. 2018; Eisenberg et al. 2023; Leung et al. 2023).

Regarding strengths and limitations, this study was based on the 
multicenter PRAC study's large prospective cohort of adults with 
severe obesity undergoing RYGB and SG as standard surgical 
procedures (Angrisani et al. 2021). For the first time, a multivar-
iate instead of univariate trajectory analysis approach was used, 
with trajectory variables being selected based on their relevance 
for physical, psychopathological, and social aspects of health 
in persons with severe obesity mapping onto the World Health 
Organization's multidimensional health definition (World 
Health Organization 1946). We used data from baseline through 
the first 5 years after OS to derive a trajectory class solution 
with long-term prognostic significance. Of note, from baseline 
through 2–4-year follow-up, three-class solutions were found, 
but with different composition and lower stability (data not 
shown), underscoring the importance of examining multi-year 
postoperative trajectories to capture patterns of weight regain 
beyond initial weight loss (Pyykkö et al. 2025). Minimal selec-
tion, information, and confounding bias, and a high degree of 
generalizability to OS populations were ensured by minimal in-
clusion and exclusion criteria and well-established assessments.

Attrition was relatively low (17.29%) and within the range com-
monly reported in psychosocial follow-up studies with similar 
designs (10%–35% for RYGB; Devlin et al. 2018; Lent et al. 2018). 
Missing data were accounted for by longitudinal mixed-effects 
modeling, which is robust to missing data, thereby reducing a 
potential attrition bias. Notwithstanding, the decrease in the 
analyzed sample from 856 to 329 at 5 years and 255 at 6 years 
likely contributed to the graphical variations of the trajectories 
from T6 to T7 (Figure 1) and made split-sample LCMM analy-
ses for SG and RYGB separately infeasible; therefore, the total 
sample LCMM was applied to the SG and RYGB subsamples 

(Figure  S5). Trajectory classes in the 6-year follow-up and 
complete-case subsamples closely resembled those in the total 
sample, supporting the robustness of our findings despite miss-
ing data. Regarding further limitations, ethnicity was not as-
sessed due to cultural norms in Germany. Finally, it should be 
noted that instruments such as the PHQ-D, while widely used 
in obesity research, were not developed or normed specifically 
for bariatric populations. This may lead to misinterpretation of 
obesity-related symptoms, particularly those concerning sleep, 
eating behavior, or physical activity.

Future research should examine multivariate trajectories and 
their prognostic significance over a longer-term follow-up period 
with greater trajectory class sizes. Given the observed heterogene-
ity in individual courses within trajectory classes, especially the 
medium sustainability class, future studies may benefit from ana-
lytic approaches that capture within-class variability and intrain-
dividual dynamics more explicitly. Other indicators with potential 
clinical relevance may be considered to further our understand-
ing of postsurgical change across multiple symptoms (e.g., self-
regulation, eating behavior, physical activity, hormonal changes; 
Schäfer et al. 2019). Although LCMM has limited value for identifi-
cation of individuals at risk in clinical practice, our results support 
that patients who achieve nadir improvements in weight and men-
tal health early may require clinical attention to prevent long-term 
relapse and aggravation. A more fine-grained analysis of change 
during the honeymoon phase of initial weight loss following OS 
may add specificity to this study's results. Clinically, monitoring 
change during the first years after OS appears essential to identify 
those in need of additional intervention, ideally using multiple es-
tablished indicators, including those of mental health, as consid-
eration of weight alone revealed inferior prognostic significance.
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We develop a model-based boosting approach for multivariate distributional
regression within the framework of generalized additive models for location,
scale, and shape. Our approach enables the simultaneous modeling of all dis-
tribution parameters of an arbitrary parametric distribution of a multivariate
response conditional on explanatory variables, while being applicable to poten-
tially high-dimensional data. Moreover, the boosting algorithm incorporates
data-driven variable selection, taking various different types of effects into
account. As a special merit of our approach, it allows for modeling the associ-
ation between multiple continuous or discrete outcomes through the relevant
covariates. After a detailed simulation study investigating estimation and pre-
diction performance, we demonstrate the full flexibility of our approach in
three diverse biomedical applications. The first is based on high-dimensional
genomic cohort data from the UK Biobank, considering a bivariate binary
response (chronic ischemic heart disease and high cholesterol). Here, we are
able to identify genetic variants that are informative for the association between
cholesterol and heart disease. The second application considers the demand
for health care in Australia with the number of consultations and the number
of prescribed medications as a bivariate count response. The third application
analyses two dimensions of childhood undernutrition in Nigeria as a bivariate
response and we find that the correlation between the two undernutrition scores
is considerably different depending on the child’s age and the region the child
lives in.

K E Y W O R D S

generalized additive models for location, scale and shape, model-based boosting, multivariate
Gaussian distribution, multivariate logit model, multivariate Poisson distribution, semiparametric
regression

1 INTRODUCTION

Many modern regression models relate certain characteristics of a univariate response distribution to explanatory vari-
ables. Examples include generalized additive models (GAMs)1,2 and quantile regression models,3 where with the former
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the conditional expectation and with the latter conditional quantiles of a univariate response distribution are modeled
by an additive decomposition of different covariate effects. In biomedical research there are often multiple endpoints
that are typically analyzed separately by univariate regression models where each endpoint serves once as response vari-
able.4 However, in practice, the components of a multivariate response are often not (conditionally) independent, so that
separate models might induce a loss of information and could even lead to potentially misleading conclusions.

A well-known approach for the analysis of multivariate responses, particularly common in the economics literature,
is called seemingly unrelated regression.5 This classical approach is restricted to linear predictors and constant covariance
matrices not depending on the covariates; however, extensions to semiparametric predictors for the marginal means exist.6
Beyond that, multiple discrete responses (eg, count data) can be analyzed using seemingly unrelated Poisson regression7

and non-linear predictors.8 Similar to the approach of Zellner5 these models are limited in their flexibility, and only the
expected value of the response is linked to the covariates.9 A more flexible framework is provided by generalized additive
models for location, scale and shape (GAMLSS),10 in which each parameter of the conditional distribution is modeled by
an additive predictor. The use of additive predictors for all distribution parameters, such as location, scale or skewness
parameters allows to incorporate different effect types for the covariates in a very flexible way. Klein et al.11 extended this
framework for multivariate responses to model the joint distribution of two or more responses in the spirit of GAMLSS
relying on a fully Bayesian approach.

In the medical literature, one common application of GAMLSS for univariate responses is the construction of reference
growth charts,12,13 where also the World Health Organization recommends to use GAMLSS.14 As the complete condi-
tional distribution is modeled based on covariates (eg, the age of a child), the corresponding quantiles can nicely adapt
to a covariate-specific skewness. For multivariate responses, these growth charts could hence not only be constructed
separately for different biometrical parameters,13 but also jointly for multiple characteristics.15

In high-dimensional data situations where the number of predictors exceeds the number of observations (p > n), clas-
sical estimation approaches are no longer directly feasible for our multivariate distributional regression settings. A few
exceptions exist where Bayesian variable selection16 and penalized regression methods17,18 have been proposed. Neverthe-
less, in terms of software implementation, GAMLSS based on penalized likelihood estimation is currently only available
for univariate response variables.

An alternative fitting approach is statistical boosting, which was originally developed in the field of machine learning
and later extended to statistical modeling.19,20 Its main features are the great flexibility regarding the effect types (eg,
spatial, smooth, or random effects) and the data-driven variable selection mechanism. The latter can be particularly useful
when the focus is on obtaining sparse models for a possibly high-dimensional covariate space.21 The concept of boosting
has already been extended to distributional regression leading to an algorithm that is able to estimate and select additive
predictors for all distribution parameters in univariate GAMLSS.22,23

In this work, we adapt the boosting algorithm for multivariate responses by combining the properties of GAMLSS and
the main features of statistical boosting. Due to the structure of the algorithm, our approach is able to simultaneously
model all distribution parameters and to select possible predictor effects in multivariate distributional regression models:
The new multivariate boosting approach allows to model not only the marginals but also the associations between multi-
ple outcomes through additive predictors without requiring the manual selection or comparison of different models. The
application of our approach is particularly suitable for exploratory analyses (hypothesis generating) where data-driven
variable selection is of special interest.

Motivated by three biomedical applications, we focus on modeling and investigating specific bivariate regression
models with emphasis on the most common parametric distributions in biomedical research: the bivariate Bernoulli dis-
tribution for binary outcomes, the bivariate Poisson distribution for count data and the bivariate Gaussian distribution
for continuous outcomes.24–26

In the first biomedical application, the joint genetic predisposition for chronic ischemic heart disease and high choles-
terol is analyzed based on a large cohort data from the UK Biobank27 via the bivariate Bernoulli distribution. The main
interest is to study the dependence of these phenotypes on the genetic variants and to discover possible joint associations
of the two outcome variables, which is not feasible via classical approaches modeling the phenotypes separately.28 In our
case, we want to gain deeper insights into the relationship between chronic ischemic heart disease and high cholesterol,
and the genetic variants affecting their association.

In the second application, we investigate effects for the demand on health care in Australia reported by Cameron and
Trivedi.29 The two considered outcomes are the number of consultations with a doctor and the number of prescribed
medications, whose association is modeled using the bivariate Poisson distribution for the covariates gender, age and
annual income. The research question is based on a previous analysis by Karlis and Ntzoufras30 however we illustrate
that our approach offers higher flexibility.
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In the last epidemiological application, two indicators for acute and chronic undernutrition of children in Nigeria are
jointly analyzed, which is motivated by a previous analysis by Klein et al.11 The two scores are modeled with a bivariate
Gaussian distribution, in which besides the marginal expectations also the scale parameter and the correlation parameter
depend on covariates. In addition to several covariates describing the life situation of the children, the mother and the
household they are living, spatial effects based on regional information are incorporated.

The structure of this article is as follows: Section 2 starts with a brief introduction to multivariate distributional
regression models. Then we investigate the different bivariate regression models and give an insight into statistical
boosting and the extended algorithm. In Section 3, we illustrate different data settings using a simulation study while
Section 4 illustrates the application on biomedical research questions for the considered distributional regression models
in Section 2.

2 BOOSTING MULTIVARIATE DISTRIBUTIONAL REGRESSION

2.1 The notion of multivariate distributional regression models

In multivariate structured additive distributional regression11 it is assumed that the conditional distribution PY|X=x
of a D-dimensional vector of responses Y = (Y1, … ,YD)⊤ given covariate information summarized in X = x has a
K-parametric density p(y|x) = p(y|𝜽(x)) with covariate dependent distribution parameters 𝜽(x) ≡ 𝜽 = (𝜃1, … , 𝜃K)⊤.

Each distribution parameter 𝜃k is linked to a structured additive predictor 𝜂k
31 via bijective parameter-specific link

functions gk, such that gk(𝜃k) = 𝜂k and g−1
k (𝜂k) = 𝜃k, k = 1, … ,K. The inverse link functions g−1

k ≡ hk are called response
functions and ensure potential restrictions of the parameter space of 𝜃k. The additive predictors 𝜂k depend on (possibly
different) subsets of x and are of the form

gk(𝜃k) = 𝜂k = 𝛽0k +
pk∑

j=1
fjk(x), for k = 1, … ,K,

where 𝛽0k are the intercepts and each fjk, j = 1, … , pk, represents the functional effect of covariates x. The effects of the
covariates can be specified in a very flexible manner and can correspond to linear, non-linear, random, interaction and
further effects.2,32 Motivated by our applications in Section 4, in this work we focus on the following effect types:

1. Linear effects are represented by fjk(x) = xT
jk𝜷 jk, where 𝜷 jk are the regression coefficients and xjk is a covariate subset

of x for parameter 𝜃k (xjk can be chosen individually for each parameter 𝜃k).
2. Non-linear effects can be included using smooth functions fjk(x). As basis functions we use B-Splines with second

order difference penalties.33

3. Spatial effects based on observations assigned to discrete regions are incorporated using Markov random fields for
modeling neighborhood structures fjk(x) = fjk(si), where si denotes the region si observation i is located in Reference 34.

2.2 Examples of relevant response distributions

In the following, we describe three common bivariate parametric distributions for binary, count and continuous
responses, the bivariate Bernoulli, the bivariate Poisson and the bivariate Gaussian distribution. While there are of course
other multivariate distributions for discrete and continuous data,26,35 these three bivariate distributions are arguably most
commonly used and are also relevant for our applications.

2.2.1 Bivariate Bernoulli distribution

For analyzing potentially correlated binary variables Y = (Y1,Y2)T , we consider the bivariate Bernoulli distribution with
joint probability mass function

p(y1, y2) = p(1−y1)(1−y2)
00 py1(1−y2)

10 p(1−y1)y2
01 py1y2

11 , y1, y2 ∈ {0, 1},
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T A B L E 1 Contingency table

Y2

0 1

Y1 0 p00 p01 1 − p1

1 p10 p11 p1

1 − p2 p2 1

where pij = P(Y1 = i,Y2 = j), i, j ∈ {0, 1} are the joint probabilities. Then, the contingency table with marginal proba-
bilities pd = P(Yd = 1), d = 1, 2 is given in Table 1. In a bivariate logistic regression model (logit model), the marginal
probabilities p1 = P(Y1 = 1) and p2 = P(Y2 = 1), as well as the odds ratio 𝜓 = p00p11

p01p10
, can be estimated considering several

covariates.36,37 If Y1 and Y2 are independent, then the odds ratio 𝜓 = 1. The different additive predictors in the bivariate
logit model are

logit(pi) = 𝜂pi , for i = 1, 2 and log(𝜓) = 𝜂𝜓 .

The joint probability p11 can be determined from the marginal probabilities p1, p2 and the odds ratio 𝜓 via

p11 =

{
1
2
(𝜓 − 1)−1{a −

√
a2 + b} , 𝜓 ≠ 1

p1p2 , 𝜓 = 1,

where a = 1 + (p1 + p2)(𝜓 − 1) and b = −4𝜓(𝜓 − 1)p1p2.38 The joint probabilities p10, p01 and p00 can be derived from p11
and the marginal probabilities.

An alternative approach for modeling bivariate binary responses is the bivariate probit model. However, in this work
we focus on the logit model for two reasons: First, one distribution parameter directly corresponds to the odds ratio,
which is easier to interpret and much more common in Biostatistics and biomedical research than the correlation of
a latent bivariate response Y∗ ∼ N(0,𝚺) for a probit model, where Yd = 1 if Y∗

d > 0 and 0 otherwise, d = 1, 2 and 𝚺
a correlation matrix. Second, the bivariate logit model is computationally favorable since it does not require the latent
variables Y∗.

2.2.2 Bivariate Poisson distribution

An important bivariate model for analyzing bivariate count data can be constructed from combining three random vari-
ables. If Zk, k = 1, 2, 3 follow independent Poisson distributions with parameters 𝜆k > 0, then the two random variables
Y1 = Z1 + Z3 and Y2 = Z2 + Z3 follow a bivariate Poisson distribution with joint probability function given by

p(y1, y2) = exp(−(𝜆1 + 𝜆2 + 𝜆3))
𝜆

y1
1

y1!
𝜆

y2
2

y2!

min(y1,y2)∑

k=0

(y1

k

)(y2

k

)

k!
(

𝜆3

𝜆1𝜆2

)k

, y1, y2 ∈ N0.

The marginals also follow Poisson distributions with expectations E(Y1) = 𝜆1 + 𝜆3 and E(Y2) = 𝜆2 + 𝜆3. The parameter 𝜆3
controls the dependency between Y1 and Y2 and corresponds to the covariance Cov(Y1,Y2) = 𝜆3. If the variables Y1 and
Y2 are independent, then 𝜆3 = 0 and the bivariate Poisson distribution reduces to the product of two independent Poisson
distributions. For further details on the bivariate Poisson distribution, we refer to Kocherlakota and Kocherlakota25 and
Johnson et al.35

In a bivariate Poisson regression model, each distribution parameter 𝜆k, k = 1, 2, 3 can be modeled in terms of several
explanatory variables via

log(𝜆k) = 𝜂𝜆k , k = 1, 2, 3,

where 𝜂k is the corresponding predictor for 𝜆k.

 10970258, 2023, 11, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/sim

.9699 by U
niversitäts- U

nd, W
iley O

nline L
ibrary on [05/12/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

36



STRÖMER et al. 1783

A drawback of this definition of the bivariate Poisson distribution is its property of modeling only data with positive
correlations. An alternative was developed in Lakshminarayana et al.39 by defining the bivariate Poisson distribution as
the product of Poisson marginals with a multiplicative factor. This definition also allows for negative correlations, but
results in more difficult interpretations. A further alternative allowing for overdispersion in the marginal distributions is
the bivariate negative binomial distribution.25,30,40

2.2.3 Bivariate Gaussian distribution

The bivariate Gaussian distribution is one of the most commonly known distributions for considering two continuous
responses. In this case, the random vector is written by Y ∼ N(𝝁,𝚺), where the density of Y = (Y1,Y2)T is given by

f (y1, y2) =
1

2𝜋
√

det(𝚺)
exp

(

−1
2
(y − 𝝁)T𝚺−1(y − 𝝁)

)

, y1, y2 ∈ R,

and 𝝁 = (𝜇1, 𝜇2)T and 𝚺 = Cov(Y1,Y2) are its mean vector and covariance matrix, respectively. The latter is defined by

𝚺 =
(

𝜎
2
1 𝜌𝜎1𝜎2

𝜌𝜎1𝜎2 𝜎
2
2

)

with marginal variances 𝜎2
1 = Var(Y1) and 𝜎2

2 = Var(Y2) and correlation parameter 𝜌 = Cor(Y1,Y2). All parameters of the
bivariate Gaussian distribution can be again modeled depending on covariates with parameter specific link-functions:

𝜇1 = 𝜂𝜇1 , 𝜇2 = 𝜂𝜇2 , log(𝜎1) = 𝜂𝜎1 , log(𝜎2) = 𝜂𝜎2 and 𝜌∕
√
(1 − 𝜌2) = 𝜂𝜌.

For further practical and theoretical details of the bivariate Gaussian distribution, we refer to Kotz et al.26 When the
marginal distributions exhibit heavy tails, the bivariate t-distribution is an attractive alternative to the bivariate normal
distribution (see Klein et al.11 and references therein).

2.3 Estimation via model-based boosting

Boosting originally arose from the field of supervised machine learning41 but gained increasing popularity in statistics
after the concept was adapted to fit statistical regression models.19,20 Boosting algorithms are a flexible alternative to
classical estimation approaches and have several practical advantages, such as the applicability to high-dimensional data
problems and data-driven variable selection.21,42,43 In the context of regression, there exist different types of boosting
algorithms.21,44 Here, we will focus on a component-wise gradient boosting algorithm with regression-type base-learners,
which we refer to as statistical boosting.45,46

This statistical boosting approach is based on minimizing a pre-specified loss function, which represents the regression
problem and typically corresponds to the negative log-likelihood l of the response distribution. In every iteration of the
boosting algorithm, so-called base-learners are separately fitted to the negative gradient of the loss function, and the
best-performing one is updated to the current estimate. A base-learner in our context is a regression function, and usually
corresponds to one specific covariate effect in the additive predictor (eg, a linear model as base-learner leads to a linear
effect). An overview of possible base-learners can be found in Hofner et al.47

For fitting multivariate distributional regression models, we extend the statistical boosting algorithm for generalized
additive models for location, scale and shape22 to multivariate distributions. A schematic overview of the selection of
base-learners in one iteration of the boosting algorithm for multivariate responses can be found in Figure 1.

First, for each additive predictor 𝜂k, k = 1, … ,K, a set of base-learners h1(x1), … , hpk (xpk ) has to be specified in
advance. Then, the partial derivative u = 𝜕l∕𝜕𝜃k of the negative log-likelihood function l with respect to the different distri-
bution parameters 𝜃k is calculated and each base-learner is fitted separately to the gradient of the corresponding parameter
k. For each parameter, the best performing base-learner j∗k is determined. After these best-fitting base-learners are selected
for each dimension k, only the overall best update (with the highest loss reduction) of all distribution parameters is
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1784 STRÖMER et al.

F I G U R E 1 Graphical representation of boosting multivariate structured additive distributional regression (displaying one boosting
iteration)

finally added to the corresponding additive predictor, with the estimated effect multiplied by a small fixed step-length, for
example, 𝜈 = 0.1. That means, in every iteration the best-fitting base-learner is determined for each distribution parameter
and then compared across the different dimensions. This refers to a so-called non-cyclic version of boosting for distribu-
tional regression, leading to a single update of only one distribution parameter in each iteration.23 Current best-practice
in statistical boosting is to use fixed small step-lengths like 𝜈 = 0.1 without optimization. Very recently there was work on
adaptive step-lengths, particularly for more complex and multi-dimensional models such as GAMLSS. However, so far
only the Gaussian location-scale model has been investigated empirically by Zhang et al.48 The authors propose to use a
different step-length for the two parameters, but solutions for more complex models require further research.

The main tuning parameter of the algorithm is the number of boosting iterations, which is typically chosen by
cross-validation or resampling techniques. As the algorithm is usually stopped before convergence (early stopping), the
optimization of the stopping iteration leads to the prevention of overfitting and encourages the sparsity of the resulting
model by data-driven variable selection.49 In particular, those variables, whose corresponding base-learners have never
been selected in the update process, are effectively excluded from the final model. The variable selection is simultane-
ously based on all additive predictors of the corresponding multivariate distribution. The algorithm does not impose any
hierarchy between distribution parameters, but only judges the potential predictor variables based on their performance
in increasing the joint likelihood. In addition, early stopping typically leads to an improvement in the prediction accuracy
and shrinkage of the effect estimates. We provide an implementation of statistical boosting for multivariate distributional
regression, which is integrated in the R package gamboostLSS.50

The boosting approach yields several advantages compared to existing Bayesian and likelihood-based approaches in
the context of GAMLSS.10,11 First, boosting incorporates data-driven variable selection. The issue of variable selection is
particularly important in complex model classes, for example, for multivariate distributional regression. The complexity
can further increase in settings with many distribution parameters K or high-dimensional predictors with many covari-
ates. In these cases the boosting approach could be favorable since it avoids manual selection of a large number of potential
candidate models. Second, the effect estimates are shrunken towards zero due to early stopping of the boosting algorithm.
This tends to result in more stable predictions as the variance of the estimates is reduced. Finally, the boosting algorithm
can be also applied for high-dimensional data problems, where we have more covariates than observations (p > n). Other
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STRÖMER et al. 1785

approaches, such as more classical Bayesian approaches, are no longer applicable or computationally very demanding for
these data situations.

3 SIMULATIONS

To evaluate the performance of the proposed statistical boosting approach, we conducted a detailed simulation study for
the three response distributions presented in Section 2.2. For each distribution, the particular settings are guided by the
different applications in Section 4. With our simulations, we aim to answer the following questions:

• Does the boosting approach yield accurate estimates for the corresponding distribution parameters of the bivariate
distributions?

• Can the boosting approach identify the truly informative variables and their effects?
• How do the bivariate models perform compared to univariate models that assume independence between the two

response components?

In particular, we evaluate the estimation, variable selection and predictive performance. Note that for each considered
simulation setting, different variables are informative for the distribution parameters and some of them partially overlap.
Therefore, we refer to informative and non-informative variables and do not mention all of them individually for the
different settings.

For all simulations, the step-length (learning rate) of the boosting algorithm is set to a fixed value of 𝜈 = 0.1 for each
parameter of the bivariate models, as well as for the univariate boosted models. The stopping iteration mstop is optimized
by minimizing the empirical risk on an additional validation data set with nval = 1500 observations, following the same
distribution as the training data. In addition, test data with 1000 observations were generated for the evaluation of the pre-
dictive performance (from the same distribution as the training data). As evaluation criteria, multivariate proper scoring
rules, namely the negative log-likelihood and the energy score, were used. The energy score generalizes the continuous
ranked probability score for multivariate quantities.51 In addition, univariate distribution-specific evaluation criteria were
used, that is, the mean squared error of prediction (MSEP), the area under the curve (AUC) and the Brier score. The Brier
score can be used to assess the accuracy of binary classifications and prediction models and is similar to the mean squared
error of prediction by considering the mean squared difference between the actual binary outcome and its predicted prob-
ability.52 In contrast to the AUC, which basically only measures the discriminatory power, the Brier score additionally
also considers the calibration of the prediction model. Note that the AUC and Brier score do not account for the depen-
dence between the two outcomes and are calculated separately for both outcomes, while the negative log-likelihood and
energy scores are probabilistic measures considering the entire joint outcome distribution. A total of 100 simulation runs
were performed for each simulation setting.

The corresponding R code to reproduce the results is available on GitHub https://github.com/AnnikaStr/
DistRegBoost. Further simulation results, such as comparisons with seemingly unrelated regression and Bayesian
approaches, can be found in the Appendix.

3.1 Bivariate Bernoulli distribution

3.1.1 Simulation design

For the simulation of the bivariate logit model, we considered a situation with n = 1000 observations and p = 1000 covari-
ates for each of the three distribution parameters, which corresponds to a high-dimensional situation as the number
of possible regression coefficients has tripled due to the three distribution parameters (3p > n). For data generation,
the R package VGAM53 was used, whereby the parameters p1, p2 and 𝜓 were simulated with the following linear
predictors

logit(p1) = 𝜂𝜇1 = X1 + 1.5X2 − X3 + 1.5X4, logit(p2) = 𝜂𝜇2 = 2X1 − X2 + 1.5X3,

log(𝜓) = 𝜂𝜓 = −1.5 + 1X3 + 1.5X4.

 10970258, 2023, 11, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/sim

.9699 by U
niversitäts- U

nd, W
iley O

nline L
ibrary on [05/12/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

39



1786 STRÖMER et al.

F I G U R E 2 Results for the estimated linear effects of the univariate (left) and bivariate Bernoulli (right) model of the first ten covariates
X1, … ,X10 from 100 simulation runs. The red horizontal lines correspond to the true values

Overall, only the first six covariates out of the p = 1000 had a relevant effect on any of the distribution parameters (four
for p1, three for p2 and two for 𝜓). The covariates were simulated from a multivariate normal distribution N(0,𝚺) with
a Toeplitz covariance structure Σij = 𝜌|i−j| for 1 ≤ i, j ≤ p, where 𝜌 = 0.5 is the correlation between consecutive variables
Xj and Xj+1. The covariates were incorporated in the boosting approach by using simple linear models as base-learners.
As measures for the predictive performance, AUC, the Brier score, the negative log-likelihood and energy score were
considered.

3.1.2 Results

Figure 2 presents the coefficient estimates of the first ten covariates X1, … ,X10 in form of boxplots for the univari-
ate (left) and bivariate (right) model with the red horizontal lines corresponding to the true values. The univariate and
bivariate models reflect the true structure for 𝜂𝜇1 and 𝜂𝜇2 , as well as 𝜂𝜓 for the bivariate model, with both models lead-
ing to very similar results. The informative variables for 𝜇1 and 𝜇2 were correctly selected in almost every simulation
run. Specifically, we obtained overall selection rates (averaged over all informative variables) of 100% for the univari-
ate models and of 100% for 𝜇1 and 98.75% for 𝜇2 in the bivariate model. The selection rate for 𝜓 is slightly lower than
for the other parameters with a selection rate of 59.5% (see Appendix Table A3). The non-informative variables were
selected very rarely overall, resulting in sparse models and accurate model specifications that are able to recover the
ground truth.
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STRÖMER et al. 1787

T A B L E 2 Resulting predictive performance on independent test data for the linear setting of the bivariate Bernoulli distribution; mean
(SD) values from 100 simulation runs are reported for the univariate and bivariate models

Univariate Bivariate

AUC (Y1) 0.88 (0.01) 0.88 (0.01)

AUC (Y2) 0.84 (0.01) 0.84 (0.01)

Brier score (Y1) 0.14 (0.01) 0.14 (0.01)

Brier score (Y2) 0.16 (0.01) 0.16 (0.01)

Energy score 0.28 (0.21) 0.27 (0.01)

Negative log-likelihood 930.51 (24.24) 906.64 (29.24)

A comparison of the predictive performance is provided in Table 2, showing that the univariate and bivariate mod-
els were very similar in terms of AUC, Brier score, and energy score, with the bivariate model having slightly better
negative log-likelihood. In addition, the energy score for the univariate models showed a larger standard deviation. Fur-
ther simulation results of this linear setting for a low-dimensional data situation (p = 10 and n = 1000) can be found in
Appendix A.1.

3.2 Bivariate Poisson distribution

3.2.1 Simulation design

For the bivariate Poisson regression model, we investigated both linear and non-linear settings with p = 10 covariates
and n = 1000 observations for each distribution parameter. For the linear setting, the underlying true predictors were
specified as

log(𝜆1) = 𝜂𝜆1 = −X1 + 0.5X2 + 1.5X3, log(𝜆2) = 𝜂𝜆2 = 2X1 − X3 + 1.5X4 + X5,

log(𝜆3) = 𝜂𝜆3 = 0.5X5 + X6 − 0.5X7, (1)

where the covariates followed a multivariate normal distribution N(0,𝚺) with Toeplitz covariance structure and corre-
lation coefficient 𝜌 = 0.5. Thus, the first seven covariates were informative for any of the distribution parameter (three
for 𝜆1 and 𝜆3, four for 𝜆2). For this setting, simple linear models were incorporated as base-learners. For the non-linear
setting, the true additive predictors were given by

log(𝜆1) = 𝜂𝜆1 =
√

X1X1, log(𝜆2) = 𝜂𝜆2 = cos(2X2),
log(𝜆3) = 𝜂𝜆3 = sin X3, (2)

where the covariates were independently simulated from the uniform distribution U(0, 1) and only one covariate was
informative for each of the distribution parameters. As base-learners, we chose P-splines (20 equidistant knots with a
second-order difference penalty and four degrees of freedom). The R extraDistr54 package was used to simulate data
from the bivariate Poisson regression model.

3.2.2 Results

Figure 3 displays the coefficient estimates for the linear Poisson regression models (1). The boxplots present the esti-
mated coefficients for the univariate (left) and bivariate models (right). Overall, boosting the bivariate regression model
was able to identify the informative variables and to accurately estimate the true effects represented by the red hor-
izontal lines. In comparison, the univariate models for 𝜆1 and 𝜆2 resulted in much smaller estimated coefficients.
For both models, the informative variables were selected in almost every simulation run: considering 𝜆1 and 𝜆2, the
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1788 STRÖMER et al.

F I G U R E 3 Results for the estimated linear effects of the univariate (left) and bivariate Poisson model (right) from 100 simulation runs.
The horizontal lines correspond to the true values

univariate models and the bivariate model had a selection rate of almost 100% for the informative variables, whereby
also for 𝜆3 a high selection rate of 95.67% for the informative variables was achieved. On the other hand, the uni-
variate models as well as the bivariate model selected also several non-informative variables with a small coefficient
size. A more detailed overview on the selection rates for the specific parameters can be found in Table A8 of the
Appendix.

Furthermore, we considered the MSEP, the negative log-likelihood, and the energy score for the evaluation of the
predictive performance on test data (see Tables 3 and 4). The MSEP only accounts for the marginal distributions and
displays here a slightly better performance for the univariate models. The negative log-likelihood and the energy score,
which also take the association into account, showed a better performance for the bivariate model.

Figure 4 displays the effect estimates of the informative variables X1,X2 and X3 for the non-linear setting (2). Overall,
the estimated splines approximate the true effects well for each parameter of the bivariate model and clearly outperform
the univariate models for 𝜆1 and 𝜆2. The informative variables were selected in each simulation run. However, as in the
linear model, we observed also high selection rates for the non-informative variables in both models (see Appendix A.2,
Table A8).

In terms of predictive performance, similar to the linear setting, the MSEP indicated a better performance of the
univariate models, while the bivariate models, as expected, yielded better results in terms of the negative log-likelihood.
The energy score was very similar for both models but overall slightly better for the bivariate model. Further simulation
results for these settings in case of high-dimensional data with p = 1000 covariates and n = 1000 observations can be
found in Appendix A.2.
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STRÖMER et al. 1789

T A B L E 3 Resulting predictive performance on independent test data for the linear and non-linear settings of the bivariate Poisson
regression; mean (SD) values from 100 simulation runs are reported for the univariate and bivariate models

Linear model Non-linear model

Univariate Bivariate Univariate Bivariate

MSEP (Y1) 2.66 (0.18) 3.96 (0.29) 4.64 (0.25) 8.18 (0.65)

MSEP (Y2) 2.86 (0.23) 4.11 (0.34) 5.49 (0.29) 9.06 (0.68)

Energy score 1.48 (1.11) 1.36 (0.03) 1.95 (0.04) 1.95 (0.04)

Negative log-likelihood 3598.42 (54.31) 3413.68 (40.91) 4433.06 (52.06) 4246.96 (42.58)

T A B L E 4 Resulting predictive performance on independent test data of the bivariate Gaussian regression; mean (SD) values from 100
simulation runs are reported for the univariate and bivariate models

Univariate Bivariate

MSEP (Y1) 1.59 (0.11) 1.59 (0.11)

MSEP (Y2) 1.38 (0.07) 1.38 (0.07)

Energy score 1.03 (0.02) 1.01 (0.02)

Negative log-likelihood 3370.41 (89.59) 3098.11 (109.97)

F I G U R E 4 Results for the estimated non-linear effects for the univariate (left) and the bivariate Poisson model (right) of the
informative variables from 100 simulation runs. The red dotted lines correspond to the true effects

 10970258, 2023, 11, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/sim

.9699 by U
niversitäts- U

nd, W
iley O

nline L
ibrary on [05/12/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

43



1790 STRÖMER et al.

3.3 Bivariate Gaussian distribution

3.3.1 Simulation design

For the simulation of a bivariate Gaussian distributed outcome, we considered a setting with linear, non-linear and spatial
effects with p = 10 covariates and n = 1000 observations with the following true predictors

𝜇1 = 𝜂𝜇1 = sin(2X1)∕0.5 + X6 + 0.5X7 + fspat 𝜇2 = 𝜂𝜇2 = 2 + 3 cos(2X2) + 0.5X7 + X8 + fspat

log(𝜎1) = 𝜂𝜎1 =
√

X3X3 − 0.5X8 + fspat log(𝜎2) = 𝜂𝜎2 = cos(X4)X4 + 0.25X9 + fspat

𝜌∕
√

1 − 𝜌2 = 𝜂𝜌 = log(X2
5 ) + X10 + fspat,

where the covariates were independently simulated from the uniform distribution U(0, 1). Each included covariate
was informative for one of the distribution parameters; more precisely, for each parameter three covariates, one lin-
ear and one non-linear, and additionally the spatial effect. For the linear effects (X6, … ,X10) we used simple linear
models as base-learners and P-splines for the non-linear effects (X1, … ,X5). The spatial effects were simulated with
fspat(s) = sin(xc

s ) cos(0.5yc
s), s ∈ 1, … , S, based on the centroids of the standardized coordinates of the discrete regions in

Western Germany with overall S = 327 regions. The neighborhood structure was modeled by the spatial base-learner
using a Markov random field based on the R package BayesX.55

3.3.2 Results

Considering the linear effects (X6, … ,X10), the effect estimates for both models reflect the true structures of the linear
part of the predictors, whereby the bivariate model better approximates the true values (see Figure A6 in Appendix A.3).
The bivariate model was also able to capture the true non-linear functions well (Figure 5); only small deviations are
observed for the variance and for the correlation 𝜌 at the left border. The results for the univariate models appear to be
very similar regarding the univariate effects and can be found in the Appendix (Figure A7). For the spatial effects, the
true structure for the regions in West Germany was identified by each distribution parameter (a graphical representation
of the true structure and the estimated spatial effects are in Appendix A.3).

The informative variables for the univariate and bivariate models were selected in nearly all 100 simulation runs,
where the bivariate model also correctly selected the informative variables for the correlation between the outcomes.
Whereas, we can not examine the correlation with the univariate models. The selection rates for the non-informative
variables were slightly higher for the bivariate model (see Appendix Table A11).

Regarding predictive performance, the MSEP, the energy score, and the negative log-likelihood were considered. For
the MSEP and the energy score, similar results were observed for the univariate and the bivariate models. The negative
log-likelihood on the test set showed an improvement in predictive performance considering the bivariate model. Further
simulation results for this setting in case of high-dimensional data with p = 1000 covariates and n = 1000 observations
can be found in Appendix A.3.

3.4 Summary

Overall, we obtained promising results for all three considered distributional regression families (logistic, Poisson, and
Gaussian regression), highlighting that the boosting algorithm yields appropriate estimates for the different parameters
and is capable of identifying the most informative variables from a potentially much larger set of candidate variables.
The comparison with the univariate models showed that the estimated effects for the bivariate model were able to pro-
vide better approximations to the true structure of the predictors than the univariate models (particularly for the Poisson
and Gaussian regression models). We noticed that for the logistic regression model, the selection rates for the association
parameter, the odds ratio, tended to be lower than for the association parameter of the bivariate Poisson and Gaussian
distribution. Furthermore, the number of selected non-informative variables was higher for the univariate as well as the
bivariate models for the Poisson distribution. However, the linear low-dimensional setting for the bivariate logistic regres-
sion model (see Appendix A.1) and the low-dimensional Gaussian regression model showed higher selection rates in this
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STRÖMER et al. 1791

F I G U R E 5 Results for the estimated non-linear effects (X1, … ,X5) of the bivariate Gaussian regression model from 100 simulation
runs. The red dotted lines correspond to the true effects

situation as well (Appendix A.3). Conclusively, this highlights a tendency of the algorithm to select more non-informative
variables in low-dimensional settings.

Regarding prediction accuracy, as expected, the univariate and bivariate models performed similarly for evaluation
criteria that consider only the marginals (AUC, Brier score and MSEP). Only for the Poisson distribution, the uni-
variate model performed slightly better regarding the MSEP. This can be explained by the particular design of this
bivariate distribution, that is, the summation of the means for both outcomes (E(Y1) = 𝜆1 + 𝜆3 and E(Y2) = 𝜆2 + 𝜆3).
In Figure 3, for example, we observe that the informative variables X5,X6 and X7 for parameter 𝜆3 were selected
quite frequently with a higher estimated coefficient in the univariate models. These wrongly selected variables for the
marginals resulted in an improvement of the MSEP. In the bivariate model, we account for the association between
Y1 and Y2 by modeling the dependency in terms of the covariates. The MSEP does not account for the association
and the variables describing dependency are not reflected in the marginals as in the univariate models. Regarding
the predictive scores which account for associations between the outcomes, the energy score tended to be very simi-
lar for the univariate and bivariate models, while the negative log-likelihood was consistently better for the bivariate
models.

Overall, the bivariate models are obviously more complex because they also model the association between the two
outcomes. Regarding the marginals, however, they yield similar models as when analyzing both responses separately.
Therefore, we also get similar prediction performance for the marginals from the univariate and bivariate models. The
distributional evaluation measures like the negative log-likelihood, on the other hand, are consistently better for the
bivariate models as they consider the complete multivariate distribution.
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4 BIOMEDICAL APPLICATIONS

In this section we consider three diverse biomedical data sets to illustrate the applicability of our extended boosting
approach for multivariate distributional regression models based on binary, count and continuous outcomes presented
in Section 2.2.

4.1 Genetic predisposition for chronic ischemic heart disease and high cholesterol

For analyzing the association between high cholesterol and chronic ischemic heart disease in dependency of different
genetic variants, we used cohort data from the UK Biobank (under application number 81202). The UK Biobank is a large
biomedical cohort study containing genetic and health information from over half a million British participants.27

In classical approaches for analyzing a potential genetic liability to a specific phenotype such as high cholesterol or
chronic heart disease, each considered genetic variant is fitted individually to the phenotype using a simple linear model.28

In this context, previous works including genome-wide association studies56,57 have investigated to find genetic variants
associated with high cholesterol and heart disease. Using our boosting algorithm for multivariate distributional regres-
sion, the main interest here is to investigate the association between chronic ischemic heart disease and high cholesterol,
both considered as binary phenotypes (high cholesterol > 6.16 mmol/l). In particular, we aim to identify genetic variants
affecting their association by estimating the two phenotypes jointly in a bivariate logistic model. That means we do not
only want to model the individual distributions of the two phenotypes, but also estimate the dependency between these
phenotypes as a function of genetic variants, which is not possible with conventional approaches.

The considered data set consists of 20,000 randomly sampled observations of individuals with white British ances-
try, with additional 10,000 observations used to validate the optimal stopping iteration. The fixed step-length was set to
𝜈 = 0.1. For each phenotype, 1000 variants were selected in a pre-screening step based on the largest marginal associa-
tions between the variants and the phenotype, which were computed with the PLINK2 function -variant-score.58,59

After pre-screening, the data set contains a total of 1865 variants (with 135 variants selected for both phenotypes). Variants
with minor allele frequency not less than 1% were randomly sampled with the-thin-count function. Missing geno-
types were imputed by the reference allele using the R package bigsnpr.60 Note that the pre-screening of 1000 genetic
variants for each phenotype and the usage of 20,000 randomly sampled observations from the much larger cohort was
performed to avoid computational memory problems. While there exists recent approaches to use boosting to fit multi-
variable regression models for single phenotypes on the complete data set, classical methods to model the genetic liability
are based on summing up univariate effects.61,62

Figure 6 shows the resulting estimated coefficients (expressed in exponential absolute values of the estimated coeffi-
cients) for the three distribution parameters. When comparing these Manhattan plots with the classical univariate ones
(based on the marginal association evaluated on the− log 10(P) scale) for high cholesterol and chronic ischemic heart dis-
ease, we find that the bivariate boosting model tended to identify variants with a higher coefficient value (stronger effect)
from similar or the same genomic locations, where the univariate models also showed large univariate associations (see
Appendix B.1).

For high cholesterol, for example, the variants with the smallest univariate p-values are located on chromosomes 18
and 19; on these chromosomes there were also the variants that had the highest estimated coefficients in the bivariate
boosting model. These findings are consistent with the location of known cholesterol-associated genes.57 Variants from
these chromosomes were also selected with our approach for the odds ratio. Our model selected several variants for
chronic ischemic heart disease that are in line with the findings of the meta-analysis of genome-wide association studies
examining DNA sequence variants associated with ischemic heart disease of Elosua and Sayols-Baixeras63 (eg, the variants
rs11206510, rs2891168, and rs4420638).

Overall, several variants were selected by the boosting approach for each distribution parameter, that is, 75 for 𝜇1, 154
for 𝜇2, and 19 variants for 𝜓 . For the marginal means, mainly those variants were selected that were primarily filtered
due to the specific phenotype (the 1000 most highly associated from the univariate screening for both phenotypes). In
particular, for 𝜇1, 63 of the 75 selected variants had been chosen in the pre-screening for ischemic heart disease, so that 12
of the 75 selected variants for𝜇1 were primarily selected for high cholesterol. Regarding high cholesterol, 110 variants were
selected from the ones that had been pre-selected for this phenotype, while 44 of the selected variants for high cholesterol
had been originally pre-selected for ischemic heart disease. The two marginal means 𝜇1 and 𝜇2 had six selected variants
in common, and both had one variant that was also selected for the odds ratio 𝜓 (namely for 𝜇1: rs10455872 and for 𝜇2:
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F I G U R E 6 Manhattan plots for the coefficient estimates (expressed in exponential absolute values of the estimated coefficients) of the
boosted bivariate logistic regression model of the joint analysis of high cholesterol and ischemic heart disease from the UK Biobank data. The
x-axis represents the genomic location of the variants

rs77542162). The odds ratio included two variants that were among the 1000 most highly correlated pre-selected variants
for both phenotypes, namely rs505151 and rs2229094. The other 17 variants selected for the odds ratio were divided
as follows: 10 from 𝜇1 (ischemic heart disease) and 7 from 𝜇2 (high cholesterol). This means the algorithm identified
several variants that affect the dependency between the two phenotypes. The odds ratio is the most common measure for
examining the dependency between two binary outcomes in biomedical research and the interpretation in our context is
very similar. Thus, the selected variants for the association parameter have an effect on both outcomes, with a positive
effect increasing the association between heart disease and high cholesterol and conversely.

In summary, our algorithm provides the ability to study the joint genetic predisposition for chronic ischemic heart
disease and high cholesterol. With our approach we can also model the dependence of the association between these two
phenotypes on genetic variants, which is not possible with classical approaches. In addition, in line with the literature on
cardiovascular genetics, our model selected several variants in genomic regions which had been previously identified to
be relevant for the considered phenotypes.

4.2 Demand for health care in Australia

The first analysis on the demand for health care in Australia, based on the Australian health survey from 1977 to 1978,
was reported by Cameron and Trivedi.29 The considered data set consists of n = 5190 observations (which is only a subset
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T A B L E 5 Results of the bivariate poisson model for the demand of health care for model A and model B (see Figure 7 for the non-linear
effect estimates for age and income in model B)

Covariate 𝝀consulations 𝝀medications 𝝀3

Model A Intercept −2.10 −2.20 −2.62

Gender (female) 0.05 0.59 0.61

Age 1.40 3.29 —

Income −0.31 −0.10 —

Model B Intercept −2.29 −2.22 −0.35

Gender (female) 0.13 0.60 0.19

of the overall collected survey). The bivariate count variables of interest are the number of consultations with a doctor
(in the past 2 weeks) and the number of prescribed medications (used in the last 2 days), which we model using bivariate
Poisson regression. The explanatory variables are gender (female coded as 1, male as 0), age (in years divided by 100) and
annual income (in Australian dollars; AUD; divided by 1000, measured as midpoints of coded ranges). More details on the
survey and its original analysis can be found in Cameron and Trivedi.29 The data are provided in the R package bivpois,30

which is available on GitHub (https://github.com/cran/bivpois).
In the following, we use the same representation of the bivariate Poisson distribution as introduced in Section 2.2.2.

Each distribution parameter 𝜆k, k = 1, 2, 3 is modeled based on explanatory variables. We consider the two following
models:

ModelA Gender, age and income are included as covariates for𝜆consulations (number of doctor consultations) and𝜆medications
(number of medications prescribed), but only gender is considered as a covariate for the covariance parameter
𝜆3 (corresponding to Model (b) in Karlis and Ntzoufras30).

ModelB For each model parameter, P-splines are used as base-learners for the continuous variables age and income,
while for gender linear effects are used.

The stopping iteration of both models was tuned via 25-fold bootstrapping and the step-length was set to a fixed
𝜈 = 0.1.

Considering the results of Model A presented in the upper part of Table 5, we observe that with increasing age, both
the numbers of doctor consultations and prescribed medications are estimated to increase. Income has negative marginal
effects on both responses, which means that higher income is associated with fewer prescribed medications and fewer
doctor appointments. For the covariance parameter 𝜆3, only gender was included as an explanatory variable in Model A.
The joint effect of gender on the number of doctor consultations and prescribed medications indicates that males and
females have different covariance terms. The estimated effect of 0.61 for gender suggests that the association between
numbers of consultations and medications is higher for women than for men.

The lower part of Table 5 and Figure 7 present the results for Model B. With an increasing age up to 50 years, the
number of doctor consultations is estimated to increase linearly, with a slight decrease starting around the age of 57
years. The estimated effect of age on the number of prescribed medications and the covariance parameter is linear and
is negative throughout the covariance. The income is estimated to have a U-shape effect for the medical consultation,
with a minimum between 800 AUD and 1150 AUD. The estimated effect of gender for Model A is slightly larger than for
Model B.

Overall, the estimated effects of Model A are consistent with the results of Karlis and Ntzoufras.30 In addition, we
also considered a non-linear model. Both the linear and non-linear models indicated that the expected numbers of doctor
consultations and prescribed medications increase with age. For income, the expected numbers of doctor visits and pre-
scribed medications decreases with increasing income for Model A. The expected number of doctor visits also decreases
in Model B as income increased, whereby a U-shaped effect for income can be observed.

Furthermore, because of the bivariate modeling, we also obtain information about the relationship between the out-
comes. Here, both models showed a higher association between the number of doctor consultations and prescribed
medications for women. Furthermore, Model B also included age and income as covariates for the covariance parameter
and the model suggested that the association becomes greater with increasing age.
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F I G U R E 7 Partial effects of age and income on the demand for health care in Australia for model B

4.3 Risk factors for undernutrition in Nigeria

To analyze childhood undernutrition, a large database is available from the Demographic and Health Survey (DHS,
https://dhsprogram.com/), containing nationally representative information about the population’s health and nutrition
status in numerous developing and transition countries. Here, we consider a data set used in Klein et al.64 which contains
data from Nigeria collected in 2013 with overall 23,042 observations (after exclusion of outliers and inconsistent obser-
vations). The bivariate responses are stunting, which is defined as stunted growth measured as the insufficient height of
the child concerning its age (chronic undernutrition), and wasting, which refers to insufficient weight for height (acute
undernutrition). We analyze the joint distribution of these two responses using the bivariate Gaussian distribution with
covariate-dependent marginal means and standard deviations as well as a covariate-dependent correlation parameter.

For continuous variables, P-splines were applied as base-learners, namely for cage (age of the child in months), edu-
partner (years of partner’s education), mage (age of the mother in years) as well as mbmi (body mass index of the mother).
Several other categorical covariates (12 covariates in total, eg, bicycle, car, cbirthorder) were included using simple lin-
ear models as base-learners. Furthermore, the neighborhood structure of the districts in Nigeria was incorporated and
modeled by the spatial base-learner using a Markov random field. For a full description of the explanatory variables, see
Appendix B.2. The stopping iteration of both models was tuned by 25-fold bootstrap and the step-length was set to 𝜈 = 0.1.

Figures 8 and 9 show the results for the non-linear and spatial effects for all parameters. The estimated linear effects are
given in Appendix Table B2. Stunting is estimated to be more affected by variables describing children’s living situation,
particularly ctwin (child is a twin) and the birth order (cbirthorder). Following our model, with higher birth order, the
stunting score decreases, with negative values indicating that the children’s growth is below the expected growth of a child
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F I G U R E 8 Non-linear effects of cage, edupartner, mage and mbmi for stunting and wasting of the bivariate Gaussian regression model
for the Nigeria data

with normal nutrition. For wasting, ctwin had the largest effect, displaying also an increased risk for acute undernutrition.
These results are in line with those of Klein et al.64

Furthermore, stunting and wasting were both influenced by cage and mbmi as well. Following our model, for mbmi, a
higher BMI of the mother indicates a higher acute and chronic undernutrition. For cage, stunting and wasting is estimated
to decrease (ie, risk increases) up to around 20 months. After 20 months, the risk for wasting is estimated to decrease
again while remaining similar for stunting.

The scale parameter for wasting, for example, indicates a higher variability for children up to around 25 months. For
children older than 25 months, the variability decreases slightly, whereby we observed a greater variability for stunting
between 20 and 40 months. The correlation is negative for children younger than 20 months and is approximately zero
after a small positive correlation between 20 and 50 months. This finding indicates an interaction between stunting and
wasting depending on the child’s age, which is non-linear and stronger for younger children. Thus, children with a greater
height in the first years of life have a lower weight for height and vice versa. The other covariates have only a minor
estimated effect on the correlation parameter. These results are consistent with previous findings,11,64 which also holds for
the spatial effects. The regional effect was selected to be informative for all distribution parameters. The effect of chronic
undernutrition, for example, showed a lower risk of stunted growth in regions in southern Nigeria due to a positive effect.
These regions also have a lower variability of chronic undernutrition compared to the average regions in the center of
the county. This means that in this part of Nigeria the score for stunting is estimated to be on average lower and its
variability is also smaller. By contrast, the regions in the north are estimated to have a higher risk for stunting. In terms
of the correlation, some regions in the north are estimated to have a negative effect, while other regions in the south are
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F I G U R E 9 Spatial structure of stunting and wasting in Nigeria for the distribution parameters of the Gaussian distribution

estimated to show a slight positive effect on the correlation. A positive effect suggests that these regions have a problem
of acute undernutrition as well as chronic undernutrition.

Overall, chronic undernutrition (stunting) is mostly affected by the living conditions of the children, for example, the
birth order. Whereby, stunting and wasting were both influenced by the mother’s BMI and particularly by the child’s age.
Additional effects of the covariates on the scale and correlation parameters also suggested greater uncertainty for younger
children for acute undernutrition through a positive effect on the standard deviation, with variability decreasing with
age. Furthermore, we observed a stronger negative correlation between stunting and wasting in younger children, that is,
as stunting increases, wasting is expected to be lower. This means that children with a greater height tend to suffer from
a lower weight for height at a younger age.
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5 DISCUSSION

We developed statistical boosting for modeling distributional regression with multivariate outcomes. Motivated by our
biomedical applications, we considered three important multivariate parametric distributions: the bivariate Bernoulli,
Poisson and Gaussian distributions. As special merits over classical maximum likelihood or Bayesian approaches to
multivariate GAMLSS, our boosting framework can directly be used for high-dimensional data problems (p > n), while
allowing for a data-driven variable selection mechanism that allows for sparse models for all parameters of a multivariate
distribution.

In simulation studies, we have illustrated that the proposed boosting approach is able to identify the correct predic-
tors in different data situations, including low- and high-dimensional settings and incorporating different effect types
such as spatial effects. A comparison with the boosted univariate models showed that the bivariate models yielded more
accurate estimates for the true structure of the effects. The wide applicability of our approach is illustrated on three dif-
ferent biomedical data sets, where we extend previous studies and also confirm findings from the literature. Applying our
approach to examine jointly the genetic predisposition for chronic ischemic heart disease and high cholesterol not only
provides information on the dependency of these phenotypes on the genetic variants, but also allows to identify the vari-
ants that affect the association between both phenotypes. This is in strong contrast to classical methods to estimate, for
example, polygenic risk scores via accumulating effects from univariate linear models with single variants as predictor
variables.65 Our approach does not only incorporate multivariable predictor models, but also considers multivariate out-
comes and hence allows to assess also the genetic predisposition for the association between several phenotypes, such as
heart disease and high cholesterol. To the best of our knowledge, this is the first time multivariate distributional regression
was adapted to model the joint genetic liability for multiple phenotypes.

In examining possible effects of patients characteristics on demand for health care, we found that age and income
are relevant predictors, but also that gender affected the association between the number of doctor consultations and
prescribed medications, with a stronger association found for women (cf. Karlis and Ntzoufras30).

In the third application analyzing the risk of undernutrition in Nigeria, an association was found between chronic
undernutrition and the child’s living condition. In addition, the age of the child had a relevant influence on all distribution
parameters related to chronic and acute undernutrition; furthermore, the regional effect was selected not only for the
margins but also for the scale and correlation parameters.

To summarize, the application of our approach to boost multivariate distributional regression is particularly beneficial
in settings where at least some of the following criteria are met: (i) multiple associated responses are of interest; (ii) the
association or other characteristics of the joint distribution depend on covariates; (iii) there are multiple explanatory
variables available without clear prior-knowledge; (iv) the aim of the analysis is exploratory, hypothesis-generating or
prediction.

A limitation regarding the considered distributions in our approach is the restriction of the Poisson distribution to
positive dependency between the two responses. A possible solution for this restriction in future research could be the use
of alternative parameterization,39 which also allow for modeling negative correlations; however, these have the disadvan-
tage that the interpretation of effects on these parameters becomes much more difficult. A limitation of our algorithm is
the relatively high selection rates for variables with only minor importance, which occurs particularly in low-dimensional
settings. In this context, Strömer et al.66 have recently proposed an approach to deselect predictors with negligible impact
to obtain sparser models with statistical boosting. We want to investigate the incorporation of this proposal in the con-
text of multivariate GAMLSS in the future. Moreover, as the number of distribution parameters and the complexity of the
model increases (eg, due to many non-linear effects), the algorithm becomes computationally more intensive. To address
this problem, also alternative approaches for early stopping could be considered. A promising approach in the future
which has been developed for univariate location models is probing, where randomly shuffled versions of the original
observed variables (probes) are added to the data set and the algorithm stopped when the first probe is selected.67 Fur-
thermore, a unique fixed step-length for all distribution parameters (as it is currently good practice in statistical boosting)
could lead in some settings to an imbalance in the updates of predictors. In the most extreme case, the algorithm stops
before some of the distribution parameters received an update at all. This could be tackled by scaling the gradient vectors
or directly the outcome variable.50 Zhang et al.48 recently proposed an approach for adaptive step-lengths in Gaussian
location and scale models to find the optimal step-length for the parameters. Further research is warranted on extending
adaptive step-lengths approaches beyond Gaussian models to the more complex multivariate regression models.

Last, our focus has been on bivariate distributional regression models, but we will consider extending the mod-
els to higher dimensional responses in future research. From an algorithmic perspective, the extension should be
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straight-forward as it only adds more distribution parameters in our proposed framework. However, not only the construc-
tion of appropriate response distributions but also the interpretation of the effect estimates becomes more challenging.
For example, for the multivariate Gaussian distribution, the main challenge is the parameterization of the covariance
matrix and a promising route here could be based on a (modified) Cholesky decomposition.68 Similar, the extension of
the bivariate Poisson distribution to higher dimensions has some difficulties due to the complicated form of the joint
probability function. The most common extension would force all the pairs of variables to have the same covariance,69

whereby Karlis and Meligkotsidou70 already discussed a model with a two-way covariance term that allows for different
covariances between the variables.
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Abstract
Survival analysis plays a pivotal role across disciplines, including engineering, eco-
nomics, and social sciences—not just in biomedical research. In many of these 
applications, incomplete observations due to censoring are common, arising from 
limited follow-up periods, study dropouts, or administrative constraints. A standard 
assumption in such settings is that the censoring mechanism is independent of the 
survival process. This assumption primarily holds when censoring occurs at the 
end of the observation period. However, there may be dependence between event 
and censoring times. For example, if a patient’s health deteriorates and they with-
draw due to poor prognosis, the time of censoring depends on their health status, 
leading to dependent censoring as sicker patients are censored earlier. To address 
such situations adequately in statistical analyses, we propose a model-based boost-
ing approach using distributional copula regression. Our approach models the joint 
distribution of survival and censoring times by linking unknown marginal distribu-
tions through an unknown parametric copula. All distribution parameters of the 
resulting joint distribution are estimated simultaneously as functions of potentially 
different covariates. A key merit of the boosting approach is its data-driven vari-
able selection, which is particularly important for such flexible models. Estimation 
remains feasible even for high-dimensional data with more covariates than observa-
tions, where classical estimation frameworks meet their limits. To investigate the 
performance of our method, we conduct a comprehensive simulation study, and 
demonstrate its practical application using a recent observational study analyzing 
the overall survival of patients with colon cancer. The data has a high proportion of 
right-censored observations without information on the cause of censoring.

Keywords  Copula · Distributional regression · Gradient boosting · Survival 
analysis · Variable selection

Received: 13 November 2024 / Accepted: 30 September 2025 / Published online: 21 October 2025
© The Author(s) 2025

Modelling dependent censoring in time-to-event data 
using boosting copula regression

Annika Strömer1  · Nadja Klein2  · Ingrid Van Keilegom3  · Andreas Mayr1

Extended author information available on the last page of the article

1 3

57



Modelling dependent censoring in time-to-event data using boosting…

1  Introduction

Time-to-event data analyses play a crucial role in various disciplines, including bio-
statistics (Collett 2003; Klein and Moeschberger 2005; Samoladas et al. 2010; Has-
san et al. 2018; De Bin and Stikbakke 2023; Srujana et al. 2024; Stijven et al. 2024). 
Their focus is on studying the time to the occurrence of an event of interest, such as 
death, disease progression, treatment response or another specific endpoint. A com-
mon challenge is that patients in a study may not experience the event of interest 
within the study period or may be lost to follow-up before the event occurs due to 
study dropout. Consequently, censored observations are an inherent and natural char-
acteristic of survival data. Most widely used approaches, such as the Kaplan-Meier 
estimator  (Kaplan and Meier 1958) or the Cox proportional hazards model  (Cox 
1972), can handle time-to-event data with censored observations, including the most 
common form of right-censoring. In these approaches, a key assumption is that the 
survival time T and censoring time C are statistically independent conditional on the 
covariates. This is illustrated in the left part of Fig. 1, where C provides no informa-
tion about T given the covariates X  and vice versa.

However, this assumption is questionable in many situations. For example, if 
patients withdraw from a medical trial because their health condition is deteriorating, 
approaches that assume independent censoring could lead to biased results (Huang 
and Zhang 2008). This is due to a direct link between the survival and censoring 
times as illustrated in case a) in the right of Fig. 1. Thus, if we assume that sicker 
patients drop out of the study due to poor health, censored patients are more likely 
to be sicker than the non-censored patients and the survival time of the patients may 
be overestimated. A further dependence can exist if it is caused by unobserved con-
founding variables, as indicated by case b) in the right of Fig. 1. Here, the unobserved 
variable U influences survival and censoring times. This could occur if a patient in 
a trial experiences side effects of a treatment that requires an alternative treatment, 
causing the patient to drop out of the study.

Several distinct approaches have been developed to account for dependent censor-
ing. These include frailty models, which introduce random effects to capture unob-
served heterogeneity, such as that caused by unmeasured covariates, and to induce 
dependence between survival and censoring times only indirectly through a shared 
frailty term (e.g., Huang and Wolfe 2002; Schneider et al. 2020). In contrast, copula-

Fig. 1  Graphical illustration of two survival scenarios with right-censoring. In both scenarios, the event 
and censoring times T and C are conditional on the covariates X . Furthermore, Y is the observed sur-
vival time, δ is the event indicator and U is an unobserved confounder. The left-hand graph displays 
independent censoring and the right-hand graph dependent censoring: a) direct dependence from T to 
C and b) indirect dependence through the unmeasured covariate U
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based approaches have become increasingly popular for directly modeling the depen-
dence between survival and censoring times  (e.g., Emura and Chen 2016; Deresa 
and Van Keilegom 2020a, 2020b; Deresa et al. 2022; Midtfjord et al. 2022; Czado 
and Van Keilegom 2023; Deresa and Van Keilegom 2024b). By specifying a joint 
distribution through a copula function and marginal models, these methods allow for 
more flexible and explicit dependence structures, going beyond the implicit model-
ing of frailty-based approaches. The identifiability of copula models under dependent 
censoring, however, is challenging because the right-censoring mechanism obviously 
prevents the simultaneous observation of (T, C) and thus obscures the direct rela-
tionship between T and C in the observed data  (Tsiatis 1975; Crowder 1991). To 
ensure model identifiability, some authors assume that the copula is known. The first 
contribution in this direction was made by Zheng and Klein (1995), who proposed 
a generalization of the Kaplan-Meier estimator, the so-called copula-graphic estima-
tor. This method was further explored by Rivest and Wells (2001) in the context of 
Archimedean copulas, assuming a known copula. Since then, numerous approaches 
have been developed in this vein (see among others, Braekers and Veraverbeke 2005; 
Huang and Zhang 2008; Chen 2010; Sujica and Van Keilegom 2018; Emura and 
Chen 2018; Deresa and Van Keilegom 2021). For instance, Chen (2010) extended 
the copula framework to semiparametric transformation models, using a known 
copula to characterize the association between survival and censoring times. While 
this method offers considerable flexibility for modeling marginal distributions, the 
assumption of a fully known copula function is often unrealistic in practical biosta-
tistical applications. Czado and Van Keilegom (2023) recently proved that a known 
copula is not necessary for identifying the joint distribution of T and C. They pro-
posed a model based on a parametric copula for the relationship between T and C 
along with parametric marginal distributions. However, a limitation is that covariates 
cannot be included into the model. Deresa et al. (2022) addressed this by exploring 
a copula-based method for bivariate data with left truncation and dependent right 
censoring, including multiple covariates but only for the margins.

To develop a framework that does not require the copula to be known, while 
allowing to incorporate covariates for all model parameters (in the spirit of general-
ized additive models for location, scale and shape, Rigby and Stasinopoulos 2005), 
we propose a model-based boosting approach for dependent censoring in survival 
analysis via distributional copula regression. Building on the work of Czado and Van 
Keilegom (2023) and Deresa et al. (2022), our method utilizes a parametric copula 
combined with arbitrary parametric marginal distributions. Estimation is carried out 
via statistical boosting, which facilitates the simultaneous modelling of all distribu-
tion parameters as functions of potentially different sets of covariates. Our boosting 
algorithm is based on the work of Hans et al. (2023), who proposed a general frame-
work for boosting in distributional copula regression.

Our approach comes with three particular merits. First, the dependence between 
survival and censoring times can be modelled and explained through covariates. This 
may provide deeper insights and a better understanding of the underlying relationship 
between survival and censoring times. Second, our approach can handle high-dimen-
sional cases where the number of covariates exceeds the number of observations 
(p > n). For such settings, most classical approaches are no longer feasible. Third, 
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the boosting approach has the advantage of including a data-driven variable selection 
mechanism. This feature is particularly beneficial when dealing with many potential 
predictors, ensuring that only the most relevant variables are included without com-
promising predictive power.

Using a recent observational study from oncology that investigates the overall 
survival of patients with colon cancer we demonstrate the merits of our approach 
in practical research. The routine data were gathered from a specialized cancer cen-
ter and include potential predictors such as common clinical variables related to the 
tumor, patient demographics, and treatment (Seipp et al. 2021). This dataset repre-
sents a typical scenario encountered in biostatistical applications, characterized by a 
relatively high proportion of right-censored observations. Since the censoring mech-
anism is inherently unknown, it is impossible to determine whether the censoring is 
dependent or independent. However, in observational studies based on routine data, 
dependent censoring is more likely to occur due to various factors; for example, both 
patients with advanced disease and better health are more likely to miss follow-up 
visits or withdraw from the study  (Howe et  al. 2010). Nevertheless, the Cox pro-
portional hazards model or a parametric accelerated failure time (AFT) model (Wei 
1992; Heller 2024) are often still the methods of choice. We examine how the results 
of the analysis differ when accounting for associations between survival and censor-
ing times, and how these associations vary with the covariates.

The structure of this article is as follows: Sect. 2 presents distributional copula 
regression for dependent censoring in time-to-event data and how to perform estima-
tion based on model-based boosting. In Sect. 3, we investigate the performance of 
the new boosting approach in a simulation study with different scenarios—including 
conditional independent censoring. We apply our approach to colon cancer data and 
present the results in Sect. 4 before we finally discuss strengths and limitations of our 
approach in Sect. 5. Supplementary Materials (SM) contain further simulations and 
additional results for the application.

2  Model and Methods

2.1  Model specification

Let T and C be the survival and censoring times, respectively. Based on the assump-
tion of random right-censoring, we observe Y = min(T, C) and δ = I(T ≤ C), 
where I(A) = 1 if A is true and zero otherwise. Let furthermore X = x ∈ Rp denote 
the covariate vector. In the following, we allow for dependence between T and C 
and model this dependence utilizing a one-parameter copula C(·, · | θ) with param-
eter θ ∈ R. We assume that the marginal distributions FT  and FC  are non-negative, 
continuous with parametric densities fT (· | θT ) and fC(· | θC), respectively; and 
θT ∈ RKT , θC ∈ RKC  are the respective distribution parameters.

To account for the covariate information x in a regression setting, we relate the 
vector of model parameters α = (θ⊤

T , θ⊤
C , θ)T  to covariates, that is, α ≡ α(x). 

Then, the conditional version of Sklar’s theorem (Patton 2006) allows to write the 
joint cumulative conditional distribution function (CDF) of T and C given x as
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	 FT,C(t, c | α(x)) = C{FT (t | θT (x)), FC(c | θC(x)) | θ(x)}.

In practice however, we do observe (Y, δ) and the following proposition is an exten-
sion of Theorem 3.3 in Deresa et al. (2022), where we also allow the copula param-
eter to depend on the covariates.

Proposition 1  Let Y, FT , FC , fT , fC  and α be defined as above. Then, 
FY (y | α(x)) = FT (y | θT (x)) + FC (y | θC (x)) − C{FT (y | θT (x)), FC (y | θC (x)) | θ(x)} 
and

	

fY (y | α(x)) = fT (y | θT (x))
[
1 − hC|T {FC(y | θC(x)) | FT (y | θT (x)); θ(x)}

]

+ fC(y | θC(x))
[
1 − hT |C{FT (y | θT (x)) | FC(y | θC(x)); θ(x)}

]� (1)

holds for the distribution and density of Y, respective-
ly, where hC |T{FC (y | θC (x)) | FT (y | θT (x)); θ(x)} and 
hT|C {FT (y | θT (x)) | FC (y | θC (x)); θ(x)} are the conditional distribution 
functions of T | C  and C | T , respectively. These can be expressed in terms of their 
associated copula as

	

hC|T {FC(y | θC(x)) | FT (y | θT (x)); θ(x)} = ∂

∂u
C{u, v | θ(x)}|u=FT (t|θT (x)),v=FC (c|θC(x))

hT |C{FT (y | θT (x)) | FC(y | θC(x)); θ(x)} = ∂

∂v
C{u, v | θ(x)}|u=FT (t|θT (x)),v=FC(c|θC(x)).

To ensure model identifiability, we focus on parametric margins and one-parame-
ter copula functions, more precisely on log-normal and Weibull-distributed margins 
that are identifiable with the Clayton, Gaussian and Gumbel copulas, as was shown 
in Czado and Van Keilegom (2023).

2.1.1  Predictor specification

To allow for covariate dependent distribution parameters, we associate each element 
of α(x) = (θT,1(x), . . . , θT,KT

(x), θC,1(x), . . . , θC,KC
(x), θ(x))⊤ ≡ (α1, . . . , αK)⊤, 

K = KT + KC + 1 to structured additive predictors ηk via parameter-specific link 
functions gk, such that gk(αk) = ηk, k = 1, . . . , K. The general idea of these struc-
tured additive predictors is e.g., described in Wood (2017) and assumes that each 
ηk is of the form ηk = β0k +

∑pk

j=1 sjk(xjk), where β0k are the intercepts and the 
sjk, j = 1, . . . , pk represent the pk functional effects of parameter-specific covariate 
subvectors xjk ⊂ x in distribution parameter k. In this paper, we focus on linear 
effects that can be represented by sjk(xjk) = xT

jkβjk, where xjk is a covariate subset 
of x for the parameter αk and βjk are the regression coefficients, but other effects, 
such as nonlinear effects of univariate continuous covariates or spatial effects can be 
cast into this framework  (see again, e.g., Wood 2017).
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2.2  Estimation via model-based boosting

2.2.1  Background on boosting

For estimation, we resort to model-based boosting. The concept of boosting origi-
nated from machine learning (Freund 1995; Freund and Schapire 1997), and was later 
adapted to statistical modelling (Friedman et al. 2000, 2001). This statistical view on 
boosting formed the foundation for component-wise gradient boosting with regres-
sion-type base-learners with all its extensions for various objectives (Bühlmann and 
Hothorn 2007), which was later also referred to as statistical or model-based boost-
ing (Mayr et al. 2014, 2017). The basic idea is to iteratively fit regression-type base-
learners one-by-one to the negative gradient of a pre-specified loss function, which 
in our case corresponds to the negative log-likelihood, and the base-learners are the 
different linear effects. In every iteration only the best-fitting base-learner is updated 
and added to the respective current regression predictor  (see Hofner et al. (2014), 
for a detailed overview). This procedure is repeated until the final stopping iteration 
mstop is reached and the result can be somewhat compared to that of L1 penalized 
lasso regression (Tibshirani 1996; Hepp et al. 2016).

2.2.2  Estimation procedure

Assume that we have an independent and identical distributed sample 
D = {(yi, δi, xi), i = 1, . . . , n}. Then, using (1), the joint log-likelihood is given by

	

ℓ(α; D) =
∑
δi=1

log(fT (yi | θT (xi))
[
1 − hC|T {FC(yi | θC(xi)) | FT (yi | θT (xi)); θ(xi)}

]
)

+
∑
δi=0

log(fC(yi | θC(xi))
[
1 − hT |C{FT (yi | θT (xi)) | FC(yi | θC(xi)); θ(xi)}

]
).

Our model is integrated into the boosting distributional copula regression framework 
of Hans et al. (2023). Here, all distribution parameters are modelled simultaneously, 
i.e., in every iteration all partial derivatives uk = −∂ℓ/∂αk of the negative log-like-
lihood −ℓ with respect to the different distribution parameters αk are calculated and 
each base-learner bjk ≡ x⊤

jkβjk is separately fitted to the respective gradients. For 
each distribution parameter, the best-fitting base-learner b∗

jk is identified, i.e., the one 
with the highest loss reduction, and compared among all distribution parameters. 
Only a small proportion (step-length ν) of the overall best-performing base-learner 
ν × b∗

jk is added to the respective predictor ηk in every iteration, using a non-cyclic 
version of the basic boosting algorithm (see Thomas et  al. 2018, for details). The 
step-length ν is set to a small fixed value within the range of 0 < ν < 1 (Schmid and 
Hothorn 2008). For boosting copula regression, Hans et al. (2023) suggest a value of 
ν = 0.01 and we follow this default choice.
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2.2.3  Benefits of boosting

Boosting can handle high-dimensional data (that is, p > n) and is thus an attractive 
alternative to classical inference methods for statistical models in such situations. 
The algorithm selects only one base-learner in each iteration, building up predic-
tors step-by-step. At each step, the base-learner that achieves the largest empirical 
risk reduction is updated, allowing its effect to accumulate over iterations. Base-
learners contributing most to risk minimization are selected repeatedly, while those 
never selected are effectively excluded from the final model. This data-driven vari-
able selection, conducted simultaneously across all additive predictors, is controlled 
by the stopping iteration mstop. The number of boosting iterations mstop determines 
the complexity of the final model; a higher number of iterations may include more 
variables, some with negligible effects that may reflect noise rather than signal. To 
balance sparsity and prediction accuracy, mstop is typically optimized by cross-vali-
dation, resampling techniques, or using an additional data set (if available). The latter 
usually yields comparable stability in the selected stopping iteration and resulting 
model at lower computational cost than cross validation or resampling. In addition to 
encouraging the sparsity of the resulting models, the optimization of mstop also leads 
to the prevention of overfitting, since the algorithm usually stops before convergence 
(also referred to as early stopping, Mayr et al. (2012)). For enhanced sparsity, post-
hoc refinement via stability selection (Meinshausen and Bühlmann 2010) or deselec-
tion (Strömer et al. 2022, 2025) can be applied.

We denote our approach CopBoostDepCens in the remainder of the paper.

3  Simulations

We conducted a detailed simulation study to evaluate the performance of CopBoost-
DepCens with regard to the following questions:

	● Can CopBoostDepCens correctly estimate the corresponding distribution param-
eters and identify the respective active variables?

	● How do different censoring rates influence the results?
	● How does CopBoostDepCens compare to a model that assumes independent cen-

soring?
	● How does CopBoostDepCens perform in situations where the survival and cen-

soring times are actually independent?

3.1  Simulation design

To represent lower, no and upper tail dependence scenarios, we generate data using 
the Clayton, Gaussian and Gumbel copulas. To ensure identifiability, we combine 
these with either log-normal or Weibull-distributed margins for both survival and 
censoring times. We denote the copula parameter with ρ, whereby we use ρ⋆ and 
ρ⋄ to distinguish between different copula parameters for specific scenarios. Addi-
tionally, µT , σT , µC , σC  represent the location and scale parameters of the marginal 
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distributions of T and C, respectively. The corresponding true predictor specifications 
η., g., · ∈ {µT , σT , µC , σC , ρ} are

	

gµT
(µT ) = ηµT

= β0µT
+ 2x1 + x3 gσT

(σT ) = ησT
= 0.7 + 0.7x3

gµC
(µC) = ηµC

= β0µC
− x2 + 1.5x4 gσC

(σC) = ησC
= 0.5x2

gρ⋆(ρ⋆) = ηρ⋆ = 2 + 1.5x5 gρ⋄(ρ⋄) = ηρ⋄ = 0.25 + 0.4x1 − 0.6x5,

where (β0µT
; β0µC

) ∈ {(−1; 0.8), (0.7; 0.8), (1; −0.4)} for Weibull-distributed 
margins and (β0µT

; β0µC
) ∈ {(−0.9; 0.8), (1; 0.8), (1.5; −0.4)} for log-normal dis-

tributed margins. These values are chosen to mimic different average proportions of 
censoring of 20%, 50% and 80%, respectively. The covariates x1, . . . , xp are inde-
pendently drawn from uniform distributions on (−1, 1). We fix the number of obser-
vations to n = 1000 but vary the number of available covariates across all model 
components. Specifically, we define p∗ as the total number of available covariates 
included across all additive predictors (i.e., across all model parameters), whereas 
pk denotes the number of covariates used in the k-th predictor (e.g. for one mar-
ginal distribution or the copula parameter). Since each of the K = 5 distribution 
parameters in our model has its own additive predictor, the total number of covari-
ates is p∗ =

∑K
k=1 pk. In our simulations, the same set of covariates is used for all 

distribution parameters. We consider p∗ ∈ {50, 250, 500, 1000, 2500}, representing 
different levels of noise variables without any influence. The high-dimensional case, 
p∗ = 2500 is evaluated only in Setting 1. The following settings are examined: 
Setting 1 (dependent cen-
soring, positive association)

This setting evaluates all combinations of margins 
and copulas, with the copula parameter ρ mod-
elled by gρ⋆(ρ⋆) = ηρ⋆ . The average dependence 
between the margins, as measured by Kend-
all’s τ , ranges from [0.45; 0.94] for the Clayton 
copula, [0.31; 0.96] for the Gaussian copula, and 
[0.39; 0.97] for the Gumbel copula (depending on 
the realization of covariate x5).

Setting 2 (dependent cen-
soring, weaker and nega-
tive association)

This setting specifically explores the Gaussian 
copula, with the copula parameter ρ modelled by 
gρ⋄(ρ⋄) = ηρ⋄ . This setting allows for negative 
dependence and exhibits lower dependence values 
compared to Setting 1. On average, Kendall’s τ  is 
within [−0.43; 0.63].

Setting 3 (no association 
between censoring and 
survival times)

In the independent setting, where gρ(ρ) = ηρ = 0 
(no dependent censoring) and thus the copula 
parameter ρ does not depend on any covariates, we 
focus on the case with p = 10 covariates. Further 
results can be found in SM A and B.

 In all settings, only the additive predictor for ρ changes between the settings, while 
the other additive predictors for the marginal distributions remain the same. For 
each setting we generate 100 replicated data sets using the R package copula. The 
corresponding link functions for the marginal distributions and copulas are listed in 
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Table 1. The runtime for all settings can be found in SM A and B.

3.1.1  Benchmark methods

We benchmark CopBoostDepCens with a similar model for survival analysis, namely 
the distributional AFT model (referred to in the following as AFT model), which 
does not take dependent censoring into account. The AFT model is fully parametric 
and allows for direct modelling of both the location and scale parameters as func-
tions of covariates (in the spirit of generalized additive models for location, scale and 
shape, Rigby and Stasinopoulos 2005). We also estimate the AFT models with gra-
dient boosting and the same settings and predictor specifications as CopBoostDep-
Cens. As CopBoostDepCens also considers AFT-type distributions as margins, the 
distributional AFT model hence represents a very similar approach to ours, only that 
it focuses on the survival times T assuming independent censoring. The most popu-
lar model for survival analysis would be the Cox model. Due to its semi-parametric 
nature with unspecified baseline hazards, we do not consider it to be a fair competitor. 
However, additional results for the Cox models are available in SM A and B.

3.1.2  Performance metrics

To evaluate the predictive performance, we generate an additional test data set of 
equal sample size to assess the following metrics for each setting and method: Brier 
score and integrated absolute error. Let S(t|xi) = P (T > t|xi) represent the true 
survival function at time t, indicating the probability that an individual with covariate 
vector xi survives beyond time t. The predicted survival function, derived from the 
model, is denoted with Ŝ(t|xi).

The Brier score (BS) measures the accuracy of the predicted survival function 
Ŝ(t|xi) and thus the calibration of the model by calculating the mean squared differ-
ence between predicted probabilities and actual outcomes. For right-censored data, 
the Brier score at time t = Y1, . . . , Yn is computed as:

	
BS(t) = 1

n

n∑
i=1

[
Ŝ(t|xi)2 · I(Yi ≤ t, δi = 1)

Ĝ(Yi)
+ (1 − Ŝ(t|xi))2 · I(Yi > t)

Ĝ(t)

]
,

Table 1  Link functions for the considered marginal distributions and copulas
Parameter Link function

Margins
Log-normal Location Identity gµT (u) = u, gµC (v) = v

Scale Log gσT (u) = log(u), gσC (v) = log(v)
Weibull Scale Log gµT (u) = log(u), gµC (v) = log(v)

Shape Log gσT (u) = log(u), gσC (v) = log(v)
Copulas
Clayton Dependence Log gρ(ρ) = log(ρ)
Gaussian Dependence Inverse hyperbolic tangent gρ(ρ) = tanh−1(ρ)
Gumbel Dependence Log shifted by 1 gρ(ρ) = log(ρ − 1)
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where Ĝ(t) is an estimate of the survival function P (C > t) for the censoring time, 
defined as the probability that the censoring time C exceeds time t. The latter is 
typically estimated using the Kaplan-Meier estimator (Kaplan and Meier 1958; Graf 
et al. 1999), which is applied to the AFT model. However, with CopBoostDepCens, 
censoring times can directly be estimated from the model, which accounts for covari-
ates, unlike the Kaplan-Meier estimator. Thus, for CopBoostDepCens, we replace Ĝ 
by Ĝ(t|xi), which estimates P (C > t|xi). This is similar to the approach of Lillelund 
et al. (2025), which replaces the Kaplan-Meier estimator with a copula-graphic esti-
mator for estimating G(t). Lower values for the Brier score indicate greater accuracy.

The integrated absolute error (IAE) measures the absolute error over time, weight-
ing all errors equally and is defined by

	
IAE = n−1

n∑
i=1

ˆ tmax

0
|S(t|xi) − Ŝ(t|xi)|dt

where S(t|xi) denotes as before the true survival function and Ŝ(t|xi) represents the 
predicted survival function at time t (Moradian et al. 2017). The largest value among 
Y1, . . . , Yn is denoted as tmax. Results for the integrated Brier score and integrated 
squared error can be found in SM A and B.

Note that most standard evaluation metrics were originally developed under the 
assumption of independent censoring. When applied to settings with dependent cen-
soring, they should be interpreted with caution. We therefore focus on the Brier score, 
adjusted to incorporate censoring, and the IAE, which remains valid regardless of the 
censoring mechanism.

3.1.3  Tuning and implementation details

The CopBoostDepCens models have been implemented as an add-on to the R pack-
age gamboostLSS, where also the AFT model is implemented. The stopping iteration 
m stop  is optimized by minimizing the empirical risk on an additional validation data 
set with nval = 1000 observations. The step-length is set to ν = 0.01 for CopBoost-
DepCens and the AFT model for all distribution parameters (cf., Hans et al. 2023). 
All code required to replicate our results is available on GitHub: https://github.com/
AnnikaStr/CopBoostDepCens.

3.2  Results

In the following, we present the results for Weibull margins and the Gaussian copula 
for all settings. Results for the Clayton and Gumbel copulas for Setting 1 and Setting 
2 with Weibull margins can be found in SM, Section A, whereas results with log-
normal margins and all three copulas are given in Section B.
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3.2.1  Setting 1 (dependent censoring, positive association)

Figure 2 presents boxplots of coefficient estimates of the informative and non-infor-
mative (non-inf.) variables of CopBoostDepCens on the 100 simulation replicates. 
Results are shown for each distribution parameter (columns) of the Gaussian copula 
with Weibull-distributed margins for different numbers of noninformative variables 
(rows 1–5). The box colors represent the average proportions of censoring. The red 
horizontal lines show the true values of each corresponding coefficient. Missing box-
plots indicate that the algorithm did not select the corresponding variables.

CopBoostDepCens effectively captures the true structure of informative variables 
for each parameter of the margins reasonably well, even with a large number of noise 
variables and high censoring rates. For instance, in the high-dimensional case of 
p∗ = 2500, where p∗ > n, the algorithm performs comparably to lower-dimensional 
settings in identifying informative variables. Only a slightly stronger shrinkage of 
effect estimates is observed. Estimates for non-informative variables are consistently 
shrunk to zero, with fewer false positives as p∗ increases. The true effects for the 
dependence parameter ρ are also correctly identified but show stronger shrinkage as 
p∗ increases. In addition, x1 is occasionally falsely selected for 20% and 50% censor-
ing, with lower rates at 80% (see SM: Table A3).

Figure A1 (SM A.1.1) presents the coefficient estimates for the benchmark method: 
The truly informative variables for the survival time are correctly identified for both 
distribution parameters of the AFT models, but slightly overestimate their coeffi-
cients and include some noise variables, particularly those informative for censoring. 
Table 2 (rows 1–4) shows the means and standard deviations (SD) of the Brier score 
and IAE for performance evaluation. CopBoostDepCens consistently outperforms 
the AFT model in Brier scores, indicating better calibration and prediction accuracy. 
For the IAE, the AFT model performs best at 20% censoring, but CopBoostDepCens 
maintains stable results across varying covariates and censoring rates and performs 
best at 50% and 80% censoring. This can be explained by the fact that unlike the AFT 
model, CopBoostDepCens needs to estimate the censoring time, which is difficult 
when only 20% of the data is censored. Additionally, IAE is also calculated for the 
censoring time.

3.2.2  Setting 2 (dependent censoring, weaker and negative association)

Figure A2 in SM A.1.2 shows the coefficient estimates for CopBoostDepCens of Set-
ting 2. The parameter estimates of the margins closely resemble those from Setting 1, 
despite lower and partly negative dependence, indicating correct identification of the 
informative variables. For the dependence parameter, the informative variables are 
also correctly detected with a slight overestimation of the intercept at 50% censor-
ing and for the coefficient of x1 at 20% censoring. This overestimation is expected 
because x1 has a strong effect on µT  and with 20% censoring, more events are 
observed, leading to a slightly overestimated effect on the dependence parameter. For 
the AFT model, only minor differences are observed: The AFT model correctly iden-
tifies informative variables for both distribution parameters, slightly overestimating 
the effect for x1, which improves with more covariates (see SM A.1.2, Fig. A3). Cop-
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BoostDepCens achieves the lowest Brier scores, while the AFT model consistently 
performs better in IAE, which, as for Setting 1, can be attributed to the fact that Cop-
BoostDepCens needs to estimate the censoring time (Tables A4 and A5, SM A.1.2).

3.2.3  Setting 3 (no association between censoring and survival times)

Setting 3 investigates how the model performs under conditional independent cen-
soring, where the censoring times depend only on known covariates but not on the 
survival times. Similar to the observations in the dependent settings, CopBoostDep-
Cens performs well in identifying the informative variables across different censor-
ing rates for both survival and censoring time (see Fig. 2; row 6). However, the model 
includes some noise variables in the dependence parameter. The AFT model provides 
rather accurate estimates without overestimation (Fig. A4, SM A.1.3). This is also 
reflected in the IAE in Table 2, which are consistently lowest for the AFT model 
and do not increase as much with higher censoring as in Setting 1. The values for 
CopBoostDepCens are similar to the dependent settings, including for the censoring 
time. CopBoostDepCens remains superior for the Brier score, showing no noticeable 
change from the dependent settings.

Table 2  Simulation study
Brier score Integrated absolute error

Survival time Censoring time
Censoring (%) Copula AFT Copula AFT Copula

p∗ = 50 20 0.07 (0.00) 0.10 (0.13) 0.94 (0.09) 0.13 (0.02) 0.88 (0.12)
50 0.08 (0.01) 0.13 (0.18) 1.13 (0.05) 1.84 (0.26) 2.05 (0.13)
80 0.06 (0.02) 0.10 (0.16) 1.23 (0.16) 3.87 (1.00) 1.41 (0.19)

p∗ = 250 20 0.07 (0.00) 0.11 (0.16) 0.94 (0.08) 0.13 (0.02) 0.84 (0.10)
50 0.09 (0.02) 0.12 (0.16) 1.15 (0.05) 1.59 (0.23) 1.99 (0.11)
80 0.06 (0.01) 0.11 (0.18) 1.29 (0.19) 2.89 (0.81) 1.37 (0.19)

p∗ = 500 20 0.07 (0.00) 0.10 (0.14) 0.93 (0.08) 0.12 (0.02) 0.83 (0.11)
50 0.10 (0.02) 0.13 (0.17) 1.19 (0.06) 1.42 (0.21) 2.02 (0.12)
80 0.06 (0.02) 0.08 (0.09) 1.30 (0.18) 2.30 (0.55) 1.34 (0.14)

p∗ = 1000 20 0.07 (0.00) 0.10 (0.14) 0.93 (0.07) 0.13 (0.02) 0.87 (0.10)
50 0.10 (0.01) 0.13 (0.18)  1.24 (0.08) 1.27 (0.20) 2.03 (0.13)
80 0.06 (0.01) 0.10 (0.15) 1.34 (0.18) 1.90 (0.51) 1.37 (0.17)

p∗ = 2500 20 0.07 (0.00) 0.11 (0.15) 0.91 (0.08) 0.13 (0.02) 1.00 (0.13)
50 0.07 (0.00) 0.11 (0.15) 1.32 (0.08) 1.16 (0.16) 2.07 (0.13)
80 0.06 (0.01) 0.10 (0.12) 1.35 (0.20) 1.57 (0.41) 1.35 (0.19)

Indep.
p∗ = 50

20 0.07 (0.00) 0.12 (0.15) 0.88 (0.09) 0.04 (0.01) 0.81 (0.13)
50 0.08 (0.01) 0.17 (0.21) 1.42 (0.19) 0.25 (0.06) 1.99 (0.21)
80  0.05 (0.02) 0.11 (0.10) 1.18 (0.32) 0.39 (0.16) 1.26 (0.23)

Brier score (SD) and integrated absolute error (SD) for CopBoostDepCens and AFT models on the 
100 replicates of the Gaussian copula with Weibull-distributed margins for different numbers of noise 
variables (rows 1–5, Setting 1) as well as for Setting 3 with p∗ = 50 (row 6). The best-performing model 
for each metric is highlighted in bold
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3.3  Overall summary of simulation results

CopBoostDepCens demonstrates a favorable performance in both identifying and 
estimating informative variables across various scenarios. It effectively identifies 
the relevant variables for each distribution parameter, even under more challenging 
conditions characterized by weaker and negative dependence. CopBoostDepCens 
consistently captures the true structure of the data across different levels of censor-
ing and thus provides robust results for the considered censoring rates. In addition, 
performance remains reliable even when survival and censoring times are truly 
independent.

In terms of predictive performance, CopBoostDepCens also performs well. When 
compared to a model that assumes independent censoring, such as the AFT model, 
the results are partially comparable, particularly for the integrated absolute error 
which focuses on survival time alone. However, the AFT model is limited by its 
exclusive focus on survival time, whereas CopBoostDepCens accounts for both sur-
vival and censoring times, as well as their potential dependence. In scenarios with 
only low censoring rates and/or weak dependencies between T and C, the AFT model 
seems to be suitable if the focus is solely on survival time. However, the strength of 
CopBoostDepCens lies in its ability to capture complex relationships between sur-
vival and censoring time that simpler models may miss, providing a broader perspec-
tive that is particularly valuable in scenarios that require a deeper understanding of 
their interplay. Note that, interestingly, our approach exhibits a decreased runtime in 
high-dimensional settings, as overfitting tends to occur earlier, forcing the algorithm 
to stop early.

4  Observational study on survival of colon cancer patients

We illustrate the application of our method via an observational study investigating 
the overall survival of colon cancer patients after surgery based on routine data.

4.1  Data and model building

We analyse data that contain information on n = 546 patients listed in a registry of a 
local German acute care hospital. All enrolled patients underwent the surgical resec-
tion of the affected part of the intestine with radical regional excision of adjacent 
lymph node stations, following the corresponding guidelines (Seipp et al. 2021). The 
data are publicly available in the R package dirttee (Seipp and Otto-Sobotka 2022).

In what follows, we focus on the outcome of overall survival since surgery. The 
event was observed for 201 patients, while 345 patients were right-censored. Median 
follow-up time was 26.6 months, for a histogram of the follow-up times for patients 
with and without event, see Fig. 3. The high censoring rate (63.1%) is a most likely 
result of the relatively good prognosis for colon cancer patients and the short follow-
up times. There is no information, however, on the individual causes of censoring, 
but as this is an observational study, it is very likely that patients drop out of the study 
for a reason related to their survival time. The following clinical variables are con-
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sidered: chemotherapy (yes or no), ASA score (general health status, mild or severe), 
UICC cancer stage (I–IV, higher stage means a further progressed tumor), age of 
the patient, LNE (number of pathologically examined lymph nodes during surgery), 
LNR (lymph node ratio, number of cancerous lymph nodes divided by the number 
of examined lymph nodes), sex, R status (residual tumor after surgery, yes or no) and 
preexisting cancer (yes or no). A more detailed description of the data can be found 
in Seipp et al. (2021).

4.1.1  Model selection

Our aim is to model the distribution of observed events and censoring times of the 
patients as functions of all available clinical variables as potential predictors using 
CopBoostDepCens. We tested Weibull and log-normal marginals in combination 
with the Clayton, Gaussian and Gumbel copulas. To select the best model, we evalu-
ated the predictive log-likelihood score based on 10-fold cross-validation (cf. Hans 
et al. 2023) (see SM C). The best stopping iteration mstop for each model was also 
determined based on 10-fold cross-validation.

4.1.2  Benchmarks

In line with the approach used in the simulation study, we compare CopBoostDep-
Cens to a distributional AFT model, which does not account for potential dependent 
censoring but is also estimated via boosting (as in the simulations). Additionally, 
we include a boosted Cox model in the comparison, as it is the most traditional and 
widely utilized method for analyzing survival data. This evaluation serves as a sanity 
check rather than a competitive comparison. The R-code to reproduce all analyses 
can be found on GitHub https://github.com/AnnikaStr/CopBoostDepCens.

Fig. 3  Observational study. Histogram of the follow-up time in months for patients with event (light 
green) and without event (dark green)
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4.2  Results

The best-performing combination of marginal distributions and copula with respect 
to predictive performance was the Weibull distribution with a Clayton copula. We 
hence also used the Weibull distribution for the AFT model.

Table 3 displays the estimated coefficients for CopBoostDepCens, the Cox and 
AFT models. One can observe at first glance that many of the clinical variables pro-
vided in the dataset are identified as relevant predictors for the survival of colon 
cancer patients by the boosting approaches. The resulting models are not particularly 
sparse. For example, for our copula model all variables are selected for the loca-
tion parameter of the survival time µT . This is also confirmed by the Cox and AFT 
models, where almost all variables have been selected for the hazards or the location 
parameter µ, respectively. When interpreting the coefficients, one has to keep in mind 
that the copula and the AFT model rely on modelling directly the event time, while 
the Cox model focuses on the hazards as quantity of interest. As a result, for example 
the age of a patient has a negative effect on µT  in the copula model and µ in the AFT 
model but a positive (multiplicative) effect for the Cox model. Both refer hence to a 
negative impact of age on the survival of patients with colon cancer. When just look-
ing at the survival part of the copula model, one can again (cf., Section 3) observe 
the similarities of CopBoostDepCens and the AFT model when utilizing the same 
marginal distribution: the resulting estimated coefficients for µT  and µ as well as σT  
and σ are overall very similar regarding magnitude and direction of effects.

The strength of CopBoostDepCens is to take the association (ρ) between the sur-
vival and the censoring time into account. Compared to the distribution of event 
times, less variables are relevant for modelling the distribution of censoring times 
and the association between event and censoring times. In particular for the depen-
dence parameter, only two variables are selected: chemotherapy and tumor stage IV. 
This provides evidence for dependent censoring, influenced also by covariates. While 
chemotherapy is in general associated with longer survival times (positive effect on 

Table 3  Observational study
Copula model AFT model  Cox model
µT σT µC σC ρ µ σ exp(coef)

Intercept 6.070 −0.270 3.061 −0.428 0.546 6.734 −0.329 0.094
Age −0.016 −0.001 0.007 0.002 – −0.019 – 1.021
Sex, male −0.033 0.071 0.006 −0.081 – −0.017 0.118 –
Chemotherapy 0.540 0.592 0.117 0.186 −1.170 0.334 0.752 0.500
ASA score, severe −0.693 −0.195 – −0.143 – −0.728 −0.242 3.259
UICC cancer stage II −0.092 – – 0.029 – – – 1.373
stage III −0.393 0.052 0.111 0.231 – −0.513 – 2.100
stage IV −1.081 −0.147 – – −0.250 −1.349 −0.228 3.175
LNE 0.009 0.008 0.007 0.011 – 0.006 0.007 0.981
LNR −1.616 0.434 0.560 – – −1.679 0.387 3.702
R status −0.153 −0.014 0.220 0.519 – −0.063 −0.033 2.424
Preexisting cancer −0.398 −0.020 −0.060 −0.014 – −0.462 – 1.524
Estimated coefficients for all clinical variables with CopBoostDepCens, the AFT model and the Cox 
model
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µT ) it has a strong negative effect on the association parameter, leading to a smaller 
association between survival time and censoring time. This can be interpreted as a 
broader potential range of survival time given that a patient is censored. A similar 
effect can be observed for the tumor staging, where stage IV is unfortunately associ-
ated with much shorter survival of the patient, but also has a negative effect on the 
association parameter.

Figure 4 displays the partial effects on the dependence parameter (ρ), showing 
how chemotherapy and UICC cancer stage influence ρ. The top left plot shows the 
marginal effect of chemotherapy, while the bottom left plot shows the marginal effect 
of cancer stage. When chemotherapy is not administered, the dependence parameter 
is around 0.5, indicating a positive association between survival and censoring time. 
When patients receive chemotherapy, ρ decreases to approximately –0.7, closely 
aligning with the estimated coefficient of –1.17. Similarly, I - III of UICC cancer 
are associated with a dependence of about 0.15, while stage IV shows a decrease to 
approximately –0.1, consistent with the coefficient estimate of –0.25. The right plot 
displays the joint partial dependence, showing that the combination of chemotherapy 
and stage IV results in the lowest dependence values. This confirms that both factors, 
particularly chemotherapy, strongly reduce the association between survival and cen-
soring time, in line with the coefficients in Table 3.

Fig. 4  Partial effects on the copula dependence parameter (ρ), illustrating the effect of chemotherapy 
and UICC cancer stage on ρ. The top left plot shows the marginal effect of chemotherapy, while the 
bottom left plot shows the marginal effect of cancer stage. The right plot displays the joint partial de-
pendence, illustrating the interaction between chemotherapy and cancer stage on ρ
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5  Discussion

We developed CopBoostDepCens, a model-based boosting approach that relies on 
parametric marginal distributions and copulas, ensuring model identification. Cop-
BoostDepCens does not assume a known copula and allows to include large numbers 
of potential predictor variables.

Modelling both survival and censoring times together through a copula in combi-
nation with a component-wise boosting approach bridges the gap from a compelling 
theoretical idea to a practical and versatile modelling option in many disciplines.

We demonstrated through simulations that CopBoostDepCens is able to iden-
tify the correct predictors in various data situations, including varying numbers of 
potential covariates and different censoring rates. While boosting the distributional 
AFT model (assuming independence) also may yield satisfying results, particularly 
in situations with a low censoring rate or a weak dependence between survival and 
censoring times, CopBoostDepCens provides additional insights into the dependence 
between survival and censoring times, not captured by classical approaches. For 
instance, in our analysis of the overall survival of colon cancer patients—a scenario 
commonly encountered by biostatisticians—we identified, among other findings, a 
negative effect of chemotherapy on the relationship between survival and censoring. 
This insight could not be obtained using previous models.

Evaluating the predictive performance of our model and comparing it with stan-
dard approaches such as the AFT model, is challenging. Many conventional met-
rics, such as the mean absolute error or concordance index, either exclude censored 
observations or assume non-informative censoring, which leads to biased results or 
misleading conclusions  (Qi et  al. 2023). Even metrics that attempt to account for 
censoring, such as the Brier score, pose challenges. Traditional implementations 
estimate the censoring distribution using Kaplan–Meier estimator, which assumes 
independence between survival and censoring times. In contrast, CopBoostDepCens 
explicitly models the censoring distribution as function of covariates. This funda-
mental difference complicates the comparison between models and raises concerns 
about the appropriateness of using standard evaluation metrics that assume indepen-
dent censoring.

These limitations underscore the need for developing metrics that adequately 
capture the model performance under dependent censoring  (Foomani et al. 2023). 
Recent work has started to close this gap: Prince et al. (2025) demonstrates that the 
Brier score is sensitive to the choice of weighting and provides guidance on inverse 
probability weighting (IPCW), while Lillelund et al. (2025) demonstrates the bias of 
traditional metrics and propose a copula-based alternative that uses a known Archi-

medean copula to estimate Ĝ(t). However, this approach requires a known copula 
structure and ignores covariates. Our method avoids these constraints: rather than 
relying on a copula-graphic estimator, our model directly estimates the censoring 
distribution conditional on covariates and allows the dependency parameter to vary 
with covariate effects.

An approach related to ours is that of Midtfjord et al. (2022). The authors employ 
the Clayton copula to account for dependent censoring. However, their model is 
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restricted to the Clayton copula and limited to a fixed dependence parameter. Further-
more, it assumes that censoring is independent of covariates. In contrast, our boosting 
approach flexibly models all distributional parameters as functions of covariates.

This flexibility and the ability to model each parameter of the margins and the 
copula based on covariates also comes with the challenge of interpreting the effects 
of covariates involved in multiple parameters. Further research is warranted to reduce 
model complexity, for example, by deselecting covariates that have only a minor 
impact on overall model performance (Strömer et al. 2022, 2025). An inherent limita-
tion of CopBoostDepCens is the difficulty in providing standard errors for the result-
ing coefficients, which is true for all boosting approaches. Due to early stopping and 
the resulting shrinkage of effect estimates, there are no closed formulas for standard 
errors. To address this, permutation tests could be utilized for significance testing and 
to provide p-values (Mayr et al. 2017; Hepp et al. 2019), though this would further 
increase computational costs. Another limitation of our boosting approach is that we 
currently only have empirical evidence from the simulation study and the applica-
tion on its performance, but no formal theoretical proof regarding the consistency 
of effect estimates or asymptotics. Together with the missing standard errors, this 
makes statistical boosting in general most suitable for exploratory data analyses or 
prediction modelling—not for confirmatory data analyses (Mayr and Hofner 2018; 
Strömer et al. 2023).

Lastly, our conditional censoring approach is naturally limited to settings with a 
sufficient number of censored and uncensored individuals. In our simulations, we 
considered different censoring rates ranging from 20% to 80%. Also it is clear, that 
for a complex model as ours where we relate all distribution parameters from two 
marginal distributions as well as a copula parameter to covariates, one needs a rea-
sonable large sample size for reliable estimation and to detect the most informative 
predictors. In our simulations, we used n = 1000 for most settings, a setting with 
n = 100 can be found in the Supplementary Material. This limitation is already true 
for most distributional regression approaches, but for CopBoostDepCens becomes 
even more pressing, as only parts of the observations can be used for estimating the 
corresponding marginal distributions.

While our current implementation uses one-parameter copulas, the modular 
structure of the boosting algorithm would allow the integration of more advanced 
copula families. These could include, for example, Vine (Czado and Nagler 2022) 
and mixture copulas (Pan et al. 2025) to better capture asymmetric or time-varying 
dependencies. However, careful consideration of pair-copula selection, identifiabil-
ity constraints and sample size requirements is necessary for these extensions, par-
ticularly in smaller studies (Barthel et al. 2019). Another potential topic for future 
research involves extending the approach to accommodate left censored or truncated 
data (Deresa et al. 2022). Doing so could broaden the applicability of the model to 
a wider range of survival analysis scenarios. Building on recent advances by Deresa 
and Van Keilegom (2024a) and Deresa and Van Keilegom (2024b), future work could 
incorporate semi-parametric margins (e.g., a Cox proportional hazards model for sur-
vival times with nonparametric baseline hazards) to relax the parametric assumptions 
while preserving identifiability under dependent censoring.
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6  Supplementary Materials

Tables and figures referenced in Sects. 3 and 4 are available with this paper online. 
The code is available at https://github.com/AnnikaStr/CopBoostDepCens.

Supplementary Information  The online version contains supplementary material available at ​h​t​t​p​s​:​/​/​d​o​i​.​
o​r​g​/​1​0​.​1​0​0​7​/​s​1​0​9​8​5​-​0​2​5​-​0​9​6​7​4​-​x​​​​​.​​
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Deselection of base-learners for statistical
boosting—with an application to
distributional regression

Annika Strömer1 , Christian Staerk1, Nadja Klein2,
Leonie Weinhold1, Stephanie Titze3 and Andreas Mayr1

Abstract
We present a new procedure for enhanced variable selection for component-wise gradient boosting. Statistical boosting is

a computational approach that emerged from machine learning, which allows to fit regression models in the presence of

high-dimensional data. Furthermore, the algorithm can lead to data-driven variable selection. In practice, however, the

final models typically tend to include too many variables in some situations. This occurs particularly for low-dimensional

data (p < n), where we observe a slow overfitting behavior of boosting. As a result, more variables get included into the

final model without altering the prediction accuracy. Many of these false positives are incorporated with a small coefficient

and therefore have a small impact, but lead to a larger model. We try to overcome this issue by giving the algorithm the

chance to deselect base-learners with minor importance. We analyze the impact of the new approach on variable selec-

tion and prediction performance in comparison to alternative methods including boosting with earlier stopping as well as

twin boosting. We illustrate our approach with data of an ongoing cohort study for chronic kidney disease patients, where

the most influential predictors for the health-related quality of life measure are selected in a distributional regression

approach based on beta regression.

Keywords
Beta regression, generalized additive models for location, scale, and shape, model-based boosting, variable selection,

earlier stopping

Introduction
In modern biostatistics, model building and variable selection have become increasingly important, particularly in the
context of applications in high-dimensional data settings, where the number of potential predictors p is larger compared
to the sample size (p ≫ n).1 Important examples include genetic or molecular data (e.g. Chen et al.2; Choi et al.3), but
also in more classical clinical studies one often aims to obtain a relatively sparse model with good prediction accuracy
including only the most relevant variables (e.g. Steyerberg and Vergouwe4; Sauerbrei et al.5).

Component-wise gradient boosting 6 provides a framework to handle this, with the key features of variable selection and
the possibility to manage high-dimensional data problems. In combination with regression-type base-learners,7 it is able to
maintain the usual interpretability of statistical regression models—equivalent to the ones that were estimated using clas-
sical penalized likelihood or Bayesian inference. Statistical boosting provides a large flexibility due to the modular nature
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of the approach: any type of base-learner (linear models, splines, spatial models) can be combined with any type of convex
loss function.8

Despite these advantages, in some applications the algorithm tends to select too many variables. This often occurs for
rather low-dimensional settings with relatively large sample sizes (p < n), where irrelevant base-learners often get selected
with a very small effect size. This is associated with slow overfitting and thus with a higher number of boosting iterations
mstop which lead to a larger set of selected variables. For example, in a recent beta-regression analysis on the health-related
quality of life (QoL) in n = 3522 chronic kidney disease patients, statistical boosting selected 33 out of p = 54 potential
variables.9

As an illustration, Figure 1 displays the coefficient paths of component-wise boosting with the squared error loss in the
context of linear regression for a simulated data set in which only the first six variables X1, . . . , X6 are informative. One can
observe that the estimated coefficients of the six informative variables are the largest in absolute values, while several non-
informative variables are incorporated with small coefficient sizes around zero. Therefore, the selected non-relevant vari-
ables have only a minor impact on the predictive performance but lead to a larger model with difficult interpretation.

Bühlmann and Hothorn10 tried to overcome this issue and extended the classical boosting approach to a two-stage
design called twin boosting, which was inspired by the adaptive lasso (see Zou 11). The first stage consists of a classical
boosting algorithm. The second stage is similar to the first, with the difference that variables that have not been selected are
excluded; furthermore, variables that have been selected in the first stage receive weights based on the size of their coeffi-
cients, making it more likely that the important variables will be selected again in the second stage. Other approaches
aiming to increase the sparsity of statistical boosting focus on reducing the number of iterations mstop: for example, the
one standard-error rule was originally considered by Breiman et al.12 in the context of random forests and does not
select the optimal tuning parameter regarding prediction accuracy, but in case of boosting the smallest mstop that is still
in the margin of one standard error from the minimum risk. Ellenbach et al.13 further extended this approach (RobustC)
to obtain a less complex prediction rule that is less affected by the characteristics of the resampling scheme compared
to the one standard-error rule. A potential disadvantage of approaches that lead to earlier stopping is that they suffer
from the side-effect of inducing also a higher amount of shrinkage. This additional shrinkage of selected effect estimates
might not necessarily lead to a better performance (cf. Van Calster et al. 14).

Here we propose a general procedure to enhance the sparsity of statistical boosting models, where the final selection of
variables is based on the risk reduction resulting from the individual updates of the corresponding base-learners. With this
approach, we exclude those base-learners (and their corresponding variables) from the prediction model which attributed
only slightly to the total risk reduction. As an alternative to earlier stopping of the boosting algorithm—that is moving
“horizontally” on the regularization paths—we consider the individual contributions of different variables after a particular
number of boosting iterations. The benefits of this “vertical” view on regularization paths have also recently been discussed
in the context of other regularization methods such as the thresholded Lasso15; 16 including the possibility of deselecting
noise variables which are included “early” on the regularization paths. Furthermore, we directly enforce the sparsity of the

Figure 1. Coefficient paths along the number of boosting iterations for a simulated data set with n = 500 observations and p = 50

variables which were simulated from a multivariate normal distribution with Toeplitz covariance structure and a correlation of 0.9. Only

variables X1, . . . , X6 are informative with true coefficients βinf = (− 3, − 2.5, − 2, 2, 2.5, 3)T . The coefficient paths for the

non-informative variables are colored red. The optimal stopping iteration mstopopt = 1004 was determined by 10-fold cross-validation.
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final models without unnecessarily increasing the amount of shrinkage on effect estimates. We illustrate the proposed
method with the selection of predictors for the health-related QoL data of the German Chronic Kidney Disease Study
(GCKD). We compare our results to a previous analysis of these data9 which partly motivated the new methodological
development. With the new deselection approach, we are able to select much sparser models while still yielding a
similar prediction performance.

The remainder of the paper is structured as follows. In Section ‘Methods’, we introduce the new approach for an
improved variable selection and consider alternative methods for achieving sparser models. In Section ‘Simulation
study’, we compare these methods via simulated data under various conditions for different models. Finally, we apply
our new approach to the QoL data and present the results in Section ‘Quality of life of chronic kidney disease patients’.
Conclusively, Section ‘Discussion and conclusion’ summarizes our findings and discusses future research questions.

Methods

Model-based boosting
Boosting was first established in the context of machine learning17; 18 and was later extended to fit statistical models.19; 20

Statistical boosting algorithms21; 22 can be used to analyze high-dimensional data problems, in which classical inferential
methods are no longer applicable (e.g. least squares method for linear regression models). Furthermore, boosting yields
data-driven variable selection and shrinkage of effect estimates. 6

The model fitting is carried out by iteratively minimizing the empirical risk of an appropriate loss function. This loss
defines the regression problem and needs to be specified in advance. In generalized linear models (GLMs) and generalized
additive models (GAMs), the loss function corresponds to the negative log-likelihood of the outcome distribution. For clas-
sical linear regression models, for example, we minimize the squared error (L2 loss), which corresponds to maximizing the
likelihood of a Gaussian distribution. Different effect types can be determined for each covariate (e.g. linear or smooth
effects), which reflect the type of influence the variable has in the model. These underlying functions are called base-
learners; in the simplest case they are univariate linear models representing linear effects. In each iteration, the negative
gradient of the loss function is determined and every base-learner is separately fitted to the negative gradient.
Afterwards, only the best performing base-learner is selected (i.e. the base-learner that best fits the negative gradient)
and the corresponding estimated effect is multiplied by a small fixed step size (default is ν = 0.1) before it is included
in the model. Due to the selection of single base-learners in each iteration, the algorithm carries out variable selection.
This process is repeated until the number of boosting iterationsmstop is reached, whereby every base-learner can be selected
several times. In the classical boosting algorithm, every base-learner that was once included in the model cannot be dese-
lected. 23

The number of boosting iterations is the main tuning parameter and can be selected, for example, by cross-validation or
other resampling techniques. The optimization of the stopping iteration—also referred to as early stopping—is crucial to
prevent overfitting and to favor the sparsity of the resulting model. The smallermstop, the fewer variables are included in the
final model as only one base-learner is updated in each iteration. Additionally, early stopping typically improves the pre-
diction accuracy and leads to shrinkage of effect estimates. 24

Earlier stopping strategies
Due to the influence of the number of boosting iterations mstop on the variables finally selected by the algorithm, one
approach to achieve sparser models is to enforce earlier stopping of the algorithm, that is, selecting a smaller mstop.
With this approach it is assumed that variables that are updated in early iterations of the algorithm have a greater influence
on the prediction of the model than variables that are added later to the model. Typically, classical early stopping selects the
stopping iteration mstop opt that leads to the smallest (optimal) cross-validated prediction risk (CV).

The one standard error rule (oSE) is one approach to enforce earlier stopping and has already been used in context of
penalized regression and regression trees.12; 25 With this approach, the tuning parameter mstop is chosen as the smallest
iteration for which the CV is within one standard error of the minimal CV (cf. Friedman et al.25; Hastie et al.26)

CV(mstop) ≤ CV(mstop opt)+ se(CV(mstop opt)).

The minimal cross-validated predictive risk CV(mstop opt) corresponds to the CV of the optimal stopping iteration.
Furthermore, se(CV(mstop opt)) represents the standard error of the minimum over the CV folds. Consequently, this
method has dependencies on the number of CV folds and the sample size.
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Based on the idea of the oSE approach, Ellenbach et al.13 proposed an alternative more robust approach, called RobustC.
Here the smallest mstop is chosen, whose CV is still within a range of a fixed additional tuning parameter crC multiplied with
the minimum CV

CV(mstop) ≤ crC × CV(mstop opt).

Ellenbach et al.13 suggested the values crC ∈ {1, 1.1, 1.3, 1.5, 2} for the case of a binary outcome. The authors aimed for a
less complex predictive rule and for choosing a robust tuning parameter, which is essential in cross-study predictions.13

Considering the example from the introduction, Figure 2 shows the CV-risk for 10-fold cross-validation with 2000
boosting iterations. The vertical solid black line shows the optimal stopping iteration and corresponds to the minimum
average risk over the 10-fold cross-validation samples. The vertical dashed red line is the stopping iteration which
yields the oSE, while the blue dotted line corresponds to the optimal iteration according to RobustC. One can observe
that the stopping iterations of the earlier stopping strategies are less than half as large as the original mstop.

A further alternative approach to obtain sparser models is probing. The idea is to extend the data set by random noise
variables, the so-called probes, which are randomly shuffled versions of the originally observed variables. The algorithm
stops when the first probe is selected. For more details on this approach see Thomas et al.27

Deselection of base-learners with a small risk reduction
Several other approaches have been developed to enhance the sparsity of boosting models (e.g. Hofner et al.28; Thomas
et al.27). Most of them focus on the selection step in the algorithm, or on the tuning of the stopping iteration mstop

(section ‘Earlier stopping strategies’). Our new procedure is based on actively deselecting variables that have been selected
by the algorithm, but result in only minor importance regarding the predictions of the model.

We address this issue with an approach that aims at eliminating variables with a small impact and directly enforce the
sparsity of the model. The general idea is to first apply a standard boosting algorithm with early stopping via cross-
validation or resampling techniques; then, we determine the variables selected by boosting with a minor importance for
the model and deselect those components. Afterwards, we boost again incorporating only the selected variables that sur-
vived as candidate variables. In this context, our procedure shows analogies to the twin boosting approach.10 In our
deselection procedure, we consider the risk reduction as a measure for variable importance and deselect those variables
that only represent a small percentage of the total risk reduction.

The risk reduction by base-learner j after mstop boosting iterations can be defined as the attributable risk reduction Rj

Rj =
∑mstop

m=1

I(j = j∗[m])(r[m−1] − r[m]), j = 1, . . . , p, (1)

where I denotes the indicator function and j∗[m] is the selected base-learner in iteration m. Furthermore, r[m−1] − r[m] repre-
sents the risk reduction in iterationm, for risks r[m] and r[m−1] at iterations m andm− 1. For a given threshold τ ∈ (0, 1), we

Figure 2. Application of the oSE and RobustC on the cross-validated estimation of the empirical risk with 10-fold cross-validation. The

vertical solid black line reflects the optimal stopping iteration via cross-validation (mstop = 1004), the red dashed one displays the oSE

(mstop = 372) and the blue dotted one RobustC (mstop = 339) with crC = 1.1.
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deselect base-learner j if

Rj < τ · (r[0] − r[mstop]), (2)

where r[0] − r[mstop] represents the total risk reduction and Rj denotes the attributable risk reduction of base-learner j.
A schematic overview of the proposed procedure can be found in Box 1. Step 1 of the procedure consists of the initial

boosting for which the coefficient paths are shown in Figure 3 (left), corresponding to the simulation example discussed
earlier (see Figures 1 and 2). Overall, 23 variables (of the 50 variables) were selected (shown as horizontal red and black
paths) after mstop = 1004 boosting iterations which were tuned by 10-fold cross-validation (indicated by the vertical black
line). For the deselection in Step 2, the attributable risk reduction along the iterations is shown for each individual base-
learner in the central plot of Figure 3). To illustrate the effect of the deselection step of the proposed method, consider the
thresholds τ = 0.01 (horizontal dashed line) and τ = 0.1 (horizontal dotted line). Here, it can be observed that our deselec-
tion procedure is fundamentally different to earlier stopping approaches discussed in section ‘Earlier stopping strategies’,
as the choice of the threshold for the deselection corresponds to a vertical view on the individual risk reductions after a
given number of boosting iterations (see central plot of Figure 3; on the other hand, earlier stopping simply corresponds
to a horizontal shift on the usual regularization paths of boosting (see Figure 2).

In the following, we consider a threshold value of τ = 0.01 and accordingly deselect those variables which contribute
less than 1% to the total risk reduction. The black paths correspond to the variables included in the model after applying the
deselection approach, while the red paths do not cross the 1% line and the corresponding variables are deselected from the
model. We can observe that these variables contribute only slightly to the risk reduction and are incorporated with a coef-
ficient size around zero in the initial boosting model (as shown in Figure 3, left). In this example, the deselection approach
with threshold τ = 0.01 deselects all noise variables from the model, but not the signal variables X1, . . . , X6. Variables
X1, X2, X5, and X6 have by far the greatest individual contributions to the total risk reduction; however, variables X3

and X4 also exceed the 1% threshold (but not the 10% threshold). After the deselection step, we boost again (Step 3)
with only the remaining variables and receive the final model (see Figure 3, right) which contains here exclusively the
six informative variables.

Box 1: Deselection procedure

1. Initial boosting:

• Early stopping: Tuning of mstop based on cros-validation or

resampling.

2. Deselection:

• Identify the base-learners with the smallest impact on the risk

reduction according to Rj < T · (r[0] − r[mstop]) (2) and remove

them from the model.

3. Final boosting:

• Boost again with the remaining variables and the mstop of

step1.

Deselection of base-learners for distributional regression
In classical statistical models, the relationship between a response variable and covariates is most often modeled only based
on the expected value. For example, a generalized additive model (GAM)29 in which the conditional mean μ = E(y|x)
relates to an additive predictor η via a link-function g, is given by

g(μ) = η(x) = β0 +
∑p

j=1

fj(xj)

with the intercept β0 and the additive effects fj for the covariates Xj with j = 1, . . . , p (including linear, smooth or random
effects). Consider, for example, a Gaussian distribution, which has two parameters: the expected value μ and the scale para-
meter σ. In a classical GAM, we assume that σ is fixed and only model the mean parameter μ in terms of the covariates.
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In some cases, this may lead to an overly restrictive point of view, for example, in the presence of heteroscedasticity. In
addition, skewness and kurtosis may be large so that more complex non-symmetric distributions are required where poten-
tially skewness or higher order moments could be modeled through covariates to obtain a more accurate model. Following
this idea, GAMs have been extended to generalized additive models for location, scale and shape (GAMLSS) by Rigby and
Stasinopoulos, 30 where a general parametric density P(y|θ1, . . . , θK ) with distributional parameters θk can be employed.
Here, each distribution parameter θk , with k = 1, . . . , K , can be modeled by an additive predictor ηk depending on cov-
ariates. Furthermore, for each parameter θk , we have parameter-specific link-functions gk (.) as well as parameter-specific cov-
ariates xk1, . . . , xkpk . In general, the linear predictors in a GAMLSS for K distributional parameters can be written as follows:

gk(θk ) = ηk = β0k +
∑pk
j=1

f jk(xkj), k = 1, . . . , K ,

where β0k are the intercepts for the distributional parameters θk and f jk denote the functions of the effect of variable Xj on the
parameter θk .

GAMLSS can also be fitted via statistical boosting with the package gamboostLSS.31 As in the classical setting of
boosting GAMs, the main tuning parameter is the stopping iteration mstop which controls shrinkage of effect estimates
and variable selection. Here, we focus on a non-cyclical boosting approach,32 which performs in every iteration only
the overall best-performing update among the available candidate variables (base-learners) and distribution parameters.
So the term component-wise boosting in this context does not only refer to the components of X , but also to the components
of the parameter space θ1, . . . , θK of the corresponding likelihood. To receive the overall best performing base-learner, the
empirical risk (the negative log-likelihood) of the best fitted base-learner is determined for each distribution parameter and
then compared across the different dimensions.

The updates are independent for the parameters and each additive predictor may depend on different variables
with the guarantee of data-driven variable selection in every submodel: Figure 4 displays the estimated coefficient
paths in a linear Gaussian location-scale model with distributional parameters μ (left) and σ (center). The data set consists
of n = 500 observations and p = 20 variables, where the first three variables X1, X2, X3 are informative for the mean para-
meter μ with βμinf = (− 2, 1.25, 1)T , while variables X4, X5, X6 are informative for the scale parameter σ with
βσinf = (0.5, − 0.5, 0.5)T . All other variables are non-informative with βμ = 0 and βσ = 0. The explanatory variables
were simulated from a multivariate normal distribution with Toeplitz covariance structure and a correlation of ρ = 0.5.
The optimal number of boosting iterations is mstop = 6479, optimized via 10-fold cross-validation. Note that in every itera-
tion only a single component is updated for one parameter.

Figure 3. Simulation example for the deselection procedure (see Box 1). The left plot shows the coefficient paths of the initial

boosting. The central plot displays the attributable risk reduction for the individual variables, together with the 1% threshold (dashed

line) and 10% threshold (dotted line) of the total risk reduction. The coefficient paths of the right plot correspond to the final boosting.

6 Statistical Methods in Medical Research 0(0)

86



We notice that in the first iterations, components of parameter σ were more often updated, which can be observed by the
increase of the coefficient sizes for the variables X4, X5, X6 in the first iterations. In total, the boosting model contains 18 of
the 50 variables, with 11 variables selected for μ and 14 variables selected for σ (where seven variables were selected for
both μ and σ). Hence, additional variable selection can be advantageous to obtain sparser and thus more interpretable
models, which only include the informative variables.

Using equation (1 and considering j = 1, . . . ,
∑

pk , the risk reduction in a GAMLSS for component j can be defined
similar as before. For the deselection of variables with a low impact on the risk reduction for distributional regression, we
consider the distributional parameters together, where each parameter can depend on different variables. Analogous to
equation (2, we deselect component j if

R j < τ · (r[0] − r[mstop])

with fraction τ ∈ (0, 1) and total risk reduction r[0] − r[mstop]. Note that the deselected components may arise from different
distributional parameters and that with this definition, GAMs are included as a special case in the general formulation for a
GAMLSS with pk ≡ p and k = 1.

For the simulation example, the risk reduction of the variables for μ and σ is shown in the right plot (Figure 4). As shown
in Figure 3, the threshold value is chosen as τ = 0.01 (horizontal dashed line) and τ = 0.1 (horizontal dotted line). The
black paths correspond to the variables remaining in the model after applying the deselection procedure (with τ = 0.01)
for distributional regression and have by far the highest impact on the risk reduction. The deselection results in a model
including only the six informative variables (instead of the 18 initially selected variables). For the choice of an appropriate
value for the threshold parameter τ, we examined different potential values observing the attributable risk reduction of the
base-learner as shown in Figure 3 (second plot) and Figure 4 (third plot).

Considering Figure 3, the variables X1, X2, X5, and X6 have the largest impact on the risk reduction. All of those vari-
ables remain in the model with a deselection threshold of 1% as well as the other two informative variables X3 and X4. For
the 10% boundary, X3 and X4 would not enter the model because of a smaller risk reduction. Even for the data example in
Figure 4, 10% is not an appropriate choice, since the variables X1, . . . , X6 have a noticeable impact on the risk reduction,
but X5 would fall out at this limit. A threshold of 1% appears to be reasonable in the considered situation. However, in
non-sparse situations, when many base-learners contribute only with a small risk reduction to the model, multiple
signal variables may be deselected with a threshold of τ = 0.01. This extreme scenario should be rare, and in such non-
sparse data situations, enforcing variable selection might not be favorable in general.

An implementation of the enhanced variable selection approach is available at GitHub (https://github.com/AnnikaStr/
DeselectBoost).

Figure 4. Simulation example for gamboostLSS with three informative variables for μ (X1, X2, X3) and three for σ (X4, X5, X6). The

first two plots display the coefficient paths (for μ (left) and σ (center)) and the third plot shows the attributable risk reductions for the

individual variables for both distributional parameters together with the 1% (dashed) and 10% line (dotted) of the total risk reduction.

The variables corresponding to the black coefficient path are still in the model after deselection with τ = 0.01.
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Simulation study
To evaluate the performance of our new approach for different data settings, we conduct a simulation study focusing on the
variable selection properties as well as the prediction accuracy in comparison with the methods for earlier stopping,
described in Section ‘Earlier stopping strategies’.

Specifically, the questions to be investigated in the simulation study are as follows:

1. Is the direct deselection approach able to identify the truly informative variables (decreasing the number of false positive
variables selected by classical boosting)?

2. How does the reduction in selected variables affect the prediction accuracy?
3. How does the new procedure perform in comparison to the earlier stopping strategies, e.g. oSE and RobustC?
4. What is an appropriate value for τ in the proposed deselection approach?

Settings
To examine those questions, different settings are considered: First, we start with classical mean regression models (linear,
non-linear, and logistic regression) and afterwards, we consider the deselection approach in the context of distributional
regression models.

For all simulations, the explanatory variables X1, . . . , Xp were simulated from a multivariate normal distribution
N (0, Σ) with a Toeplitz covariance structure Σij = ρ|i−j| for 1 ≤ i, j ≤ p, where ρ ∈ (0, 1) is the correlation between con-
secutive variables Xj and Xj+1. For an alternative block-wise covariance structure, see the corresponding results in
Supplemental Material A.1. Overall, we considered two different dimensions of the data problem: (i) a low-dimensional
setting (p < n) with n = 500 observations and p = 20 variables and (ii) a high-dimensional setting (p > n) with n = 500
observations and p = 1000 variables. In total, six of the included variables were informative (for the distributional regression,
three for each parameter). Furthermore, a low-correlated scenario with ρ = 0.2 and a high-correlated scenario with ρ = 0.8 was
considered for each setting. Additionally, we consider a variation of signal-to-noise ratios (SNRs) and the corresponding effect of
different threshold values τ with SNR ∈ {0.15, 6, 14.64} and τ ∈ {0.005, 0.0075, 0.01, 0.025, 0.05, 0.075, 0.1, 0.125}.

For evaluation, we generated test data sets with 1000 observations from the same distribution as the training data sets.
As in the illustrative examples, the number of boosting iterations was tuned via 10-fold cross-validation. The fixed step size
is set to ν = 0.1 and was not varied in the simulation, considering that it does not largely affect the risk reduction as long as
the step size is chosen reasonably small.33 We additionally compared the deselection approach (with τ = 0.01) with the
earlier stopping strategies, oSE and RobustC (additional comparison with probing is given in Supplemental Material
A.2). The parameter value for RobustC is chosen as crC = 1.05 for a continuous outcome variable and crC = 1.1 for a
binary response, following the recommendation of Ellenbach et al.13

For each setting, 100 simulation runs were conducted and the data sets were generated from the following models:

Scenario A (linear regression): The true linear model for the continuous outcome variable Y is given by

y = −2x1 − 1.5x2 − x3 + x4 + 1.5x5 + 2x6 + ϵ,

with ϵ ∼ N (0, 1). The base-learners correspond to simple linear models and the performance was assessed using the mean
squared error of prediction (MSEP).

Scenario B (non-linear regression): The outcome variable Y was generated from the model

y = 1.5 sin (x1)+ x2 − 0.25x23 − 0.25x4 − x5 − 1.5x6 + ϵ,

with ϵ ∼ N (0, 1). Smooth P-splines were used as base-learners and the MSEP was used for evaluation.

Scenario C (logistic regression): The logistic regression model for covariates with only linear effects on the response was
simulated according to

log
P(y = 1|x)
P(y = 0|x)

( )
= −5x1 +−2.5x2 − x3 + x4 + 2.5x5 + 5x6.

As evaluation criteria, the Brier score and the area under the curve (AUC) were analyzed on test data.
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Scenario D (distributional regression): For the distributional regression model, we consider a Gaussian regression with
expected value μ and scale parameter σ. Both parameters depend on three different covariates

μ = −2x1 + 1.25x2 + x3,

log (σ) = 0.5x4 − 0.5x5 + 0.5x6.

The boosting model was configured with simple linear models as base-learners and the performance was evaluated via the
negative log-likelihood.

All simulations were conducted in the statistical computing environment R 34 using the add-on package mboost 35 for
model-based boosting. The algorithm for fitting GAMLSS models via component-wise gradient boosting is implemented
in gamboostLSS.31 Twin boosting is implemented in the package bst. 36 TheR code to reproduce the following simulation
results can be found online at GitHub (https://github.com/AnnikaStr/DeselectBoost).

Figure 5. Low-dimensional setting: Comparison of the oSE, RobustC, the deselection approach with τ = 0.01 (1%) and the classical

boosted model with mstop opt regarding the true positives, false positives and the prediction performance for (A) linear regression, (B)

non-linear regression, (C) logistic regression, and (D) distributional regression. Additional comparisons with twin boosting (twin) for

the linear and logistic regression scenarios.
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Results
Figure 5 shows the results of the low-dimensional simulations regarding the four previously described models for the low-
as well as the high-correlated settings, respectively. For each setting, the true positives, false positives, and the predictive
performance for the respective model are shown for the earlier stopping strategies, the deselection procedure with τ = 0.01
and the classical boosted model.

In general, the two main strategies (earlier stopping and deselection) resulted in a reduction of false positives. In each of
the four models, the fewest false positives were obtained with the proposed deselection procedure; more precisely, almost
all false positives were deselected. For some models, one can observe that the selection of informative variables was
slightly influenced by the earlier stopping and deselection approach, particularly for the high-correlated settings.

In comparison with classical boosting, the deselection procedure yielded comparable or slightly better predictive per-
formances for simulated data based on Scenario A, Scenario B, and Scenario C. Furthermore, the earlier stopping strategies

Figure 6. High-dimensional setting: Comparison of the oSE, RobustC, the deselection approach with τ = 0.01 (1%) and the classical

boosted model with mstop opt regarding the true positives, false positives and the prediction performance for (A) linear regression, (B)

non-linear regression, (C) logistic regression, and (D) distributional regression. Additional comparisons with twin boosting (twin) for

the linear and logistic regression scenarios.
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usually performed not as well as our approach. Only the AUC in Scenario B is very similar. For distributional regression
(Scenario D), the classical approach yielded the best results concerning the negative log-likelihood but contained a lot of
non-informative variables for both distributional parameters. The deselection approach reduced the false positives almost
completely and had only a slightly worse prediction performance.

Figure 6 presents the results of the high-dimensional setting. As in Figure 5, the true positives, false positives, and pre-
dictive performances are shown. For the high-correlated cases of Scenario B, Scenario C, and Scenario D, the classical
boosting model had already difficulties to select all informative variables. Concerning Scenario C only four of the six
true positives were selected on average. In comparison with the classical approaches, the earlier stopping and deselection
approaches resulted in an average lower number of true positives. For the false positives, we can observe a noticeable
reduction with the earlier stopping strategies, but the number of false positives reduced even more with the deselection
procedure and the final models contained almost only informative variables. The greatest reduction can be observed for
Scenario D where the classical approach contains 100 false positives on average for parameter μ. After applying the
deselection approach, the number of false positives decreased to almost zero with all informative variables still present.
Due to the strong reduction of non-informative variables, in most cases, the deselection procedure showed a better predic-
tive performance in comparison to earlier stopping and the classical boosting. Although in most of the simulation runs of
Scenario C, not all informative variables were selected by the proposed deselection approach, it yielded a significantly
lower Brier score and a better discriminatory power.

Furthermore, we compared the new deselection approach as well as earlier stopping strategies to twin boosting in the
context of linear and logistic regression models (see Figures 5 and 6). Considering the results for twin boosting of Scenario A,
the number of false positives was reduced (as for oSE, RobustC, and the new deselection procedure), but it shows larger varia-
bility, particularly in the high-dimensional setting. In one bootstrap sample, the model contained about 450 false positives (for

Figure 7. Relative risk reduction (in %) of each base-learner (left) and the variable selection and predictive performance for different τ
values (right) for the low-dimensional setting with correlation ρ = 0.8 for increasing signal-to-noise ratios (from top with SNR = 0.15

to bottom with SNR = 14.64) for Scenario A.

Strömer et al. 11

91



low correlation). That is much more than we observed with the classical boosting approach, which had the maximum at about
100 selected non-informative variables. However, it should be noted that these different results for twin boosting are related to
a different implementation. The highest decrease in false positives was observed for the deselection approach. The prediction
accuracy was influenced by the outliers and also showed some higher MSEP values for twin boosting. We obtained the best
model for the deselection approach regarding the number of false positives as well as predictive performance. The results for
logistic regression showed a slight reduction of the selected informative variables for each approach.

On average, twin boosting contained fewer false positives and had a better prediction accuracy than the earlier stopping
strategies. Compared with the new deselection procedure, twin boosting tended to include more false positives, but was
similar in terms of predictive performance. Here, twin boosting showed favorable properties in comparison to the linear
regression model.

Finally, we investigate how the SNR affects the choice of the threshold parameter τ. Figure 7 shows the results for
Scenario A concerning different SNRs with SNR ∈ {0.15, 6, 14.64}. In this case, we consider the low-dimensional
setting (for illustrative purposes) with a correlation of 0.8, where SNR = 14.64 corresponds to the simulation setting pre-
sented before (results for a correlation of 0.2 and the high-dimensional settings are given in Supplemental Material A.3).
On the left side, the relative risk reduction (in %) is depicted for each base-learner for the three different SNRs. The red
horizontal line represents a threshold τ of 1%. The right side shows the corresponding results of the true positives and false
positives as well as the predictive performance for various τ values. Overall, the relative risk reduction for all SNR values
was very similar and the highest values always referred to informative variables, of which X3 and X4 showed the lowest risk
reduction. The risk reduction for a SNR of 0.15 varied more and the non-informative variables showed a higher contribu-
tion to the risk reduction.

Considering the variable selection and predictive performance for various τ thresholds, the true positives and false posi-
tives for a SNR of 6 and 14.64 were very similar over the different τ values. For a SNR of 0.15, the classical boosting model
had larger difficulties to identify all informative variables. Hence, it is also more challenging to deselect the non-
informative variables without a further reduction in the true positives. Therefore, smaller τ values are more appropriate,
causing less deselection and more noise variables, but the signal variables still remain in the model. For the other
SNRs, only variable X7 contributes to the risk reduction for small threshold values (0.5%, 0.75%, and 1%). Here, the rela-
tive risk reduction showed that a small τ value is sufficient to remove almost all false positives (red horizontal line for 1%).
Furthermore, a higher τ value can lead not only to a reduction in informative variables included in the model but also to a
worse MSEP. Due to the noise, the predictive performance for the SNR of 0.15 was very poor and showed no discernible
differences between the threshold values. However, τ values above 2.5% lead to a decrease in performance for larger SNRs.
Furthermore, the previous simulation results have shown that a low value for τ (in this case 1%) reduces the number of false
positives and additionally leads to a comparable predictive performance to classical boosting.

Overall, the number of false positives in the resulting models could be significantly reduced by earlier stopping or
deselection as well as twin boosting compared to classical boosting. However, in most cases, the reduction of false posi-
tives for oSE and RobustC resulted in worse prediction performance. A comparison with probing for Scenario A, Scenario
B, and Scenario C showed similar behavior (given in Supplemental Material A.2). Probing also led to a reduction in the
number of false positives, but resulted in worse prediction performance, particularly for Scenario B. Furthermore, the
earlier stopping strategies removed a few informative variables from the model in some settings.

The new procedure also deselected some informative variables from time to time, but removed the non-informative vari-
ables almost completely and resulted in favorable prediction performance. In some settings, the new approach even resulted
in better predictive performance than the classical boosting model. Additional simulation results for the high-dimensional
setting with a block structure for the covariance matrix are provided in Supplemental Material A.1 and showed very similar
results compared with the Toeplitz covariance structure.

From the consideration of different SNRs, we conclude that the relative risk reduction attributed to a base-learner does
not depend much on the overall SNR but on the distribution of the signal among the base-learners. To ensure that not too
many informative variables are de-selected and to achieve a favorable predictive performance, our results suggest that the
threshold value should be chosen rather small (e.g. 1%). For larger SNR values (6 and 14.64), almost all noise variables
were eliminated even for small τ. Higher threshold values resulted in worse performance and a significant reduction of the
informative variables. The choice of 1% for the threshold τ resulted in a reasonable tradeoff between sparsity and prediction
performance in all considered settings. The best threshold, however, will always depend on the actual goal of the analysis
and the general data situation.

Additionally, our approach also performed well compared to twin boosting, particularly for the linear regression model.
An advantage of our method is the possibility to enhance variable selection for non-linear and distributional regression,
which to the best of our knowledge is currently not available for twin boosting.
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Quality of life of chronic kidney disease patients
The following analysis aims to identify the most important predictors for the QoL of stage III chronic kidney disease
patients based on an ongoing German cohort study (German Chronic Kidney Disease Study, GCKD). A similar analysis
has already been published (cf. Mayr et al.9) and led to the selection of rather large models which partly motivated the
current new methodological developments.

The analysis is based on beta regression,37 which is a very flexible approach to model bounded outcome variables like
proportions. It is also a well-known tool in the analysis of health-related QoL scores, 38; 39 which typically range from 0
(lowest possible value) to 100 (highest possible value). The density function of a beta distribution with expected value
μ and precision parameter ϕ is given by

f (y; μ, ϕ) = Γ(ϕ)
Γ(μϕ)Γ((1− μ)ϕ)

yμϕ−1(1− y)(1−μ)ϕ−1, 0 < y < 1,

where Γ(.) denotes the gamma function. In context of distributional beta regression, which refers to a generalized additive
model for location, scale and shape (GAMLSS), we model μ and additionally ϕ in terms of several explanatory variables.

The GCKD study 40 is an ongoing cohort study for patients with stage III chronic kidney disease. We analyzed part of the
cross-sectional baseline-data with n = 3522 observations and 54 explanatory variables. We aimed to select the most informa-
tive variables for the QoL of chronic kidney disease patients 9 using the R add-on package betaboost. The effects of the pre-
dictors on the quality of life are represented by base-learners. For continuous covariates we incorporated spline effects as
base-learners. For factor variables (e.g. education and exercise) we used linear base-learners providing joint updates of the

Table 1. Results for GCKD data in terms of the mean (sd) number of selected variables for the parameters μ and ϕ as well as the

negative log-likelihood representing the prediction performance on the 1000 bootstrap replicates.

Model μ ϕ −log-likelihood

classical boosted model 26.43 (7.10) 14.55 (6.00) −1457.08 (40.24)

deselected (τ = 0.01) 12.58 (1.39) 7.87 (1.61) −1441.73 (39.41)

oSE 8.06 (2.68) 2.92 (1.63) −1295.34 (37.88)

RobustC 7.63 (2.31) 2.70 (1.34) −1290.14 (32.88)

Figure 8. The selection rates of the explanatory variables for μ and ϕ of the classical boosting algorithm in 1000 bootstrap samples.
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effects for the different categories in the boosting iterations. Therefore, our approach yields potential deselection (sparsity) on
the full factor level and not on the level of different categories of a factor. Alternatively, multi-categorical factors may also be
re-coded as several binary dummy variables, so that categories could be selected (and deselected) independently.

We drew 1000 bootstrap replicates and fitted a beta regression model without and with the new deselection procedure
using τ = 1% for each bootstrap sample (results for different τ values are given in Supplemental Material A.4). To evaluate
the predictive performance of the resulting models, the negative log-likelihood was computed on the out-of-bag
bootstrap samples. The optimal number of boosting iterations were selected via 10-fold cross-validation. For comparison,
we additionally considered the oSE and RobustC methods.

Results
Table 1 displays the mean number (with standard deviations) of selected variables for μ and ϕ as well as the average nega-
tive log-likelihood for the different models on the 1000 bootstrap replicates. One can observe that more variables are
included for the expected value than for the precision parameter. The earlier stopping strategies contain fewer variables
than the proposed deselection approach for boosting.

In addition to Table 1, we consider the selection rates for each variable (for μ and ϕ) on the 1000 bootstrap replicates.
Figure 8 displays the selection rates of the classical boosting approach. As described in Mayr et al.,9 the highest selection
rates for parameter μwere obtained for age, body mass index (BMI), exercise, and variables related to pain such as arthritis,
cramps, and muscle pain. Furthermore, variables that are indicators of kidney failure and inflammation also had higher
rates, for example, cystatin C. For the precision parameter ϕ, 15 variables were included on average, with the highest
rates for the variables exercise, employment in a full-time job and hospital stay.

The selection rates after additionally applying the deselection approach in Figure 9 show that the new procedure
achieved a significant reduction in the number of included variables; some variables that were rarely selected by classical
boosting were never included with the new approach (e.g. alcohol, gender). On the other hand, the variables with the
highest selection rates from the classical model were still present at the highest selection rates.

To evaluate the predictive performance of the resulting models, we considered the negative log-likelihood on test data as
a scoring rule. The results in Figure 10 suggest that the new deselection procedure outperforms the earlier stopping stra-
tegies oSE and RobustC. The smallest negative log-likelihood was obtained with the classical boosting model with an
average value of 1457.08 (see Table 1), whereby we achieved a comparable performance for deselecting with τ = 0.01.

Figure 9. The selection rates of the explanatory variables for μ and ϕ after applying the new deselection approach with τ = 0.01 in

1000 bootstrap samples.
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Overall, the deselection approach based on 1% of the total risk reduction was able to enhance the sparsity of boosting
models by selecting less predictors for the health-related QoL in chronic kidney disease patients (on average 12.6 for the
expected value and 7.9 for the precision parameter from 54 candidate variables) in comparison to the classical boosting
approach. However, many predictors contribute to the overall risk reduction to a small extent (see Supplemental
Material, Figure A7). That indicates that the ”true” underlying model is not as sparse as in the simulations. Earlier stopping
strategies can further increase the sparsity, however leading to much poorer predictive performance on out-of-bag data
(Figure 10). In comparison, the deselection approach leads to a slightly worse predictive performance in comparison to
classical boosting, but yields much smaller and more interpretable models.

In practice, we have to deal with the tradeoff between sparsity and predictive performance, which is regulated by the
threshold parameter τ. Therefore, higher variable deselection (i.e. larger values of τ) leads to smaller models but, at
least in this considered application, also to poorer predictive performance.

Discussion and conclusion
The presented approach to deselect base-learners for enhanced variable selection in statistical boosting is a new technique
to obtain sparser models with simpler interpretation via the removal of irrelevant predictors with negligible impact. As the
deselection is based on the risk reduction, this approach is suitable for any type of base-learners, for example, linear
models, splines, and spatial effects. Furthermore, the deselection approach can also be combined with a wide range of
regression settings, including multi-dimensional optimization problems like distributional regression.

Compared to the similar twin-boosting, 10 our approach actively deselects base-learners via a threshold value. This is
somehow an analogy to stability selection 41; 42 but our method focuses on providing a sparse prediction model instead of a
set of stable predictors. 43; 44 Furthermore, it does not include additional resampling steps. Other approaches for enhanced
variable selection in the context of boosting focused on strategies for earlier stopping 27; 13 which typically also increases
the amount of shrinkage on effect estimates which might not be necessarily favorable. Our approach hence focuses on a
vertical view on the regularization paths (in contrast to the horizontal view with earlier stopping) which has already been
discussed in the literature on the lasso. 15; 16

The new approach is particularly suitable for high-dimensional data (with more potential predictors than observations)
as one can obtain a simplified model with the most relevant variables yielding in many cases almost the same prediction
accuracy as the classical boosting approach without deselection. Consequently, the interpretability of resulting prediction
models improves, which makes their application in practice more likely. 45

The results of the simulation study suggest that our procedure can yield much sparser models by deselecting wrongly
selected variables; in many cases deselection was associated with an almost complete elimination of false positives. In prac-
tice, one could assume that this might often lead also to a decreased prediction accuracy: the standard boosting approach

Figure 10. Negative log-likelihood of the oSE, RobustC, the deselection procedure with a threshold value of 1% and the classical

boosted model on out-of-bag bootstrap samples.
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already selects the optimal prediction model by optimizing the stopping iteration. However, at least in some of the simula-
tion settings, the deselection of false positives led even to a slightly improved prediction performance.

To select the most informative predictors for the health-related QoL of chronic kidney disease patients (GCKD study),
the deselection procedure resulted in a drastically reduced set of variables compared to a recent analysis,9 which partly
motivated the new methodological development. However, we did also observe a slight worsening of the model perfor-
mance (w.r.t. the likelihood on test data).

The deselection procedure is controlled via a threshold value τ: it represents the minimum amount of total risk reduction
which should be attributed to a corresponding base-learner in order to avoid deselection. In the simulation study, a thresh-
old of τ = 0.01 (i.e. 1% of total risk reduction) was considered to be appropriate overall. However, the general tradeoff
between a more complex model with the highest possible prediction accuracy and a sparser, more interpretable model
(higher descriptive accuracy 46 with potentially reduced prediction accuracy) should be guided by the researcher, depend-
ing on the research question and the context of the problem. As an alternative, the threshold parameter could also be chosen
via resampling techniques or cross-validation which might further increase the performance but leads also to higher com-
putational burden, particularly for high-dimensional data.

A limitation of our procedure is the assumption of sparsity. In cases where this is not fulfilled, it might deselect too many
variables: If, for example, many predictors affect the model with minor impact (e.g. 200 variables with equal importance),
our approach with τ = 0.01 may deselect all variables. This is due to the dependency of our approach on the distribution of
risk reduction across the base-learners. In theory, it would be beneficial to select τ based on the minimal signal strength, for
example, the minimal risk reduction attributed to an informative predictor. As the truly informative variables, however, are
unknown—this choice remains challenging in practical applications. An alternative technique, particular for non-sparse
settings, could be to consider the cumulative risk reduction. Instead of considering only the risk reduction attributed to
the corresponding base-learner, the cumulative risk considers the risk reduction of all base-learners that are to be deselected
from the model. Thus, this procedure accounts for the complete tail of the base-learners with low importance. This variant
would typically yield larger models when used with the same threshold. We investigated also the deselection via the cumu-
lative risk reduction (results for the simulation and the application are given in Supplemental Material B). This alternative
version is also implemented and available together with the corresponding code to reproduce the simulations and can be
applied by specifying method = "cumulative".

The favorable performance of our new approach motivates research in this direction in the future, in particular for dis-
tributional regression,47 where sparse and interpretable models are of particular importance. For instance, deselection could
be also extended to the level of distribution parameters in order to deselect a complete model-dimension (e.g. decreasing a
GAMLSS to a GAM) when the contribution to the overall risk reduction is limited. Another line of potential research could
focus on the combination of earlier stopping with deselection to avoid the disadvantage of exaggerated shrinkage.14

Altogether, we conclude that in our simulation and application the new deselection approach was able to outperform
existing methods for earlier stopping, concerning the number of selected variables and the predictive performance.
However, it should be noted that these approaches pursue various different goals like variable selection, prediction perfor-
mance and/or interpretability. Fitting one model, that is able to achieve the best solution for all potential goals, simply
might often not be feasible (cf. Hothorn48).
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Abstract
Structured additive distributional copula regression allows to model the joint distri-
bution of multivariate outcomes by relating all distribution parameters to covariates. 
Estimation via statistical boosting enables accounting for high-dimensional data 
and incorporating data-driven variable selection, both of which are useful given the 
complexity of the model class. However, as known from univariate (distributional) 
regression, the standard boosting algorithm tends to select too many variables with 
minor importance, particularly in settings with large sample sizes, leading to com-
plex models with difficult interpretation. To counteract this behavior and to avoid 
selecting base-learners with only a negligible impact, we combine the ideas of prob-
ing, stability selection, and a new deselection approach with statistical boosting for 
distributional copula regression. In simulations and an application to the joint mod-
eling of weight and length of newborns, we find that all proposed methods enhance 
variable selection by reducing the number of false positives. However, only stability 
selection and the deselection approach yield similar predictive performance to clas-
sical boosting. Finally, the deselection approach is better scalable to larger datasets 
and leads to competitive predictive performance, which we further illustrate in a 
genomic cohort study from the UK Biobank by modeling the joint genetic predispo-
sition for two phenotypes.

Keywords  Distributional regression · Multiple outcomes · Probing · Stability 
selection · UK Biobank · Variable selection

1  Introduction

Statistical boosting, an iterative, sequential fitting algorithm for statistical mod-
els originating from machine learning  [6], has gained increasing interest as an 
alternative to classical (penalized) maximum likelihood estimation (PMLE) or 
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Bayesian inference. Since boosting is well suited for high-dimensional and com-
plex data problems, it is also a useful tool for distributional regression, where the 
number of candidate models is typically large. Distributional regression gener-
ally has the aim of estimating complete conditional distributions of a quantity 
of interest as a function of covariates (see e.g., [14], for a recent review). A con-
venient framework for univariate distributional regression is the class of gen-
eralized additive models for location, scale, and shape (GAMLSS [27]), which 
allow relating each distribution parameter of a parametric response distribution to 
covariates. However, in the classical PMLE-based implementation, the response 
is restricted to be univariate and the complexity of the predictors is limited due 
to numerical instabilities when it comes to selecting smoothing parameters for 
regularization. While Bayesian estimation of GAMLSS based on Markov chain 
Monte Carlo simulations [15, 39] allows to overcome the latter issues, it is noto-
riously slow when the number of observations  n and/or the number of covari-
ates p is large. In such scenarios, statistical boosting is particularly beneficial as 
also demonstrated in various applications and extensions of the original boosting 
algorithm (see e.g., [16, 31]).

In this paper, we are not only concerned with situations, where either n or p is 
large or where even p ≫ n , but particularly when the outcome Y is multivariate. By 
modeling dependent outcomes together, we can gain a better understanding of the 
relationship and identify relevant factors affecting their association. An example is 
the consideration of multiple phenotypes from deeply phenotyped cohort studies in 
genetic epidemiology. For distributional regression modeling of multiple outcomes, 
one approach is to consider the joint parametric distribution. A popular alternative 
in this context are copulas that offer increased flexibility by allowing the use of dif-
ferent marginals and different dependence structures through the copula function. 
This approach has been the subject of ongoing research and there is rich literature 
on copula modeling with regression data (see e.g., [24, 40, 43], for recent examples).

Statistical boosting was extended to multivariate distributional regression towards 
parametric distributions [34] and also using copula [9]. However, while this is done 
conceptually in these works, some practical aspects are still challenging. One challenge 
is that while boosting has an implicit variable selection mechanism, it often leads to 
relatively large models, that is, models with many included covariates despite having 
small to negligible effects. This happens because the algorithm typically optimizes 
prediction accuracy without explicitly considering sparsity. This was also observed for 
boosting copula regression, where especially the sub-models for the location param-
eter did result in rather large numbers of selected covariates [9]. This behavior is par-
ticularly undesirable in situations with a large number of candidate variables p, where 
sparse and interpretable models are practically relevant. Therefore, variable selection 
is of great importance, not only in the context of boosting (see e.g., [13, 38]). In dis-
tributional copula regression, a further interesting question that arises is how to decide 
in a data-driven manner if the overall complexity of the model could be reduced. In 
this context, the aim of statistical modeling is to select a model that is as complex as 
needed but also as simple as possible to facilitate efficient estimation and interpretabil-
ity. For example, if certain distribution parameters like the association parameters do 
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not depend on covariates, then simpler univariate models might also be suitable. Statis-
tical boosting can help to answer this question.

To tackle these yet unaddressed practical challenges in boosting distributional cop-
ula regression, we incorporate three existing approaches for refining variable selection 
within this framework. All three approaches have been already proposed or extended 
to boosting, but have never been integrated into boosting multivariate distributional 
regression via copulas. This new combination aims to reduce the complexity of the 
model, particularly when dealing with high-dimensional data. The three considered 
existing approaches for enhanced variable selection are the following: (i) Stability 
selection  [22], which has been extended to boosting univariate distributional regres-
sion [37]; (ii) probing [36], which was proposed for boosting simple mean regression 
models, shifts the focus of early stopping from prediction accuracy directly to variable 
selection; and (iii) deselection [33], the newest approach, which pragmatically deselects 
base-learners that do not contribute enough to the overall model performance.

We initially investigate the performance of these three methods on simulated data, 
where the true data-generating process is known. Afterward, we consider two real data 
applications: first, the joint modeling of the weight and length of newborns (as in [9]), 
and second, the modeling of the joint genetic disposition towards continuous pheno-
types based on a large cohort study (UK Biobank).

2 � Methods

2.1 � Boosting Distributional Copula Regression

In this section, we briefly review distributional copula regression models focusing on 
the bivariate case of two continuous outcomes and how statistical boosting algorithms 
can be applied for model estimation.

2.1.1 � Distributional Copula Regression Models

A flexible modeling approach for the joint analysis of two continuous response varia-
bles Y = (Y1, Y2)

⊤ in terms of covariates are bivariate copula regression models, which 
describe the dependence structure through a copula [23]. According to Sklar’s theorem, 
the joint conditional cumulative distribution function (CDF) of two responses given 
covariate information x can be written as

where F1(⋅|�(1)) and F2(⋅|�(2)) are the marginal conditional CDFs of the two 
responses Y1 = y1 and Y2 = y2 which are uniformly distributed on [0, 1]. The cop-
ula function C(⋅, ⋅ |�(c)) contains the information about the dependence structure 
between the two outcomes and is unique when the responses are continuous. The 
vector � = {(�(1))T , (�(2))T , (�(c))T}⊤ contains the model parameters k = 1,… ,K of 
the marginal distributions and the copula, whereby all components of � ≡ �(x) can 
be linked to a covariate vector via additive predictors and appropriate link functions. 

F(y1, y2 ∣ �) = C
[
F1(y1 ∣ �

(1)),F2(y2 ∣ �
(2)) ∣ �(c)

]
,
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The representation of the joint conditional CDF via a copula allows the separation 
of the marginal distributions and the dependence structure; different copula func-
tions allow different structures to be modeled. The Clayton copula, for example, can 
capture asymmetric dependence (so-called lower tail dependence), where the two 
responses show a stronger positive association for smaller values than for larger val-
ues. In our work we will focus on Gaussian, Clayton, and Gumbel copulas (cf. [23]) 
to represent no, lower, and upper tail dependencies.

The joint density f (y1, y2 |�) of a distributional copula regression model can 
be expressed via

where f1(⋅ |�(1)) and f2(⋅ |�(2)) are the marginal probability density functions and 
c(⋅, ⋅ ∣ �(c)) is the copula density of C. Based on our applications, the most rel-
evant marginal distributions in this work are the log-logistic and the log-normal 
distributions.

Finally, for a dataset of n independent pairs {(yi, xi)}ni=1 of bivariate responses 
yi = (yi1, yi2)

⊤ with covariate information xi , the joint log-likelihood function is 
given by

2.1.2 � Structured Additive Predictors

In distributional copula regression, each distribution parameter �k , k = 1,… ,K 
is modeled via a structured additive predictor �k [3, 32] with parameter-specific 
monotonic link functions gk , such that gk(�k) = �k and g−1

k
(�k) = �k , where g−1

k
 is 

the inverse of gk . The additive predictors �k depend on (possibly different) sub-
sets of x,

where �0k are the intercepts and each fjk , j = 1,… , pk , represents functional effects 
of covariates xjk , whereby xjk is a covariate subset of x . The effects can be chosen in 
a flexible manner  [4], for instance we incorporate linear and non-linear effects in 
Sections 3 and 4. Linear effects can be represented by fjk(x) = xT

jk
� jk where � jk are 

the regression coefficients. Non-linear effects can be included using appropriate 
basis functions, such as B-splines.

f (y1, y2 |�) =
�2

�F1�F2

F(y1, y2 |�)

= c
[
F1(y1 |�(1)),F2(y2|�(2)) |�(c)

]
f1(y1 ∣ �

(1)) f2(y2 ∣ �
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n∑
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log
{
c
[
F1(yi1 |�(1)),F2(yi2 |�(2)) |�(c)

]}
+

n∑

i=1

∑

d∈{1,2}

log
{
fd(yid |�(d))

}
.

gk(�k) = �k = �0k +

pk∑

j=1

fjk(xjk), for k = 1,… ,K,
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2.1.3 � Estimation Via Model‑Based Boosting

Component-wise gradient boosting with regression-type base-learners, also referred 
to as statistical boosting [18], originates from the gradient boosting approach of [6], 
who translated the original concept from the machine learning literature to statisti-
cal modeling. Its basic idea is to iteratively minimize a pre-specified loss function L 
by fitting the so-called base-learners separately to the negative gradient L and by 
then adding only a small amount of the “best-fitting” base-learner—that is, the base-
learner that yields the steepest descent in the direction of the current gradient—to 
the overall regression predictor in each step of the boosting algorithm. In our case, 
a base-learner represents one effect in the additive regression predictor (see [12] for 
a detailed overview). In this way, the overall predictor is built sequentially, where 
more and more variables are selected the longer the algorithm runs, such that early 
stopping yields implicit variable selection. In likelihood-based statistical boosting, 
the loss L is the negative log-likelihood l ≡ l(�) , but more general functionals such 
as proper scoring rules are possible.

The boosting algorithm is a flexible alternative to classical estimation approaches. 
It has several practical advantages, such as dealing with high-dimensional data in 
which classical inferential methods are no longer applicable. As mentioned above, 
the algorithm performs data-driven variable selection, which is controlled by the 
number of boosting iterations mstop  [19]: Variables whose corresponding base-
learner has never been selected until mstop is reached are excluded from the final 
model. Therefore, the number of boosting iterations is the main tuning parameter 
and is typically optimized by cross-validation or resampling techniques. Another 
parameter of the algorithm is the fixed step length � , with which the best-fitting 
base-learner is multiplied before being included into the predictor. This parameter 
is set to a small fixed value within the range of 0 < 𝜈 < 1 [28]. For boosting copula 
regression, [9] suggests a value of � = 0.01.

In the boosting approach for distributional copula regression [9], all distribution 
parameters are modeled simultaneously by combining the properties of GAMLSS 
and the main features of statistical boosting. In every iteration, the partial derivatives 
uk = �l∕��k of the negative log-likelihood l with respect to the different distribution 
parameters �k are calculated and each base-learner hjk ≡ fjk(xjk) is separately fitted to 
the gradient. Then, the best-fitting base-learner (and the corresponding update) for 
each distribution parameter is determined and compared across the different dimen-
sions. Only the overall best-performing update is finally performed using a non-
cyclic version of the algorithm [37]. For more details on fitting distributional copula 
regression via boosting, we refer to [9].

2.2 � Complexity Reduction and Enhanced Variable selection

In the following, we present different techniques for enhanced variable selection that we 
will integrate in our boosting distributional copula framework. Probing (Sect. 2.2.1) had 
been introduced to statistical boosting by [36] and since then been applied or used as a 
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benchmark approach for mean regression models with only one dimension [2, 31] or 
joint models of time-to-event and longitudinal data [8]. Stability selection (Sect. 2.2.2) 
is a more general approach [22] and has been introduced to boosting mean regression 
models by [11], before the approach was extended to the context of univariate distribu-
tional regression [37]. Deselection (Section 2.2.3) is the most recent enhancement and 
was directly introduced for boosting mean regression as well as distributional regres-
sion [33]. None of the three approaches have ever been extended towards boosting mul-
tivariate distributional regression or even to copula regression. In the process of inte-
grating these enhanced variable selection approaches in our framework, we also allow 
for constant distribution parameters that do not depend on covariates. This is particu-
larly attractive in copula regression, where for example copula parameters not depend-
ing on covariates reflect situations in which the dependence structure between the out-
comes does not vary across observations with distinct feature values. This can lead to a 
substantial reduction in the complexity of the final model.

2.2.1 � Probing

Probing is based on the inclusion of random noise variables, the so-called probes, 
to determine the stopping iteration by stopping when the algorithm starts select-
ing those (Algorithm 1): First, randomly generated shuffled versions (probes) of the 
covariates are added to the original dataset. Second, a boosting model is fitted on the 
expanded dataset and the algorithm stops when the first probe is selected. The idea 
is that, in each iteration, the base-learner with the highest loss reduction is updated 
and the selection of a probe means that the best possible improvement is based on 
information known to be unrelated to the outcome. Because each parameter may 
depend on a potentially different set of variables, the randomly shuffled probes are 
simply added for each of the distribution parameters. In our model class, the dis-
tribution parameters may represent parameters of the marginal distributions or the 
copula. In each boosting iteration, a single base-learner is updated, i.e., the algo-
rithm stops when the first probe is selected for any of the distribution parameters. 
While probing does not require optimizing the stopping criterion via computation-
ally expensive cross-validation or resampling, it optimizes towards sparse models 
and does not maximize prediction performance. As a consequence, probing typically 
yields sparse models with strongly regularized predictor effects [36].

Algorithm 1   Probing for boosting distributional copula regression.
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2.2.2 � Stability selection

A popular enhanced variable selection technique is stability selection, which yields 
a stable set of covariates by repeated model fitting using subsamples of the original 
dataset [22, 29]. In the context of boosting, Thomas et al. [37] introduced stability 
selection for boosted GAMLSS. As outlined in Algorithm 2, the general idea is to 
draw B random subsets of the data with size ⌊n∕2⌋ of the original dataset and to fit 
separate boosting models for each subset. The boosting algorithm runs on each sub-
set until a pre-specified number of covariates q have been selected. Every variable 
has a selection frequency defined by the fraction of subsets in which the variable j 
was selected. If the selection frequency exceeds the threshold �thr , the variable is 
considered stable and is included in the final model fit [11]. Stability selection pro-
vides a sparse solution, controlling the number of false discoveries by defining an 
upper bound for the per-family error rate (PFER), i.e., the expected number �(V) of 
noninformative variables included in the final model. The upper bound is given by 
�(V) ≤ q2∕((2�thr − 1)p) , where p =

∑K

k=1
pk is the total number of predictor vari-

ables and q the number of selected variables.
For practical use, the most important aspect is the choice of the parameters q,�thr 

and PFER, whereby the PFER can be derived from the upper bound and visa versa. 
It is recommended to specify PFER and either q or �thr [12]. Meinshausen and Büh-
lmann [22] state that the number of selected base-learners q should be chosen suf-
ficiently large concerning the informative variables, or at least as high as the number 
of informative variables, which, however, are usually unknown. The threshold �thr 
should be in the range of �thr ∈ (0.6, 0.9) , meaning a variable should be selected in 
more than half of the fitted models in order to be considered stable. The choice of B 
is of minor importance as long as it is sufficiently large to ensure accurate estimation 
of 𝜋̂j across various scenarios [22].

Algorithm 2   Stability selection for boosting distributional copula regression.

2.2.3 � Deselection of Base‑Learners

Another approach to encourage variable selection and sparsity is to deselect 
and remove base-learners with a negligible impact on the model’s predictive 
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performance. The general idea is to start with a classical boosted model tuned by 
cross-validation or resampling techniques. Then, the base-learners that were selected 
but only have a minor impact on the model are identified and deselected. Afterward, 
the model is boosted again with the remaining variables. This idea was introduced 
by [33] for univariate GAMLSS and is now extended to distributional copula regres-
sion. The importance of a base-learner is based here on the risk reduction and can be 
defined for base-learner j after mstop boosting iterations with

where I denotes the indicator function and j∗[m] is the selected base-learner in 
iteration m. Furthermore, r[m−1] − r[m] represents the risk reduction in iteration 
m, for risks r[m] and r[m−1] at iterations m and m − 1 , respectively. Note that in the 
case of distributional copula regression, all distribution parameters are considered 
together and each parameter �k, k = 1,… ,K can depend on a different number of 
variables pk . Here, we do not distinguish between the different parameters, such that 
p =

∑
pk.

For a given threshold � ∈ (0, 1) , we deselect base-learner j if

where r[0] − r[mstop] represents the total risk reduction and Rj denotes risk reduction 
attributable to base-learner j. In other words, only base-learners whose contribution 
Rj to the total risk reduction is larger than the relative � threshold (e.g., 1% [33]) will 
remain in the model after the deselection step.
Algorithm 3   Deselection for boosting distributional copula regression.

2.2.4 � Illustration of the Different Approaches

Figure 1 displays the coefficient paths resulting from the classical boosted copula 
regression and the final models after applying the different approaches for reduc-
ing the model complexity on simulated data (more details on this example can 
be found in the supplement, Section A). Overall the coefficient paths of the dif-
ferent approaches yield similar final models. Applying probing leads to earlier 

Rj =

mstop∑

m=1

I(j = j∗[m])(r[m−1] − r[m]), j = 1,… , p,

Rj < 𝜏 ⋅ (r[0] − r[mstop]),
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stopping than the classical model with a stopping iteration at 1259 iterations. 
Therefore, the effect estimates are shrunken and fewer variables are included in 
the model (all informative but also one noninformative variable). As described in 
Sect. 2.2.1, the shrinkage of the effect estimates might not be optimal for predic-
tive performance. The resulting model for stability selection is shown in the third 
plot, with selection frequencies across the B subsets for the different base-learn-
ers provided in the supplement (Figure A1). The performance of stability selec-
tion depends strongly on the choice of the parameters, here we choose q = 20 
and PFER = 5 , but for example smaller q and PFER would lead to worse results 
as most informative variables would not be included, leading to poorer predic-
tive performance. The choice of q is informed by our comprehensive simulations 
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Fig. 1   The resulting coefficient paths along the number of boosting iterations for a simulated example 
(for more details see the supplement, Section A for the classical boosting, probing, stability selection, 
and the deselection approach (1%). The coefficient paths of the informative variables are colored in 
black, the noninformative in red. The intercept was removed for clarity. For stability selection and dese-
lection, only the final model is plotted
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detailed in Sect.  3. For a representation of how different q values impact the 
results, we refer to Appendix B (Table A3), for details.

The deselection approach with a threshold value of 1% is similar to stability 
selection. Stable covariates are the ones with the highest risk reduction in the 
deselection approach. The final deselection model contains also here only the 
informative variables with the same number of boosting iterations as the classi-
cal model and similar coefficient estimates. The corresponding risk reduction for 
the different variables can be found in Figure A2 in the supplement with different 
threshold values (0.1 and 1%). Higher threshold values would lead to the elimi-
nation of informative variables, whereby for smaller values such as 0.1% (dotted 
line in the risk reduction plot Figure A2 in the supplement) noninformative vari-
ables would remain in the model.

2.3 � Computational Details and Implementation

Boosting for distributional copula regression is implemented via the R package 
gamboostLSS. For tuning of mstop , cross-validation, resampling techniques, or 
evaluation on a single test dataset can be used. The process is facilitated using a 
provided function that directly works on the model object.

From a computational and implementation perspective, probing can be very 
easily utilized, because no computationally intensive techniques for optimizing 
the stopping iteration and no additional tuning parameters are required. Stability 
selection for copula regression can be realized using the fitted boosting model and 
the stabs() function in the package gamboostLSS. One needs to specify two 
of the parameters beforehand, the per-family error rate and either the number of 
base-learners q or the threshold �thr . The stopping iteration of the boosting model 
has to be chosen sufficiently large so that the q base-learners can be selected. 
The function returns the stable set of base-learner for each distribution parameter. 
To obtain the final model, one can again run a boosting model with only these 
stable base-learners. As in any classical statistical boosting model, the stopping 
iteration needs to be optimized by cross-validation, resampling techniques, or on 
an additional validation data set (if available). Moreover, the function encom-
passes various options for assumptions. It is important to note that the described 
approach in Sect. 2.2.2 does not involve any additional assumptions (assump-
tion = "none"). The number of subsamples B should be sufficiently large to 
ensure reliable results. Typically, it is set to B = 100 [22]. By default, the imple-
mentation uses complementary pairs for subsampling with B = 50 , which means 
2 ⋅ B subsamples in total.

The implementation of the deselection approaches is available at GitHub 
https://​github.​com/​Annik​aStr/​Compl​RedBo​ostCop and is accessed with the 
DeselectBoost() function, which requires a boosting model with early stop-
ping and the specification of an appropriate threshold value (e.g., 1%). The refit-
ting of the model with the remaining base-learners to obtain the final model is 
already included in the function.
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3 � Simulations

To evaluate the performance of the different approaches for reducing the model com-
plexity of boosted bivariate distributional copula regression models, we conducted a 
simulation study. We compared probing, stability selection, and the deselection of 
base-learners with a focus on their variable selection properties, the prediction per-
formance, and runtime. Our specific objectives were to determine the following: (i) 
Can the variable selection approaches identify the truly informative variables while 
decreasing the number of false positives? (ii) How do the approaches perform in 
comparison to each other? (ii) Can the complexity of the model be reduced by sim-
plifying complete additive predictors for distribution parameters to an intercept?

A detailed description of the simulation design of the following scenarios can 
be found in the supplement, Section B. Furthermore, here we provide a descrip-
tive summary of the simulation results, while detailed numerical results can be 
also found in the supplement, Section B. All codes to reproduce the results can be 
found on GitHub  https://​github.​com/​Annik​aStr/​Compl​RedBo​ostCop. The simula-
tions were conducted in R using the add-on package gamboostLSS for estimating 
the copula regression models. The copula and gamlss packages were used for data 
generation.

3.1 � Simulation Design

To investigate these questions, we considered four different bivariate scenarios for 
continuous outcomes, each with five distribution parameters (marginal means �1 and 
�2 , marginal variances �2

1
 and �2

2
 , and association parameter �):

Scenario  A Same simulation setup as in  [9] with four informative variables 
x1,… , x4 . Cubic P-splines with 20 equidistant knots were included as base-learn-
ers. The log-normal and log-logistic distributions were used as marginal distribu-
tions.
Scenario B Modification of Scenario A: 

1.	 �1 does not depend on explanatory variables.
2.	 � does not depend on explanatory variables.

Scenario C More informative variables: Ten informative variables for each dis-
tribution parameter pk = 10, k = 1,… , 5 with x1,… , x50 with Gaussian marginal 
distributions for both outcomes. The base-learners correspond to simple linear 
models.

Detailed insights for each scenario are provided in Supplement B. A total of 100 
simulation runs were performed for each simulation setting. For each scenario, 
n = 1000 observations were considered, where the covariates x1,… , xp were inde-
pendently drawn from a uniform distribution on (−1, 1) . The simulations cover a 
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low-dimensional case ( p < n ) with p = 20 variables for Scenario A, B.1, and B.2 
and p = 200 for Scenario C. Furthermore, a high-dimensional case ( p > n ) with 
p = 1000 variables was investigated for each scenario. The Gaussian, the Clayton, 
and the Gumbel copula were considered. For fitting the models, all covariates were 
considered for each distribution parameter simultaneously. The stopping iteration 
mstop was optimized by minimizing the empirical risk on an additional validation 
dataset with 1500 observations. For all simulations, the step length of the boosting 
algorithm was set to a fixed value of � = 0.01 as suggested in [9] for boosting cop-
ula regression. For the deselection approach, we specified the threshold parameter � 
with 0.1 and 1%. For stability selection, the number of variables to be included in the 
model was set as q = 20 and the per-family error rate was chosen to be PFER = 5 . 
We employed B = 50 complementary pairs for subsampling. The mstop for the boost-
ing model for stability selection was set to five times the number of observations 
( 5 ⋅ n ) ensuring that q base-learners can be selected. For the final model with only 
the stable covariates, the optimal stopping iteration was determined using an addi-
tional dataset, as in the classical boosted model. Note that due to the high computa-
tional cost, stability selection could not be applied for the high-dimensional settings.

To evaluate the prediction performance we used multivariate proper scoring 
rules, namely, the negative log-likelihood and the energy score. The energy score 
generalizes the continuous ranked probability score to multivariate quantities  [7] 
and is defined as follows. Let y = (y1, y2)

T ∈ ℝ
2 represent the vector of observations 

and let F̂ denote a forecast distribution on ℝ2 . Assume Y1,… ,Yn are n independ-
ent realizations from F̂ , where each realization is given by Yi = (Yi1, Yi2) ∈ ℝ

2 for 
i = 1,… , n . The energy score is defined as

where ‖ ⋅ ‖ denotes the Euclidean norm on ℝ2.

3.2 � Summary of Simulation Results

In Scenario A, B.1, and B.2, classical boosting is able to correctly select the inform-
ative variables for each distribution parameter, while noninformative variables were 
included mainly for the mean parameters (supplement, Section B.1, and B.2). How-
ever, in Scenario C, not all informative variables were selected for the dependence 
parameter and many noninformative variables were included for the mean and scale 
parameters (see the supplement, Section B.3).

In comparison, probing, stability selection, and deselection led to much 
sparser models in both low- and high-dimensional cases. Specifically, in Sce-
nario A and Scenario B.1, the final models generally contained all informative 
variables except when using probing, which occasionally missed the informa-
tive variable for the dependence parameter � . Stability selection also occasion-
ally missed the informative variable with a Clayton copula. With the deselec-
tion approach, all informative variables remained in the model. The fewest false 

ES(F, y) =
1

n

n�

i=1

‖Yi − y‖ − 1

2n2

n�

i=1

n�

j=1

‖Yi − Yj‖,
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positives were obtained when � was set to 1%, almost completely eliminating 
them. With a threshold value of 0.1% also many noninformative variables were 
excluded but to a lower extent than with 1% (see the supplement, Section B.1 
and B.2). Similarly, in Scenario B.2, all approaches perform well in terms of 
true positive selection, although again probing failed to include all informative 
variables in some cases for �1 . As before, none of the approaches can eliminate 
all false positives and excluding false positives for the association parameter is 
particularly challenging. However, this depends on the strength of the associ-
ation between the outcomes. With stronger association, it is more difficult to 
eliminate the noninformative variables. With weaker association, the classical 
boosting tends to include few false positives for � , particularly for high-dimen-
sional scenarios (see the additional setting for Scenario B.2 in supplement Sec-
tion B.2 for more details).

In  Scenario  C, only for the Gaussian copula all informative variables were 
selected by classical boosting; for the other copulas, it was already difficult to 
select all true positives for the dependence parameter. Most false positives were 
included for the mean and scale parameters. The resulting models for probing 
and stability selection for  Scenario  C had difficulties in selecting the informa-
tive variables. The average number of true positives is relatively low for both 
approaches. The deselection approach with a threshold value of 0.1% only 
slightly influenced the average number of true positives. For all other param-
eters, the informative variables remained in the model in every simulation run. 
The number of noninformative variables were considerably reduced but there 
are still false positives left in the model. A higher threshold value would lead to 
a higher decrease in false positives but also to a reduction of correctly identified 
informative variables (see the supplement, Section B.3).

For the predictive performance on test data, evaluated with the negative 
log-likelihood and the energy score (smaller values are better), the deselection 
approach as well as stability selection had a comparable predictive performance 
and led to an improvement in the negative log-likelihood compared to the clas-
sical boosting for Scenario A, B.1 and B.2. For the energy score, the approaches 
resulted in similar values. Only probing showed a worse performance compared 
to the classical boosted model for the negative log-likelihood and the energy 
score (see the supplement, Section B.1 and B.2). For Scenario C, probing and 
stability selection led to a worse predictive performance due to the exclusion of 
informative variables. The deselection approach yielded an improvement in the 
negative log-likelihood for a threshold value of 0.1% and provided comparable 
performance to the classical approach regarding the energy score (see the sup-
plement, Section B.3).

Overall, all approaches can drastically reduce the number of false positives 
in the final boosting model, whereby probing yielded the smallest runtime, as 
there is no need for an additional optimization of the stopping iteration. Due 
to its second boosting step, the deselection approach took slightly longer than 
the classic approach ( ≈ 1–2  min). Stability selection had the longest runtime 
because B boosting models have to be fitted on the subsamples.
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3.3 � Characteristics of Enhanced Variable Selection Approaches

Based on our simulation study, we have summarized the key aspects of the different 
variable selection approaches to guide researchers in choosing a suitable method for 
specific data challenges. Table 1 provides an overview of probing, stability selection 
and deselection approaches, evaluating each method across several important char-
acteristics, including the number of parameters to be specified, computational cost, 
and ease of use. Note that not every category can be considered by itself.

Probing emerges as the simplest method in terms of parameter specification and 
computational efficiency. It requires no specification of additional parameters and 
offers a low computational burden. However, this simplicity leads to limitations in 
variable selection, coefficient estimation and prediction performance. As discussed 
in Sect. 2.2.1, probing is intended to yield sparse models rather than optimized pre-
dictive performance. In addition, while probing is generally computationally effi-
cient regarding runtime, it can cause memory problems when applied to large or 
high-dimensional data. This is because the method generates the additional probe 
variables, effectively doubling the dimensionality of the data set. As a result, even 
larger matrices must be stored and processed. This makes probing less practical for 
extremely high-dimensional scenarios, despite its otherwise efficient nature. Sta-
bility selection, on the other hand, provides effective variable selection and, after 
refitting with the stable covariates, provides reasonable coefficient estimation and 
comparable predictive performance to the classical boosting model. It offers error 
control, which is an advantage in many applications. However, these advantages 
come at the cost of increased complexity. Stability selection requires the specifica-
tion of multiple parameters and is computationally intensive due to the repeated sub-
sampling, making it more suitable for low-dimensional data sets. Deselection pro-
vides effective variable selection and coefficient estimation and achieves predictive 
performance comparable to the classical boosting model. It is relatively easy to use, 
similar to probing, and shows particular strengths when handling many potential 
variables, i.e., it is better scalable for large or high-dimensional data than probing 

Table 1   Comparison of enhanced variable selection approaches: ✔ indicates an advantage, ○ represents 
a moderate or neutral characteristic and ✖ signifies a limitation or disadvantage

Characteristic Probing Stability selection Deselection

Number of parameters ✔ ✖ ○

Computational cost ✔ ✖ ○

True positive selection ○ ✔ ✔
False positive reduction ✔ ✔ ✔
Coefficient estimates ○ ✔ ✔
Predictive performance ✖ ✔ ✔
Per-family error rate control ✖ ✔ ✖
High number of potential variables ○ ✖ ✔
True model not sparse ✖ ✖ ○

Simple to use ✔ ○ ✔
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and stability selection. While deselection requires the specification of one parame-
ter, this parameter is generally more intuitive to select. In general, � = 0.01 serves as 
a reasonable default for many scenarios. This combination of characteristics makes 
deselection a practical option for a variety of data problems.

In general, the selection of an appropriate variable selection method should be 
guided by a careful consideration of the specific requirements, the characteristics of 
the dataset and the available computational resources. As expected, all three meth-
ods perform better when the true underlying model is sparse.

4 � Real Data Illustrations

4.1 � Analysis of Fetal Ultrasound Data

Motivated by the analysis of fetal ultrasound data using boosted copula regression 
of [9], which resulted in rather large sub-models for the different distribution param-
eters, we examined and compared the variable selection and the predictive perfor-
mance of this analysis with the models resulting from the enhanced variable selec-
tion techniques introduced in Sect. 2.2. The considered dataset was collected from 
2006 to 2016 at the Department of Obstetrics and Gynecology of the Erlangen Uni-
versity Hospital and contains 6103 observations and 36 variables, including sono-
graphic variables, e.g., abdominal anteroposterior diameter, abdominal transverse 
diameter, the interaction between these sonographic variables, and clinical variables, 
e.g., weight, height and body-mass index (BMI) of the mother. For more details on 
the data, we refer to [5].

The response variables of interest are the birth length and weight, which were 
modeled via copula regression with log-logistic marginal distributions and the 
Gaussian copula. We split the dataset into a training dataset with n = 4, 103 observa-
tions and a test dataset for evaluation with 2000 observations. The step length was 
set to � = 0.01 and the stopping iteration was optimized by 10-fold cross-validation. 
All variables were considered for each distribution parameter. For continuous vari-
ables, cubic P-splines with 20 equidistant knots, a second-order difference penalty 
and 4 degrees of freedom were used as base-learners. Sex of the fetus and gesta-
tional diabetes were included via linear base-learners. Furthermore, we applied a 
gradient stabilization to ensure comparable gradients for the distribution parame-
ters [12]. For the deselection approach, threshold values of 0.1 and 1% were consid-
ered. The parameters for stability selection were specified as q = 20 for the number 
of variables to be included in the model and PFER = 5 for the per-family error rate.

Table  2 shows the numbers of selected variables for each distribution parame-
ter, the predictive performance in terms of the negative log-likelihood as well as 
the resulting optimal mstop . An overview of the included variables for the different 
approaches can be found in the supplement, Section D. The classical boosted copula 
model selected almost all considered variables for the mean parameters �1 and �2 . 
Fewer variables were selected for the shape parameters and the dependence param-
eter. The approaches for enhanced variable selection reduced the model complexity 
substantially and led to fewer included variables in the final models. The deselection 
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approach with a threshold value of 1% deselected all variables for the mean param-
eter �1 . Still, it contained variables for the other distribution parameters, more pre-
cisely interactions of the sonographic variables and the gestational age for the scale 
parameters. As expected, it resulted in a slightly worse negative log-likelihood com-
pared to the classical approach.

With a smaller threshold value (0.1%), the final model contained variables for 
each distribution parameter and led to a comparable predictive performance than the 
classical boosted model. Here the model included mostly interactions of the sono-
graphic variables as well but also a few other variables, e.g., sex for the location and 
gestational age for each distribution parameter except the dependence parameter. 
Probing resulted in a similar model as the deselection approach with 0.1%, but led 
to worse predictive performance. The most likely reason is the stronger shrinkage of 
the effect estimates due to the much smaller number of iterations. Via stability selec-
tion no covariates were selected as stable for the dependence parameter implying 
conditional independence of the two responses. This resulted in a poorer predictive 
performance compared to the classical model.

4.2 � Joint Modeling of Cholesterol Phenotypes

We analyzed data from the UK Biobank (application number 81202), which is a 
large biomedical cohort study containing genetic and health information from over 
half a million British participants  [35]. Using the boosting algorithm for distribu-
tion copula regression, we aim to model the polygenic contribution to the individual 
distributions of different phenotypes, but also to estimate the dependence between 
these phenotypes as a function of genetic variants. We want to identify the most 
relevant variants and therefore apply the methods presented in Sect.  2.2 to obtain 
sparse solutions.

The focus in the following is on three bivariate combinations of phenotypes, 
namely LDL (Low-Density Lipoprotein) and ApoB (Apolipoprotein B), LDL and 
cholesterol, and HDL (High-Density Lipoprotein) and ApoA (Apolipoprotein A). 
We considered these combinations because they have high empirical association 
based on an analysis of genetic blood and urine biomarkers in the UK Biobank [30], 
suggesting potential benefits in modeling these phenotypes jointly. All of these phe-
notypes are components of cholesterol metabolism. Cholesterol can be split mainly 
into two groups: i) LDL cholesterol, which is responsible for the transportation of 
cholesterol from the liver to various tissues and can be attached to specific receptors 

Table 2   Numbers of selected 
variables for distribution 
parameters �

1
 , �

1
 , �

2
 , �

2
 and � , 

negative log-likelihood values 
and stopping iteration mstop for 
classical boosting, deselection 
with threshold values of 0.1 
and 1%, probing and stability 
selection

Method �
1

�
1

�
2

�
2

� −Log-Lik mstop

Classic 33 15 30 13 9 4156.58 5536
Deselection 0.1% 6 9 8 7 4 4184.07 5536
Deselection 1% – 5 2 4 1 4843.41 5536
Probing 9 9 8 9 5 4654.58 808
Stability selection 5 3 3 3 – 4273.18 4194
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on the cell surface with the help of ApoB, ii) HDL cholesterol, the counterpart of 
LDL which is accountable for the removal of excess LDL cholesterol from the body, 
with ApoA supporting this process [41].

The considered dataset for each combination of phenotypes consists of 
n = 20,000 randomly sampled observations with white British ancestry. Addition-
ally, 15,000 observations were used for validation and 20,000 observations were 
used to evaluate the prediction performance via the negative log-likelihood. For 
each phenotype, 1000 variants were selected in a pre-screening step based on the 
largest marginal associations between the variants and the phenotype, which were 
computed with the PLINK2 function -variant-score  [1, 26]. Variants with 
minor allele frequency not less than 1% were randomly sampled with the-thin-
count function. Missing genotypes were imputed by the reference allele using the 
R package bigsnpr [25]. After the pre-screening, the dataset contains 1156 variants 
for LDL and ApoB (844 variants were selected for both phenotypes), 1179 variants 
for LDL and cholesterol (821 common variants), and 1249 variants for HDL and 
ApoA (751 common variants).

For each combination of two phenotypes, the marginal distributions and copu-
las were chosen which minimize the predictive risk (see Table 3). All variants were 
considered for each distribution parameter and incorporated with linear base-learn-
ers and step length � = 0.01 . Stability selection unfortunately could not be applied to 
these data because of the high computational cost.

Table 3 shows the results for the joint analysis of the different combinations of 
phenotypes. Furthermore, Fig.  2 displays Manhattan-type plots for the phenotype 
combination LDL and cholesterol for every distribution parameter of the copula 
model. For each combination of phenotypes, the classical boosting approach selected 
several variants for each distribution parameter. Most genetic variants were selected 
for the location parameters. Each model included variants for the dependence 

Table 3   Number of selected variants for distribution parameters �
1
 , �

1
 , �

2
 , �

2
 and � , negative log-likeli-

hood values and stopping iteration mstop for the classical boosted model, the deselection approach with 
threshold values of 0.1 and 1%, and probing for the different combinations of phenotypes

Phenotype Marginals Copula Method �
1

�
1

�
2

�
2

� −Log-Lik mstop

LDL Log-logistic Gaussian Classic 441 26 386 67 47 10535.16 4965
ApoB Gamma Deselection 0.1% 121 2 71 9 15 10749.28 4965

Deselection 1% 8 – 3 – – 11647.92 4965
Probing – – – – – 14792.60 863

LDL Log-logistic Gumbel Classic 286 89 266 100 44 31105.03 13,975
Cholesterol Log-logistic Deselection 0.1% 81 5 54 7 9 31090.53 13,975

Deselection 1% 12 – 6 – – 31817.39 13,975
Probing 45 – 15 3 – 32834.92 5314

HDL Log-normal Gaussian Classic 171 40 197 69 28 79820.43 1954
ApoA Log-normal Deselection 0.1% 81 15 83 24 9 79868.42 1954

Deselection 1% 8 – 9 – – 80337.71 1954
Probing 113 20 185 36 6 80074.35 905
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parameter, indicating that different variants affect the associations between pheno-
types and the potential benefit of modeling these phenotypes together. Considering 
the total number of selected variants, a relatively high number of the pre-filtered 
variants were included in the classical boosting model. In particular, for LDL and 
ApoB, almost half of all variants were included for the mean parameters. Despite 
the intrinsic variable selection of the boosting algorithm, we still obtain large mod-
els with a potentially difficult interpretation. Therefore, we aim to reduce the model 
complexity by enhancing variable selection.

With the deselection approach, the model complexity could be drastically 
reduced. When considering a threshold value of 1%, for all phenotype combinations 
only variants for the location parameters remained after deselection, which resulted 
in two univariate models. One can argue that this threshold value may be too strong 
for the data situation as there are several variants with only a small-to-medium effect 
(see for example Fig. 2) and therefore a minor impact on risk reduction. Also, owing 
to the pre-filtering, all variants in our analysis have some association with one of the 
outcomes, making it harder for single variants to pass the relative threshold. Using 
a smaller threshold value (0.1%) also led to sparser models, but for each distribution 
parameter several variants remained in the final model. The negative log-likelihood 
indicated a comparable predictive performance, whereby even a slight improvement 
in the performance for the phenotype combination LDL and cholesterol could be 
observed.

�

�1 �2

�1 �2

1 2 3 4 5 6 7 8 9 10 11 12 13 1415 1617 181920

1 2 3 4 5 6 7 8 9 10 11 12 13 1415 1617 181920
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Fig. 2   Manhattan-type plots (chromosomes on x-axis) for the absolute coefficients of boosted copula 
regression for the joint analysis of LDL and cholesterol
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Probing also resulted in sparser models for each combination. In fact, for the phe-
notypes LDL and ApoB, no variants were included in the resulting model: in the 
first iterations, only the intercept was updated and stopping after 863 boosting itera-
tions (when the first probe was selected) resulted in an intercept model, which led to 
a considerably worse predictive performance. For the other phenotypes, several vari-
ants were included after stopping when the first probe was selected. However, due to 
the smaller number of boosting iterations, the effect estimates were more shrunken 
(see Fig. 2 for LDL and cholesterol) and therefore the predictive performance dete-
riorated in comparison to the classical boosted model but also to the deselection 
approach, particularly for a threshold value of 0.1%.

5 � Discussion and Conclusion

To reduce model complexity and to enhance variable selection for boosting multi-
variate distributional copula regression, we have integrated probing [36], stability 
selection [22], and also the recent deselection approach [33] in the boosting frame-
work for this model class. This combination of classical boosting with all three 
approaches leads to considerably sparser models, thereby improving the interpret-
ability of the obtained prediction models, which is desirable in practice [17, 42].

Regarding the specific approaches, the results of stability selection show similari-
ties to the ones from deselection, even though the initial goals of the two methods 
differ. All three approaches perform better when the true model is sparse, whereby 
deselection can still lead to reasonable results when many variables are informa-
tive. The probing approach is the most favorable regarding computational runt-
ime, but typically stops the algorithm also very early, leading often to underfit-
ting and reduced predictive performance. As also observed in our first application 
on the weight and length of newborns, stability selection and deselection are more 
often able to maintain the predictive performance with smaller models. However, 
only deselection is also scalable to large, high-dimensional data as in our genetic 
application.

Our results additionally suggest that deselection not only yields much sparser 
models but can even lead to simpler univariate regression models in comparison 
to the classical boosted copula model in  situations where the association parame-
ter is close to zero. The proposed methods for enhanced variable selection could 
hence also represent tools for data-driven model choice [21]. The prediction per-
formance typically does not improve after deselection but can lead to comparable 
accuracy as the classical boosting model with fewer predictors. Further improve-
ments could be achieved in the future by optimizing the stopping iteration of the 
final boosting model, potentially leading to reduced shrinkage and slightly higher 
predictive performance. Stability selection works similarly, providing stable covari-
ates that are then re-fitted in a final model with an optimized tuning parameter. The 
same principle could be applied to the deselection approach, which would, however, 
increase again the computational burden. In addition, also probing could be con-
sidered only as an extended method of variable selection followed by refitting the 
model only using the selected base-learners and tuning the stopping iteration. These 
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methodological extensions are beyond the scope of our current comparison, but 
offer promising directions for future investigation.

The deselection procedure is controlled via a threshold value � , which represents 
the minimum amount of total risk reduction that should be attributed to a corre-
sponding base-learner to avoid deselection. This can be interpreted as a threshold 
value for the importance of the particular predictor variable. Depending on the data 
situation, different thresholds may be appropriate; however, tuning is not straightfor-
ward because the true number of informative variables is not known in practice and 
the best model regarding predictive risk is naturally the one without any deselection. 
Further research is warranted on how to specify the threshold � in this context.

Besides the practical advantages of the proposed tools, the natural limitation of 
all boosting algorithms applies: Due to early stopping and therefore shrinkage of the 
effect estimates, providing standard errors of the resulting coefficients is not an easy 
task as there are no closed formulas. To overcome this, one could apply permutation 
tests to carry out significance testing and provide p-values [20], but this would dras-
tically increase the computational cost.

In conclusion, while statistical models should be as complex as needed to be able 
to capture the underlying nature of the data-generating process, they should also 
remain as simple as possible to facilitate interpretation [10]. To navigate this con-
ceptual trade-off, we have proposed three competing approaches to simplify distri-
butional copula regression models by reducing the model complexity and to enhance 
the variable selection properties of statistical boosting without considerably reduc-
ing the prediction accuracy of the resulting models.
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4 Discussion with references

This cumulative dissertation introduces novel modeling approaches designed to address the

multiple challenges presented by modern biomedical data. Furthermore, a central focus is on

how to balance model complexity with interpretability, ensuring that sophisticated statistical

methods remain accessible and meaningful for practical applications.

Advanced statistical models are crucial for identifying subtle relationships between multiple

outcomes, as demonstrated by Publication A (Hilbert et al., 2025), which revealed distinct

patterns of change over time in physical and mental health, demonstrating that various out-

comes do not constantly evolve in parallel and that sustainability can differ among patient

subgroups. The results indicate that considering multiple health indicators provided better

outcome predictions than weight alone. Therefore, this emphasizes the importance of model-

ing approaches that capture the association amongmultiple outcomes and the identification of

risk factors that influence the strength of these dependencies in order to understand disease

mechanisms and inform targeted interventions.

While classical maximum likelihood or Bayesian approaches (Klein et al., 2015) for multi-

variate distributional regression can not handle high-dimensional data problems, Publication

B (Strömer et al., 2023) addresses this by presenting a boosting algorithm for multivariate

responses (i.e., for binary, count and continuous outcomes) by combining the properties of

GAMLSS and the main features of statistical boosting. As a special merit, the boosting frame-

work can be used directly for high-dimensional data, allowing for data-driven variable selection

mechanisms that enable sparse models for all parameters of a multivariate distribution. Pub-

lication B describes the algorithm in detail and illustrates its potential to consider multiple out-

comes simultaneously and hence allows accessing, for example, the genetic predisposition for

the association between several phenotypes, such as heart disease and high cholesterol. To

the best of our knowledge, this is the first time multivariate distributional regression has been

adapted to model the joint genetic liability for multiple phenotypes. Building on this, recent

work has continued to address the underexplored area of multivariate distributional regres-

sion models (Kneib et al., 2023). For example, Gioia et al. (2025) extended these methods for
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Gaussian distributions with more than two response dimensions. In contrast, Kock and Klein

(2025) proposes a more flexible multivariate distributional model within the GAMLSS frame-

work, enabling the analyses of more than two outcomes of varying types. However, the latter

approach does not yet support high-dimensional data. Gioia et al. (2025) addresses high-

dimensional parameter and covariate spaces by employing a semi-automatic model selection

strategy motivated by Publication D (Strömer et al., 2022).

Another key focus in biomedical research is the analysis of time-to-event data, where a major

challenge arises from dependent censoring, for instance, when patients with poorer health are

more likely to drop out early. While existing copula-based and joint frailty-copula models have

improved the handling of this issue, they typically rely on strong assumptions and therefore

lack the flexibility to model the dependence structure or accommodate high-dimensional pre-

dictors (Emura and Chen, 2018; Emura et al., 2019). Publication C (Strömer et al., 2025b) ad-

dresses these limitations by introducing a boosting distributional copula regression approach

for dependent censoring that explicitly models the dependence between event and censoring

times as a function of covariates. Therefore, this approach provides additional insights into the

dependence between survival and censoring times not captured by previous models (Midt-

fjord et al., 2022; Czado and Van Keilegom, 2023; Deresa et al., 2022). While the method

is currently based on parametric margins and copulas, future extensions to semi-parametric

margins, as in Deresa and Van Keilegom (2024) or transformation models (Deresa and Van

Keilegom, 2025), would increase flexibility. Additionally, integrating other censoring mech-

anisms into the current framework, such as left censored or truncated data, would further

enhance its applicability.

Flexible modeling, combined with advanced statistical techniques, has expanded our ability to

analyze complex biomedical data and uncover underlying mechanisms. However, as these

models become increasingly complex and incorporate a large number of potential covariates,

interpretability and variable selection become increasingly challenging. Therefore, one of the

main issues is the effective selection of variables, particularly in high-dimensional settings.

While earlier stopping strategies, such as probing (Thomas et al., 2017) or the one standard
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error rule (Hastie et al., 2009; Friedman et al., 2010), are easy to implement and encourage

sparsity, they lead to suboptimal variable selection and poorer predictive accuracy. Stability

selection (Hofner et al., 2015; Meinshausen and Bühlmann, 2010) offers more reliable covari-

ate selection in low-dimensional settings, but its computational demands limit its practicality

for large-scale biomedical data.

In this context, Publication D (Strömer et al., 2022) introduces a deselection approach, which

systematically refines variable selection in boosting algorithms by leveraging the attributable

risk reduction of individual base-learners. By removing variables that contribute minimally to

overall model performance, deselection produces much sparser models without sacrificing

predictive power. Importantly, because this method is based on risk reduction, it is broadly

applicable across a range of base-learners, such as linear models, splines, and spatial ef-

fects, and can be adapted to various regression settings. This approach was first applied to

boosting GAMs and GAMLSS with different outcome and effect types, where it proved to be

both reliable and effective. Building on this foundation, Publication E (Strömer et al., 2025a)

extends the deselection framework to multivariate distributional copula regression. Here, de-

selection not only reduces dimensionality but also supports model simplification by identifying

which components truly benefit from covariate effects. This targeted complexity control is

particularly relevant when modeling multiple correlated outcomes, where overparameteriza-

tion can easily obscure scientific insights. A notable strength of the proposed deselection

framework is its versatility, which has already been demonstrated in various contexts, for

example, in applications to vine copula models (Jobst et al., 2024). Beyond this, recent mod-

ifications have further enhanced its applicability. For instance, the deselection approach has

been used directly as a pre-filtering strategy to efficiently reduce the number of covariates

before model fitting, allowing the model fitting process to remain computationally feasible in

high-dimensional settings where standard approaches would fail (Gioia et al., 2025). Further

extension of the framework enables data-driven model choice between linear and smooth

spline effects for continuous covariates (Mayr et al., 2023).

Despite the advantages of newly developed statistical methods and their ability to handle high-
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dimensional data, certain limitations remain. The approaches introduced in this work maintain

interpretability while offering flexibility in modeling complex data structures. However, chal-

lenges arise when moving toward ultra-high-dimensional settings – such as genomic datasets

with hundreds of thousands of predictors – where model estimation becomes computationally

infeasible without substantial resources or specialized batch-wise techniques (Klinkhammer

et al., 2023; Wetscher et al., 2024). Finally, while the proposed deselection framework effec-

tively reduces model complexity and enhances sparsity, pushing these methods toward even

more complex modeling frameworks may come at the expense of interpretability. While the

results of the models presented here are still interpretable, the increasing complexity of the

models makes it more difficult to provide a meaningful explanation of individual model compo-

nents. As Heller (2024) emphasizes, statistical models should be as complex as necessary

to capture the underlying data-generating process yet remain as simple as possible to ensure

meaningful interpretation.

4.1 Conclusion

In summary, this cumulative dissertation develops flexible, interpretable and scalable sta-

tistical frameworks to address the complexities of modern biomedical data. By advancing

methods for multivariate distributional regression, survival analysis under dependent censor-

ing and high-dimensional variable selection, this work provides robust tools for uncovering

complex relationships and dependencies in health research. Furthermore, the deselection

framework offers a versatile and practical approach to model simplification and variable se-

lection in various challenging settings.

These contributions provide a solid foundation for future research. Moving forward, it will

be essential to extend these frameworks to accommodate even more complex data struc-

tures and further enhance dependency modeling (e.g., asymmetric dependence or modeling

associations among three or more outcomes) while carefully balancing model complexity, in-

terpretability and computational efficiency.
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