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Abstract: We conduct a robustness reproduction of Ammann et al. (2023), published in Food 
Quality and Preference, who examine how consumers evaluate the importance of animal 
welfare as an agricultural policy goal relative to potentially competing objectives. Using the 
publicly available data, we first provide a reproduction of the original results and then perform 
a robustness reproduction that relaxes the linearity assumption through a Machine Learning 
(ML) work-flow. The original association patterns are reproducible, while the ML extension 
uncovers modest nonlinearities with limited gains in explanatory power. Overall, this study 
illustrates a simple and transparent workflow that complements standard OLS-based 
replication with data-driven specifications, thereby supporting transparency and reproducibility 
in applied agricultural economics.  
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1 Introduction 

The debate on the use and interpretation of p-values has gained considerable attention within 
the agricultural economics community in Austria, Germany, and Switzerland, particularly 
regarding transparency, reproducibility, and empirical credibility (Heckelei et al., 2023; Hüttel, 
Hess, 2024). This discussion has underscored the need to improve transparency in empirical 
research and to strengthen replication efforts (Aurbacher et al., 2024). Nevertheless, 
replication remains challenging, as the heterogeneity of econometric models and empirical 
strategies complicates consensus on best practices (Hirschauer et al., 2019). For example, 
models may include interaction terms or higher-order polynomials, and even small 
specification differences can affect empirical outcomes. 

Replication studies can be classified along two main dimensions: the analyzed population and 
the applied methodology (Finger, Grebitus, Henningsen, 2023). The population dimension 
ranges from using the same dataset as the original study to collecting new data from 
comparable or different populations. The methodological dimension ranges from applying 
identical procedures and estimators to employing modified or alternative analytical 
approaches. Complementing this typology, Ankel-Peters et al. (2025) distinguish between 
computational reproducibility, which examines whether published results can be reproduced 
using the same data and procedures, and robustness reproduction, which tests whether results 
remain stable under alternative model specifications. Together, these frameworks provide a 
comprehensive basis for evaluating the replicability and robustness of empirical findings. 
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Against this background, our contribution is twofold. First, we provide a computational 
reproduction of the study using the same data and baseline specification. Second, we propose 
a ML-based workflow to conduct robustness reproductions that systematically relax the 
linearity assumption of the original study. The workflow provides an intersubjective framework 
in which variable selection follows an algorithmic procedure that aims to balance ad hoc 
specification choices and concerns about “cherry-picking”, while allowing nonlinear 
relationships to emerge from the data. The method can be applied to many existing studies 
and facilitate the robustness replication of their results to the inclusion of non-linearity, helping 
uncover heterogeneity in the results in a data-driven way. 

Recent studies illustrate the growing relevance of replication in agricultural economics. 
Schmidt et al. (2025) apply cubic spline models for crop insurance and extend the original 
analysis to different crops and regions. Sant'Anna and Katchova (2023) go beyond the original 
work by including additional control variables and expanding the sample to cover multiple 
countries and regions. Wimmer and Dakpo (2023) assess the robustness of earlier findings to 
alternative measurements of the main variable of interest and extend the analysis to other 
regions. Kulkarni and Rossi (2023) address methodological differences in estimation 
approaches and conduct additional robustness checks using alternative specifications. Lee et 
al. (2023) replicate the original study, perform robustness checks, and update the estimates 
using more recent data by applying Machine Learning (ML) techniques, specifically ridge 
regression. Spindler (2015) replicates prior findings and provides a more detailed assessment 
of how the choice of the penalization parameter affects model selection. 

Building on this literature, the present study focuses on ML-based robustness reproduction to 
assess the stability of published results. As a case study, we use Ammann et al. (2023), 
“Consumers’ Meat Commitment and the Importance of Animal Welfare as an Agricultural 
Policy Goal” published in Food Quality and Preference. The study is published in a recognized 
journal and has already obtained a high number of citations highlighting the relevance of the 
topic. Using the publicly available dataset (Ammann et al., 2024), we first reproduce the original 
Ordinary Least Squares (OLS) results and then relax the linearity assumption using the Least 
Absolute Shrinkage and Selection Operator (LASSO; Tibshirani, 1996). The approach 
provides a transparent and data-driven way to expand the set of explanatory variables and test 
whether the relationships identified in the original study remain robust to alternative functional 
forms. This is particularly important in the context of animal welfare and conflicting policy 
objectives, as culture, personal attitudes, and socio-demographic characteristics often exhibit 
considerable heterogeneity in how they shape preferences for these objectives (El Benni et 
al., 2024).  

While differences across broad attitudinal and sociodemographic categories are documented 
in the literature (e.g., Ammann et al., 2025), much less is known about heterogeneity within 
these categories. Studies relying on linear specifications assume constant marginal 
associations across the distribution of explanatory variables. This leaves open the question of 
whether individuals who deviate strongly from the average along key attitudinal dimensions 
exhibit systematically different evaluation patterns when balancing competing agricultural 
policy goals. 

The topic is important as European agricultural and food policy is currently the subject of 
political and social debate regarding its future development (e.g. Navarro, López-Bao, 2019). 
Agricultural policy goals are multifaceted, encompassing food security, environmental 
protection, biodiversity conservation, climate change mitigation, animal welfare, farmers’ 
income, and consumer prices, often involving trade-offs between competing objectives (El 
Benni et al., 2024). Further, the effectiveness of policy measures promoting sustainability in 
food consumption depends on consumer preferences and may be influenced by information 
provision and nudging (Ammann et al., 2025).  Preferences for animal welfare also play a role 
in greenhouse gas reductions and sustainability improvement in dairy products (Richter et al., 
2025).  
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This study presents a reproducible workflow on relaxing the linearity assumption, using LASSO 
and extensions such as its adaptive form and the elastic net (Tibshirani, 1996; Zou, Hastie, 
2005; Zou, 2006). Specifically, higher order explanatory variables are included in the model 
and their relevance is determined by the feature selection process. LASSO regularization 
allows for automatic variable selection by penalizing coefficients with little predictive power, 
facilitating applied economics analysis (e.g., Maruejols et al., 2022; Ölkers, Mußhoff, 2024). 
However, the inclusion of higher-order terms requires that their corresponding main effects be 
retained in the model to respect heredity principles and preserve interpretability. Enforcing 
such hierarchical structure within a feature-selection framework is nontrivial. Solutions of this 
problem have been proposed recently (e.g., Hao et al., 2018) and are implemented in this 
work.  

This study illustrates how ML tools can complement traditional econometric practice to 
enhance transparency and reproducibility in applied agricultural economics (e.g., Bittmann, 
2025). The general idea is to augment the linear model with nonlinearly transformed variables 
and investigate their relevance using ML. This goes beyond Spindler (2015), who focuses 
mainly on the choice of the penalization parameter, and the framework of Lee et al. (2023), 
which does not distinguish variable importance. Other data-driven feature selection 
approaches also exist within ML, such as random forests, which provide alternative metrics to 
assess variable importance (Speiser et al., 2019). However, LASSO is widely used and 
particularly well suited to expanding the functional form of linear regression models. Therefore, 
the proposed workflow is not only useful for replication purposes, but can also aid applied 
economists in making difficult functional-form decisions within a regression framework. 

The remainder of the paper is organized as follows. Section 2 describes the reproduction 
framework and baseline model. Section 3 presents the reproduction and the ML-based 
robustness reproduction and discusses the results. Section 4 concludes. 

2 Methods 

2.1 Reproduction 

To follow recommended practice (Ankel-Peters et al., 2025), the first step assesses 
reproducibility, defined as the ability to reproduce the results of a study using the original data 
and analytical procedures. We refer to this exercise as a reproduction based on the cleaned 
dataset rather than an exact computational reproduction as in Ankel-Peters et al. (2025). 

The data were collected in autumn 2022 in the three largest Swiss language regions (German, 
French, and Italian) and include 1,542 Swiss consumers (see also Ammann et al., 2024). The 
survey collected information on consumers’ views about agricultural policy objectives and 
possible conflicts of interest. Respondents were asked to rate the importance of improving 
animal welfare compared with the following potentially conflicting policy objectives: 

1. Animal welfare vs. domestic food production; 
2. Animal welfare vs. consumer food prices; 
3. Animal welfare vs. farmers’ income. 

These items capture respondents’ prioritization of animal welfare relative to economic and 
production-oriented policy objectives. The data also include sociodemographic characteristics 
(gender, age, education, and place of residence) and attitudinal indicators, such as perception 
of farmers, ecological welfare orientation, and meat commitment. 
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We write the basic statistical model of the original study1  

𝑦𝑦𝑖𝑖 = 𝛽𝛽0 + �𝛽𝛽1,𝑝𝑝𝑥𝑥𝑖𝑖𝑖𝑖

𝑃𝑃

𝑝𝑝=1

+ 𝑢𝑢𝑖𝑖 (1) 

where 𝑦𝑦𝑖𝑖 denotes one of the three trade-off measures: (1) animal welfare vs. domestic food 
production, (2) animal welfare vs. consumer food prices, or (3) animal welfare vs. farmers’ 
income, on a scale from 0 (complete preference for animal welfare) to 100 (complete 
preference for the conflicting goal). The vector 𝒙𝒙𝒊𝒊 = (𝑥𝑥𝑖𝑖1, … , 𝑥𝑥𝑖𝑖𝑖𝑖)𝑇𝑇 includes the variables age, 
gender, education, place of residence, political orientation, perception of farmers, ecological 
welfare, and meat commitment from the original study. 𝛽𝛽1,𝑝𝑝 captures the linear association 
between 𝑦𝑦𝑖𝑖 and 𝑥𝑥𝑖𝑖𝑖𝑖 with 𝑝𝑝 = 1, … ,𝑃𝑃. The term 𝑃𝑃 denotes the number of variables. The error 
term has zero mean and is denoted as 𝑢𝑢𝑖𝑖. The index 𝑖𝑖 = 1, …𝑛𝑛 denotes different respondents 
with sample size 𝑛𝑛 = 1542.  

Building on the reproduction exercise, the next section extends the original analysis by 
applying feature selection to assess robustness to model specification.  

2.2 Robustness Reproduction with ML  

To assess whether the correlation structures identified in the original specification are robust 
to departures from linearity, we conduct a robustness reproduction using ML-based feature 
selection. Rather than proposing an alternative model, this framework provides a transparent 
and systematic way to explore whether nonlinear functional forms materially alter the 
conclusions of the original study, while maintaining interpretability and comparability with 
standard regression approaches. This step directly contributes to the replication debate 
outlined in the introduction (e.g., Hirschauer et al., 2019). 

2.2.1 Main Framework 

The terms 𝑦𝑦𝑖𝑖 and 𝒙𝒙𝒊𝒊 are defined as previously. To allow for possible nonlinear relationships, 
we extend the model as follows: 

𝑦𝑦𝑖𝑖 = 𝑓𝑓(𝒙𝒙𝒊𝒊)  + 𝑢𝑢𝑖𝑖 (2) 

where 𝑓𝑓(𝒙𝒙𝒊𝒊) denotes a flexible functional form. The error term 𝑢𝑢𝑖𝑖 captures unexplained 
variation. Our aim is to assess whether introducing greater functional flexibility in the 
relationship between 𝑦𝑦𝑖𝑖 and 𝒙𝒙𝒊𝒊 yields insights beyond the original linear model. One intuitive 
way to do this is through polynomial regression, for which we write the link function: 

𝑓𝑓(𝒙𝒙𝒊𝒊) = β0  + ��β𝑘𝑘,𝑝𝑝𝑥𝑥𝑖𝑖𝑖𝑖𝑘𝑘
𝑆𝑆

𝑘𝑘=1

𝑃𝑃

𝑝𝑝=1

 (3) 

For clarity, we abstract from interaction terms at this stage. Nonlinearity is incorporated through 
nonlinear transformations of the covariates within the regression framework. To keep the 
outline simple, we write down the quadratic regression model (S = 2), 

 
1  See also the notation in Table 10 in the Appendix. 
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𝑦𝑦𝑖𝑖 = β0  + �β1,𝑝𝑝𝑥𝑥𝑖𝑖𝑖𝑖

𝑃𝑃

𝑝𝑝=1

 +  �β2,𝑝𝑝𝑥𝑥𝑖𝑖𝑖𝑖2
𝑃𝑃

𝑝𝑝=1

 +  𝑢𝑢𝑖𝑖 (4) 

which relates the original variables, represented as main effects, and their additional quadratic 
terms to the outcome 𝑦𝑦𝑖𝑖. Taking the derivative with respect to 𝑥𝑥𝑖𝑖1 yields 

𝑓𝑓𝑥𝑥𝑖𝑖1
′ (𝒙𝒙𝒊𝒊) = 𝛽𝛽1,1  +  2 𝛽𝛽2,1𝑥𝑥𝑖𝑖1 (5) 

Hence, the effect of 𝑥𝑥𝑖𝑖1 on 𝑦𝑦𝑖𝑖 is no longer constant, but varies with the level of 𝑥𝑥𝑖𝑖1. While this 
formulation allows for richer relationships between the explanatory variables and the outcome, 
it also increases model complexity, with terms that may not have relevance to the outcome. 

2.2.2 Selection Problem 

Using a linear specification between explanatory variables and the outcome variable is 
generally good practice, as it reduces the risk of overfitting and facilitates interpretation, but it 
may fail to capture systematic variation in the data. Systematically introducing polynomial 
terms can help uncover such nonlinear relationships, but it also increases model complexity 
and reduces interpretability. In small samples, adding many covariates can lead to high 
dimensionality (Huang et al., 2008), imprecise standard errors, and unreliable inference, while 
in large samples, many variables may appear statistically significant because of small standard 
errors. Moreover, manually selecting variables may reflect researchers’ prior beliefs, lack 
transparency, and open the door to p-hacking. These limitations highlight the shortcomings of 
relying solely on statistical significance. As an alternative, data-driven feature selection 
determines variable relevance based on predictive performance rather than significance levels, 
thereby reducing subjective modeling choices and enhancing transparency. 

Regularization methods provide a data-driven approach to feature selection. The selection 
problem can be formulated as the following penalized optimization problem: 

𝑎𝑎𝑎𝑎𝑎𝑎min
β
��𝑦𝑦𝑖𝑖  −  𝑓𝑓(𝒙𝒙𝑖𝑖)�

2
𝑛𝑛

𝑖𝑖=1

 + ��𝐽𝐽λ��β𝑘𝑘,𝑝𝑝��
𝑆𝑆

𝑘𝑘=1

𝑃𝑃

𝑝𝑝=1

 (6) 

where 𝐽𝐽𝜆𝜆(. ) is the penalty function, |. | is a norm, and 𝜆𝜆 ≥ 0 is the regularization parameter. In 
the specific case of the LASSO, the penalty function takes the form 𝐽𝐽λ��β𝑘𝑘,𝑝𝑝�� = λ�β𝑘𝑘,𝑝𝑝�.  

Coefficients are shrunk toward zero through regularization, with the least relevant among them 
set exactly to zero. A key parameter for feature selection is the regularization parameter 𝜆𝜆, 
where larger values imply stronger penalization and fewer selected variables. The parameter 
𝜆𝜆 is chosen to minimize the expected prediction error using cross-validation. Non-zero 
coefficients resulting from Equation (6) are denoted as 𝐴̂𝐴. 

To mitigate the shrinkage bias introduced by regularization, we subsequently estimate a 
standard OLS model using only the selected features, following the post-LASSO procedure 
(Belloni, Chernozhukov, 2013): 

𝑦𝑦𝑖𝑖 =  𝑓𝑓𝐴𝐴�(𝒙𝒙𝒊𝒊)  +  𝑢𝑢𝑖𝑖 (7) 

where 𝑓𝑓𝐴𝐴�(𝒙𝒙𝒊𝒊) denotes the regression function restricted to the set of variables selected in 
Equation (6). Robust standard errors are used to account for the additional variability 
introduced by the selection step. 



Bittmann and Maruejols | Ger J Agr Econ 75 (2026) 

6 

Given the correlation structure among covariates, multiple combinations of covariates can yield 
similar predictive performance. This raises the question of what constitutes the true set of 
population-level variables and whether the selected features remain stable under small 
changes in data or model specification. Ideally, a feature-selection method would exhibit the 
oracle property (Zou, 2006), consistently identifying the relevant set of variables. Yet this is an 
asymptotic property and does not guarantee that the selected features will remain identical as 
the sample size increases. Thus, the selected variables and corresponding estimated effects 
do not necessarily represent unique sample estimates of a population model but rather 
possible representations. 

In this sense, ML-based feature selection should not be viewed as strictly objective. Instead, it 
provides an intersubjective framework: variable selection follows a transparent algorithmic 
process that limits the scope for “cherry-picking” while allowing nonlinear relationships to 
emerge from the data. Nevertheless, subjective researcher choices remain, such as the 
penalty parameter 𝜆𝜆, the cross-validation scheme and the penalty function J𝜆𝜆(. ). We provide 
several robustness checks for these choices. Specifically, we compare classic LASSO, 
adaptive LASSO and elastic net specifications. These approaches are standard in applied 
research, relatively straightforward to implement, and well understood by a broad audience. 
This addresses choices regarding the penalty function J𝜆𝜆(. ) and model parsimony. Further, we 
perform robustness checks using alternative choices of penalty strength (𝜆𝜆), cross validation 
folds, and random seeds.  

2.2.3 Heredity Principle 

Applying feature selection potentially violates heredity principles, leading to inconsistencies if 
squared terms are retained while corresponding main effects are dropped, which may 
undermine both interpretability and the internal coherence of the model. To solve this, several 
authors engage with the concept of a structured sparsity and propose methods that ensure 
heredity principle with variable selection (e.g., Bien et al., 2013; Yuan, Lin, 2006; Lim, Hastie, 
2015; Choi et al., 2010).  

Hao et al. (2018) propose a two-stage procedure, where stage one selects main effects only, 
while stage two adds higher-order terms corresponding only to the selected main effects. The 
authors show that the approach has selection consistency for quadratic regression under mild 
conditions. Next, we outline the procedure formally. 

Stage 1:  

The first stage only considers the main effects of the original study and excludes any higher 
order terms. That is, the optimization problem stated in Equation (6) is applied to the linear 
specification as stated in Equation (1): 

arg min
β
��𝑦𝑦𝑖𝑖  −  β0  −  �β1,𝑝𝑝𝑥𝑥𝑖𝑖𝑖𝑖

𝑃𝑃

𝑝𝑝=1

�

2𝑛𝑛

𝑖𝑖=1

+ �𝐽𝐽λ��β1,𝑝𝑝��
𝑃𝑃

𝑝𝑝=1

 (8) 

This yields a subset of selected main effects, denoted by 𝐴𝐴1�.  
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Stage 2:  

The second stage retains all main effects selected in Stage one and augments the model by 
adding quadratic terms for those variables only. The optimization problem is then given by:  

arg min
β
��𝑦𝑦𝑖𝑖 −  β0  − � 𝛽𝛽1,𝑝𝑝𝑥𝑥𝑖𝑖𝑖𝑖

𝑝𝑝∈𝐴𝐴1�

 −  � 𝛽𝛽2,𝑝𝑝𝑥𝑥𝑖𝑖𝑖𝑖2

𝑝𝑝∈𝐴𝐴1�

�

2𝑛𝑛

𝑖𝑖=1

+  � 𝐽𝐽λ��β2,𝑝𝑝��
𝑝𝑝∈𝐴𝐴1�

 (9) 

The penalty term only consists of quadratic terms (𝛽𝛽2,𝑝𝑝) for which the main effects have been 
selected in step one (p ∈ 𝐴𝐴1�). Importantly, no penalty is imposed on the main effects, ensuring 
that those remain in the model and that the hierarchical structure is preserved (Hao et al., 
2018). 

This two-stage procedure can be naturally extended to higher-order polynomials by iteratively 
applying the same logic to additional powers of 𝒙𝒙𝒊𝒊. Finally, all variables selected across stages 
are collected and the resulting model is estimated using OLS with robust standard errors as 
described in Equation (7). 

Two considerations are relevant when interpreting nonlinear terms identified through this 
procedure. First, the two-stage approach evaluates higher-order terms only for variables 
selected as main effects in the first stage. In principle, this implies that relationships operating 
purely through nonlinear effects but without detectable linear associations would not be 
considered in the second stage.  

Second, for ordinal variables, the polynomial specification implicitly treats the category codes 
as cardinal values with equal spacing between levels. Consequently, higher-order terms for 
these variables should be interpreted with caution and viewed primarily as indicators of 
potential deviations from linearity. An alternative specification would be to represent these 
variables as sets of dummy variables within the feature-selection framework. 

2.2.4 Alternatives and Extensions  

Given the aim of the study to provide a simple and transparent workflow for variable selection, 
we first present results based on the two-stage method. We additionally assess the relevance 
of cubic terms using an extension of the two-step approach. Specifically, we implement a three-
stage selection procedure in which cubic terms are included only if their corresponding squared 
terms are selected in the second stage. Additional results for the two-stage approach applied 
on pair-wise interactions terms are also reported.  

Departing from the two-stage theoretical approach, we also report results for an ad hoc 
heredity approach, in which the hierarchical structure is imposed by construction rather than 
derived from a formal theoretical restriction. Specifically, all main effects from the original study 
are forced into the model by assigning them a penalty weight of zero, while higher-order terms 
remain subject to penalization. This single step approach guarantees that any nonlinear terms 
are estimated conditional on the inclusion of their corresponding main effects, thereby 
enforcing heredity ex ante rather than allowing it to emerge endogenously from the data. 
Including all main effects in the baseline also has the advantage of improving comparability 
with the results of the original study.  

Several alternative approaches are also available to handle heredity for interaction terms. For 
instance, Choi et al. (2010) constrain higher-order coefficients to be proportional to their 
corresponding main effects, ensuring that additional terms automatically drop out when the 
main effect is zero. Although this estimator enjoys the oracle property, it results in a non-convex 
optimization problem and lacks a fully automated software implementation. Bien et al. (2013) 
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instead enforce hierarchy by adding convex constraints to the LASSO objective; this approach 
has appealing theoretical properties and is implemented in the R package hierNet. Related 
contributions build on the group-LASSO framework (Yuan, Lin, 2006), grouping main effects 
with their interactions so that entire groups of variables are selected jointly (Zhao et al., 2006; 
Bien et al., 2013; Lim, Hastie, 2015). The method proposed by Lim and Hastie (2015), 
implemented in the glinternet R package, yields results comparable to hierNet, while 
accommodating both categorical and continuous variables and remaining computationally 
scalable for large applications. However, only the two-stage approach provides both theoretical 
guarantees and ease of implementation within the standard glmnet package.  

Other data-driven feature selection approaches also exist within ML, such as random forests, 
which provide variable-importance metrics (e.g., Gini impurity) that can aid in identifying 
relevant predictors (Speiser et al., 2019). However, these methods lack the clear coefficient-
level cut-off provided by LASSO and operate by partitioning the feature space, making them 
better suited for classification or threshold-detection tasks rather than linear regression 
contexts. 

Next, we first provide the computational reproduction of the original linear models. Having 
established this baseline, we then apply the ML-based robustness framework outlined above 
to examine whether allowing for more flexible functional forms alters the correlation structure 
identified in the original study. All steps are implemented in the software R (version 4.4.2) with 
the packages glmnet, summarytools, modelsummary, dplyr, ggplot2, readr and tidyr. 

3 Results  

3.1 Results of Reproduction 

Table 1 reports descriptive statistics for all variables used in the reproduction. The data 
provided requires minor preparation to enable the reproduction. Transparency regarding data 
preparation in the original study makes the reproduction possible. We subtract ‘1’ from the 
gender variable to obtain ‘0’ for male and ‘1’ for female and match the descriptive statistics of 
the original survey.2 We subtract the variable “year of birth” from 2022 (year of data collection), 
in order to obtain the age of respondent, and obtain a mean age (44.6) that matches that in 
the original study. In the original study, perception of farmers, ecological welfare and meat 
commitment are all composite indexes. We create the composite measures by averaging the 
relevant variables, following references in the original study. For each indicator, the same 
mean and standard deviation as reported in the study are obtained.  

As in the original study, we focus on three dependent variables that capture respondents’ 
perceived trade-offs between animal welfare and other agricultural policy objectives: animal 
welfare vs. domestic food production, animal welfare vs. consumer food prices, and animal 
welfare vs. farmers’ income. A lower value of these variables indicates that the respondent 
assigns greater importance to animal welfare relative to the corresponding policy objective. 
The explanatory variables include a mix of sociodemographic and attitudinal characteristics: 
gender, education, place of residence, political orientation, perception of farmers, ecological 
welfare orientation, and commitment to meat consumption.  

 
2  Only these categories are represented in the sample. 
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Table 1. Descriptive statistics of original variables 

Variable N Mean Std.Dev Min Q1 Q3 Max 
Animal welfare vs. domestic production 1,542 39.1 26.6 0.0 17.0 56.0 100.0 
Animal welfare vs. food prices 1,542 40.0 26.9 0.0 18.0 56.0 100.0 
Animal welfare vs. farmers’ income 1,542 41.2 25.9 0.0 20.0 56.0 100.0 
Age 1,542 44.6 15.1 18.0 32.0 57.0 75.0 
Ecological 1,542 3.3 0.6 1.0 3.0 3.8 4.0 
Education 1,542 4.5 1.6 1.0 3.0 6.0 7.0 
Gender 1,542 0.5 0.5 0.0 0.0 1.0 1.0 
Meat 1,542 3.9 1.7 1.0 2.4 5.3 7.0 
Perception 1,542 5.6 1.0 1.0 5.0 6.4 7.0 
Political 1,542 52.2 21.8 0.0 40.0 66.0 100.0 
Residence 1,542 3.0 1.2 1.0 2.0 4.0 5.0 

Notes: Table 1 reports descriptive statistics for all variables used in the analysis, based on publicly available data 
(Ammann et al., 2024). The dependent variables capture respondents’ prioritization of animal welfare relative to 
potentially competing policy objectives, namely (i) domestic food production, (ii) consumer food prices, and (iii) 
farmers’ income. Responses are measured on a scale from 0 (complete preference for animal welfare) to 100 

(complete preference for the competing objective). The dataset also includes sociodemographic characteristics 
and attitudinal indicators. Gender is coded as a binary variable, while age (years) and political orientation (0 “far 
left” to 100 “far right”) are measured on metric scales. Education (1 “no education” to 7 “university degree”) and 

place of residence (1 “very rural” to 5 “very urban”) are recorded as ordinal variables. Attitudinal indicators include 
perception of farmers (0 “strongly disagree” to 7 “strongly agree”), ecological welfare (1 “not important at all” to 4 

“very important”), and meat commitment (1 “do not agree at all” to 7 “totally agree”). 
Source: own calculations 

Table 2 presents the results of the OLS reproductions of Ammann et al. (2023)’s Table 3. The 
first three columns report the results from the original study, and the last three columns report 
our estimated coefficients for each of the three trade-off measures, with standard errors in 
parenthesis.  
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Table 2. Reproduction of Ammann et al. (2023) estimated with OLS 

 Results from original study Results from replication 
 Animal welfare Animal welfare 
 vs. domestic 

production 
vs. food 
prices 

vs. farmers’ 
income 

vs. domestic 
production 

vs. food 
prices 

vs. farmers’ 
income 

Intercept 30.66 47.60 21.91 30.66 47.60 21.90 
 (5.79) (5.77) (5.6) (5.79) (5.77) (5.60) 
Gender -4.72 -3.95 -3.27 -4.72 -3.95 -3.26 
 (1.3) (1.29) (1.25) (1.30) (1.29) (1.25) 
Age 0.08 0.04 0.02 0.08 0.03 0.02 
 (0.04) (0.04) (0.04) (0.04) (0.04) (0.04) 
Education 0.65 -0.46 0.66 0.65 -0.46 0.65 
 (0.39) (0.39) (0.38) (0.39) (0.39) (0.38) 
Residence 0.12 1.67 0.57 0.12 1.67 0.57 
 (0.55) (0.54) (0.53) (0.54) (0.54) (0.53) 
Political 0.11 0.09 0.07 0.11 0.09 0.07 
 (0.03) (0.03) (0.03) (0.03) (0.03) (0.03) 
Perception 3.78 1.90 6.85 3.78 1.90 6.85 
 (0.69) (0.69) (0.67) (0.69) (0.69) (0.67) 
Ecological -10.51 -12.04 -10.84 -10.51 -12.04 -10.84 
 (1.13) (1.12) (1.09) (1.13) (1.12) (1.09) 
Meat 3.05 3.70 2.42 3.05 3.70 2.42 
 (0.4) (0.4) (0.38) (0.40) (0.40) (0.38) 
Num.Obs. 1542 1542 1542 1542 1542 1542 
R2 0.17 0.2 0.18 0.17 0.20 0.18 
F 40.10 46.33 42.44 40.10 46.33 42.44 

Notes: Table 2 reports a computational reproduction of Ammann et al. (2023) estimated using Ordinary Least 
Squares. The dependent variables measure trade-offs between animal welfare and (i) domestic food production, 
(ii) consumer food prices, and (iii) farmers’ income, scaled from 0 (complete preference for animal welfare) to 100 
(complete preference for the conflicting goal). All models include the same set of explanatory variables as in the 
original study. Standard errors are reported in parentheses. Coefficient magnitudes, signs, and standard errors 
closely match those reported in Ammann et al. (2023), with minor differences attributable to rounding. Sample 

size is constant across specifications. 
Source: own calculations 

The estimated models reveal similar correlation patterns across all three dependent variables. 
Ecological welfare is negatively correlated with all three outcomes, indicating that higher 
reported concern for environmental protection is associated with higher reported importance 
of animal welfare as an agricultural policy goal. Gender is also negatively correlated with the 
dependent variables, meaning that, on average, female respondents report higher importance 
of animal welfare than male respondents. 

Meat commitment shows a positive correlation with all three outcomes, suggesting that 
stronger agreement with statements supporting meat consumption is associated with lower 
reported importance of animal welfare relative to other policy objectives. Political orientation is 
positively correlated with the dependent variables, implying that respondents with more 
conservative views report lower importance of animal welfare. Perception of farmers, place of 
residence, education, and age also display positive correlations.  

In terms of reproducibility, the means of the variables, magnitudes of the coefficients, and 
standard errors are closely aligned with those reported in Ammann et al. (2023), up to 
rounding. The reproduced models confirm the main findings of Ammann et al. (2023): the 
direction and relative strength of correlations between demographic and attitudinal variables 
and the perceived importance of animal welfare remain consistent. 
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Given the central role of animal welfare in current debates on the future of European 
agricultural and food policy, where objectives such as food security, environmental protection, 
climate change mitigation, and farmers’ income must be balanced against consumer prices 
and ethical concerns, understanding these determinants is particularly important. The 
effectiveness of policy measures aimed at promoting sustainability in food consumption 
depends on public support and consumer preferences (Ammann et al., 2025).  

Against this background, these results indicate that preferences for animal welfare relative to 
other agricultural policy objectives are systematically related to sociodemographic 
characteristics. In addition, the strong and consistent associations with meat commitment and 
ecological welfare suggest that how individuals evaluate animal welfare is embedded in 
broader consumption-related attitudes and environmental orientations. At the same time, 
correlations with political orientation, perception of farmers, and place of residence point to the 
importance of social contexts and informal institutions such as norms and identities in shaping 
how policy trade-offs are perceived.  

To explore heterogeneity in these patterns descriptively, we plot the perception-of-farmers 
variable against the outcome variables (see Appendix Figure A5). The Figure show that the 
association between perception of farmers and the importance assigned to animal welfare 
varies across the distribution of the perception variable. In some ranges, changes in perception 
are associated with only modest shifts in the outcomes, while in others the change becomes 
substantially steeper. Moreover, the shape of this relationship differs across policy conflicts, 
with stronger patterns emerging when animal welfare is contrasted with farmers’ income than 
with food prices. However, these plots are descriptive and do not account for correlations 
between perception and other attitudinal or sociodemographic variables. The observed 
patterns may therefore reflect compositional effects rather than nonlinear relationships. This 
motivates the regression-based analysis that follows, where quadratic and higher-order 
polynomial terms are introduced within a multivariate framework that allows marginal effects 
to vary systematically while holding other factors constant. 

3.2 Results of Robustness Reproduction with ML 

We extend the baseline model by systematically including higher-order polynomial and 
interaction terms. This approach enables us to assess whether the main associations observed 
in the reproduction remain stable once model complexity is increased, while variable selection 
helps identify which of these new terms carry sufficient relevance. 

Table 3 reports the results from the robustness reproduction using regularized regression 
methods with theoretical heredity, estimated separately for the three trade-offs between animal 
welfare and competing agricultural policy objectives. Columns (1)-(4) present results for animal 
welfare versus domestic food production, columns (5)-(8) for animal welfare versus consumer 
food prices, and columns (9)-(12) for animal welfare versus farmers’ income. Within each 
block, we report estimates from ordinary least squares (OLS) without feature selection as a 
reference, LASSO (L), adaptive LASSO (AdL), and elastic net models (ENet), all evaluated at 
the penalty parameter minimizing cross-validated prediction error. In addition to the linear 
terms included in the original specification, the models allow for quadratic effects that are 
selected in a data-driven manner. Results are re-estimated in an unpenalized regression 
including only the variables selected (post-LASSO). For ordinal variables, the polynomial 
specification implicitly treats category codes as cardinal values with equal spacing between 
levels. The corresponding higher-order terms should therefore be interpreted with caution and 
viewed primarily as indicators of departures from linearity. Coefficients are reported with 
heteroskedasticity-robust standard errors, and model fit is summarized using in-sample and 
out-of-sample performance measures. Out-of-sample performance is reported for post-LASSO 
models applied to the test sample, following a 70/30 split of the data into training and test 
samples to assess generalization performance. Blank entries indicate that a particular term 
was not selected by the regularization procedure. Overall, the Table allows for a direct 
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comparison of coefficient stability, selected nonlinearities, and predictive performance across 
estimation methods and policy trade-offs. 

Table 3. Robustness reproduction with ML (post-LASSO OLS) 

 Animal welfare vs. domestic  
production Animal welfare vs. food prices Animal welfare vs. farmers’ 

income 
 OLS L AdL ENet OLS L AdL ENet OLS L AdL ENet 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
(Intercept) 90.68 89.84 102.07 89.84 89.04 89.75 108.57 89.04 107.89 107.89 112.31 107.89 
 (23.21) (19.83) (19.09) (19.83) (21.78) (19.31) (18.79) (21.78) (21.83) (21.83) (20.43) (21.83) 
Gender -4.16 -4.16 -4.01 -4.16 -3.81 -3.81 -3.67 -3.81 -3.20 -3.20 -3.15 -3.20 
 (1.55) (1.55) (1.55) (1.55) (1.58) (1.58) (1.57) (1.58) (1.50) (1.50) (1.49) (1.50) 
Age 0.66 0.66 0.07 0.66 0.88 0.88  0.88 0.18 0.18  0.18 
 (0.31) (0.31) (0.05) (0.31) (0.31) (0.31)  (0.31) (0.32) (0.32)  (0.32) 
Education -5.16 -5.16 -5.42 -5.16 -6.71 -6.72 -7.15 -6.71 -9.83 -9.83 -9.89 -9.83 
 (3.35) (3.35) (3.32) (3.35) (3.32) (3.32) (3.29) (3.32) (3.43) (3.43) (3.40) (3.43) 
Residence -8.23 -8.23 -8.21 -8.23 -2.21 -2.22 -2.25 -2.21 -9.75 -9.75 -9.74 -9.75 
 (3.33) (3.32) (3.33) (3.32) (3.40) (3.40) (3.40) (3.40) (3.27) (3.27) (3.26) (3.27) 
Political 0.04 0.04 0.07 0.04 0.00 0.00 0.09 0.00 0.07 0.07 0.06 0.07 
 (0.15) (0.15) (0.04) (0.15) (0.14) (0.14) (0.04) (0.14) (0.13) (0.13) (0.04) (0.13) 
Perception -17.68 -17.74 -18.10 -17.74 -14.05 -14.00 -14.74 -14.05 -8.86 -8.86 -8.93 -8.86 
 (6.18) (6.07) (6.15) (6.07) (5.97) (5.87) (6.10) (5.97) (5.95) (5.95) (6.05) (5.95) 
Ecological -11.52 -10.85 -10.75 -10.85 -12.01 -12.57 -12.36 -12.01 -22.58 -22.58 -22.70 -22.58 
 (10.04) (1.43) (1.42) (1.43) (9.14) (1.40) (1.40) (9.14) (8.87) (8.87) (8.85) (8.87) 
Meat 8.12 8.11 8.03 8.11 7.12 7.13 6.96 7.12 5.56 5.56 5.58 5.56 
 (2.05) (2.02) (2.00) (2.02) (1.99) (1.96) (1.96) (1.99) (1.98) (1.98) (1.95) (1.98) 
Age_sq -0.01 -0.01  -0.01 -0.01 -0.01  -0.01 -0.00 -0.00  -0.00 
 (0.00) (0.00)  (0.00) (0.00) (0.00)  (0.00) (0.00) (0.00)  (0.00) 
Education_sq 0.62 0.61 0.65 0.61 0.64 0.64 0.69 0.64 1.09 1.09 1.10 1.09 
 (0.35) (0.35) (0.35) (0.35) (0.35) (0.35) (0.35) (0.35) (0.35) (0.35) (0.35) (0.35) 
Residence_sq 1.43 1.43 1.42 1.43 0.62 0.62 0.62 0.62 1.71 1.71 1.70 1.71 
 (0.53) (0.53) (0.53) (0.53) (0.54) (0.54) (0.54) (0.54) (0.52) (0.52) (0.52) (0.52) 
Political_sq 0.00 0.00  0.00 0.00 0.00  0.00 -0.00 -0.00  -0.00 
 (0.00) (0.00)  (0.00) (0.00) (0.00)  (0.00) (0.00) (0.00)  (0.00) 
Perception_sq 2.15 2.16 2.19 2.16 1.52 1.51 1.58 1.52 1.50 1.50 1.51 1.50 
 (0.59) (0.58) (0.59) (0.58) (0.57) (0.56) (0.58) (0.57) (0.57) (0.57) (0.58) (0.57) 
Ecological_sq 0.11    -0.09   -0.09 1.91 1.91 1.94 1.91 
 (1.61)    (1.48)   (1.48) (1.43) (1.43) (1.43) (1.43) 
Meat_sq -0.76 -0.75 -0.75 -0.75 -0.50 -0.50 -0.48 -0.50 -0.51 -0.51 -0.52 -0.51 
 (0.26) (0.26) (0.26) (0.26) (0.26) (0.25) (0.25) (0.26) (0.25) (0.25) (0.25) (0.25) 
Num.Obs. 1079 1079 1079 1079 1079 1079 1079 1079 1079 1079 1079 1079 
R2 0.184 0.184 0.181 0.184 0.205 0.205 0.199 0.205 0.188 0.188 0.188 0.188 
R2 Adj. 0.173 0.173 0.172 0.173 0.194 0.195 0.191 0.194 0.176 0.176 0.178 0.176 
BIC 10012.1 10005.1 9994.8 10005.1 10037.1 10030.1 10017.2 10037.1 9949.5 9949.5 9928.9 9949.5 
F 16.881 18.089 20.690 18.089 21.418 22.942 27.347 21.418 16.984 16.984 20.939 16.984 
RMSE 23.70 23.70 23.74 23.70 23.98 23.98 24.07 23.98 23.02 23.02 23.03 23.02 
OOS R² 0.19 0.19 0.19 0.19 0.21 0.21 0.20 0.21 0.21 0.21 0.21 0.21 
OOS RMSE 24.74 24.74 24.73 24.74 23.97 23.96 24.02 23.97 23.77 23.77 23.76 23.77 

Notes: Table 3 reports results from the robustness reproduction using machine-learning-based feature selection 
followed by post-LASSO OLS estimation. Feature selection is conducted under theoretical heredity, with the 
regularization parameter set to the value that minimizes the cross-validation error (lamdba=min). All reported 

coefficients are post-selection OLS estimates with robust (HC1) standard errors in parentheses. Columns (1)-(4) 
present results for the trade-off between animal welfare and domestic food production, estimated using OLS, 

LASSO, adaptive LASSO, and elastic net (ENet), respectively. Columns (5)-(8) report the same model sequence 
for animal welfare versus consumer food prices, and Columns (9)-(12) for animal welfare versus farmers’ income. 

Empty cells indicate variables that are not selected by the respective feature-selection procedure. All models 
include main effects and higher-order terms as permitted by the heredity constraint. Model fit and performance 
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statistics reported include R², adjusted R², Akaike Information Criterion (AIC), Bayesian Information Criterion 
(BIC), log-likelihood, F-statistic, in-sample RMSE, and out-of-sample R² and RMSE. To ensure that differences 
across the classic LASSO, adaptive LASSO, and elastic net specifications are driven by the penalty structure 

rather than by random variation in cross-validation splits, all models are estimated using the same cross-
validation partitions. To avoid information leakage between stage I and stage II, different partitions are used. This 
is implemented by fixing the fold assignments (foldid). Following recommendation by Hawinkel et al. (2024) about 
the use of out-of-sample R2, we compare the squared error of the test set to the baseline training data, to obtain 

more robustness to differences between training and test sets.  
Source: own calculation 

All main effects are selected across models, with the exception of age in animal welfare vs. 
food prices and animal welfare vs. farmers’ income under AdL. Among quadratic terms, 
education, residence, perception of farmers, and meat commitment are consistently selected, 
providing clear evidence of nonlinear effects. By contrast, age and political orientation are 
either not selected or have post-LASSO coefficients close to zero. Ecological welfare is not 
selected for animal welfare vs. production and only weakly for animal welfare vs. food prices, 
but remains relevant for animal welfare vs. farmers’ income. AdL produces the sparsest 
models, while LASSO and elastic net yield nearly identical selections and estimates. Model fit 
improves relative to the exact replication, with higher R-squared, lower BIC, and comparable 
out-of-sample performance. 

To verify further the stability of these results to modelling choice, we conduct several 
robustness checks. Imposing ad hoc heredity (see Table 4 in the Appendix) leads to very 
similar conclusions. Education, residence, perception, and meat commitment remain robustly 
selected in both levels and quadratic terms, while age, political orientation, and ecological 
welfare are largely excluded or shrunk near zero. Model performance metrics are nearly 
unchanged, confirming the validity of the two-stage approach. 

Using a stronger penalty (see Table 5 in the Appendix) yields sparser models that facilitate 
interpretation but at the cost of potentially omitted variables. Socio-demographic variables are 
frequently dropped, whereas attitudinal variables, especially ecological welfare, perception, 
and meat commitment, remain central. Nonlinear patterns persist for these variables, with 
ecological welfare and meat commitment showing curvature consistent with diminishing or 
changing marginal effects.  

Reducing cross-validation folds (see Table 6 in the Appendix) or changing the random seed 
(see Table 7 in the Appendix) does not materially alter the results. Age and political orientation 
remain weak or linear, while education, residence, perception, and meat commitment continue 
to exhibit nonlinearities. Ecological welfare shows heterogeneous nonlinear patterns across 
outcomes, a finding already present in the main results. Overall, these checks confirm that the 
findings are not driven by tuning choices. 

Allowing for cubic terms (see Table 8 in the Appendix) yields only limited additional structure, 
with few cubic terms selected. Interaction models (see Table 9 in the Appendix) identify several 
stable moderating effects, most notably involving gender and education, but the majority of 
interactions are not selected, indicating that higher-order complexity plays a secondary role. 
In summary, the results are robust across model variants, penalty choices, and tuning 
parameters.  

To visualize the results, Figure 1 displays marginal effects for the conflict between animal 
welfare and domestic food production for LASSO feature selection (column 2). The Figure 
contrasts the linear OLS coefficients with marginal effects derived from the quadratic 
specification, evaluated at the 25th percentile, the sample mean, and the 75th percentile of 
each explanatory variable. This presentation allows us to assess whether allowing for 
nonlinear functional forms alters the magnitude or direction of effects across the distribution of 
key covariates. Corresponding Figures for the other two outcomes are reported in Appendix. 
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Figure 1. Estimated marginal effects for animal welfare vs. domestic food production  

(quadratic specification) 

Note: estimated marginal effects for the conflict between animal welfare and domestic food 
production. Bars labeled B report the baseline linear OLS coefficients (dark). The remaining bars 

show marginal effects from the quadratic specification evaluated at the 25th percentile, the sample 
mean, and the 75th percentile of each explanatory variable. Marginal effects for nonlinear variables 

are computed as 𝛽𝛽1,𝑝𝑝 + 2𝛽𝛽2,𝑝𝑝𝑥𝑥𝑖𝑖𝑖𝑖. For ordinal variables, marginal effects should be interpreted  
with caution. 

Source: own representation 

Figure 1 shows that the marginal effects evaluated at the sample mean closely match the 
original OLS coefficients in most cases, indicating that the linear specification captures the 
average correlation structure in the data well. This alignment provides reassurance that the 
main findings of the original study are not driven by misspecification at the center of the 
covariate distribution. At the same time, the Figure reveals meaningful heterogeneity across 
the distribution for several key variables, highlighting where nonlinearities matter. 

The most pronounced nonlinear patterns emerge for attitudinal variables. For perception of 
farmers, the marginal effect becomes increasingly positive at higher values, suggesting that 
respondents with very favorable views of farmers place substantially less importance on animal 
welfare relative to domestic food production. In contrast, ecological welfare exhibits 
consistently strong negative marginal effects across the distribution, with little variation 
between percentiles, indicating a stable and robust association. Despite being selected, the 
quadratic ecological term is small compared to its main effect. Meat commitment shows a 
declining marginal effect as commitment increases, consistent with diminishing marginal 
impacts at higher levels of meat commitment. By comparison, age and political orientation 
display near-zero marginal effects across all percentiles, reinforcing the interpretation that their 
relationships are largely linear and weak. 

Overall, the Figure illustrates how the ML-based robustness workflow complements the original 
linear analysis: while the average effects remain stable, nonlinear specifications reveal 
distributional heterogeneity that is obscured in a linear framework. From a policy perspective, 
this suggests that attitudes, rather than socio-demographic characteristics, drive heterogeneity 
in how animal welfare trade-offs are perceived. While age and political orientation exhibit 
marginal effects close to zero across the distribution, education and residential context show 
clear distributional shifts, indicating that average effects mask important variation within the 
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category. The reversal in the sign of marginal effects for education and residence suggests 
that individuals at different points of these distributions may respond very differently to policy 
trade-offs involving animal welfare and domestic food production. 

The presence of sign changes in marginal effects across the distribution should not be 
interpreted as instability of the original results, but rather as evidence of heterogeneous and 
non-monotonic associations. Importantly, these shifts occur primarily for attitudinal variables 
such as education, perception of farmers, and meat commitment, while the average marginal 
effects remain closely aligned with the original linear estimates.  

 
Figure 2. Estimated marginal effects for the conflict between animal welfare and  

domestic food production (cubic specification) 

Note: bars labeled B report the baseline linear OLS coefficients (dark). The remaining bars show 
marginal effects from the cubic specification evaluated at the 25th percentile, the sample mean, and 

the 75th percentile of each explanatory variable. Marginal effects for nonlinear variables are 
computed as 𝛽𝛽1,𝑝𝑝 + 2𝛽𝛽2,𝑝𝑝𝑥𝑥𝑖𝑖𝑖𝑖 + 3𝛽𝛽3,𝑝𝑝𝑥𝑥𝑖𝑖𝑖𝑖2 . For ordinal variables, marginal effects should be interpreted 

with caution. 
Source: own representation 

Allowing for cubic terms (Figure 2) refines, but does not fundamentally alter, the patterns 
identified in the quadratic specification. For most covariates, the marginal effects evaluated at 
the sample mean remain close to the original linear OLS estimates, indicating that the baseline 
model captures average associations reasonably well. However, at the lower and upper ends 
of the distribution, several variables exhibit more pronounced curvature. In particular, 
perception of farmers shows increasing divergence across percentiles, suggesting that the 
strength of these associations intensifies for respondents with more extreme values. 

As shown in the Figures in the Appendix, across outcomes animal welfare vs. consumer food 
prices and animal welfare vs. farmers’ income, the quadratic and cubic specifications largely 
preserve the qualitative patterns found in the linear models, while revealing meaningful 
heterogeneity in magnitudes across the distribution. In both outcomes, meat commitment 
remains positively associated with placing less weight on animal welfare at higher levels, 
consistent with diminishing marginal impacts at stronger commitment levels. Ecological welfare 
shows a strong and consistently negative association, but with nonlinear gradients: the 
negative marginal effect is largest around the mean and weakens toward the upper tail, 
especially for animal welfare vs. farmers’ income, indicating that additional ecological concern 
matters most for respondents with moderate baseline concern. Allowing for cubic terms does 



Bittmann and Maruejols | Ger J Agr Econ 75 (2026) 

16 

not fundamentally alter these conclusions but sharpens distributional differences, particularly 
for education, residence, and perception of farmers, where marginal effects switch sign or 
increase sharply at higher percentiles. Age plays a minor role, challenging common narratives 
about generational differences in food preferences (Makowska et al., 2024). 

In line with the existing literature (e.g., Ammann et al., 2025; El Benni et al., 2024), we find 
clear differences across attitudinal and sociodemographic categories. Beyond these well-
documented between-group differences, our findings add a further dimension to the literature: 
individuals who deviate more strongly from the sample average along key attitudinal 
dimensions, such as meat commitment, ecological welfare, or perception of farmers, may 
exhibit systematically different evaluation patterns when balancing competing agricultural 
policy objectives. This within-category heterogeneity suggests that average effects may mask 
important variation in how policy trade-offs are perceived, a consideration that is relevant both 
for empirical research design and for the formulation of targeted and effective agricultural policy 
measures. For example, broader societal changes associated with urban and consumer-
oriented lifestyles, such as declining engagement with conventional politics, increasing social 
fragmentation, and a stronger emphasis on identity-based preferences (Damm, 2007), may 
amplify differences within otherwise similar groups, leading individuals to evaluate agricultural 
policy trade-offs, including animal welfare, in markedly different ways. 

From a methodological perspective, these patterns underscore the value of the robustness 
reproduction approach adopted in this study. Allowing for nonlinear functional forms does not 
overturn the substantive conclusions of the original analysis but refines them by identifying 
where marginal effects intensify, weaken, or change sign across the covariate distribution. The 
results demonstrate how a ML-assisted workflow can complement traditional econometric 
analysis by revealing meaningful heterogeneity while preserving transparency and 
interpretability. 

4 Conclusion 

Consumer perception of animal welfare represent an agricultural policy objective that often 
conflicts with goals such as domestic food production, farmers’ income, and consumer prices. 
This study reproduced Ammann et al. (2023), “Consumers’ meat commitment and the 
importance of animal welfare as an agricultural policy goal.” The original analysis relied on a 
correlation framework with a linear functional form. The assumption of linearity is generally 
appropriate for avoiding data mining and p-value manipulation, and an a priori specification of 
a linear model combined with a transparent estimation strategy remains good practice in 
applied research. 

This study demonstrated a simple and transparent approach to robustness reproduction by 
applying ML techniques to the data of an empirical study. The approach illustrates how ML-
based variable selection can be used to test the sensitivity of previously published results to 
model specification. In summary, the findings show that the original study is reproducible using 
the same data. Second, the robustness reproduction, incorporating variable selection, 
uncovers nonlinearities in the functional form, though the improvement in explanatory power 
is limited. 

These findings are important for agricultural stakeholders and policymakers with respect to 
production decisions, consumer communication strategies, and the design of policies aimed 
at a sustainable transformation of the food system. They indicate that the priority consumers 
assign to animal welfare varies not only across key attitudinal dimensions, such as ecological 
welfare, perception of farmers, and meat commitment, but also systematically within these 
categories. In particular, consumers who deviate strongly from the average in their perception 
of farmers, ecological orientations, or commitment to meat consumption may respond very 
differently to policy trade-offs involving animal welfare. Recognizing this heterogeneity is 
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crucial for designing effective policy instruments and communication strategies, as measures 
that resonate with average consumers may fail to reach specific groups that are central to the 
political feasibility and societal acceptance of animal welfare-related reforms. This is 
particularly important in light of broader societal changes associated with increasing social 
fragmentation (Damm, 2007), which may amplify differences within otherwise similar groups 
and lead individuals to evaluate agricultural policy trade-offs in increasingly different ways. 

Applying ML for data-driven variable selection allowed us to refine the main results, detecting 
meaningful heterogeneity in the strength of associations, while maintaining transparency and 
mitigating concerns about overfitting and generalizability. This approach is particularly valuable 
for reproducibility and robustness reproduction studies but can also be applied more broadly 
in empirical research, providing a systematic means of exploring alternative functional forms. 
Furthermore, the approach illustrates how to conduct feature selection that ensures heredity 
principles. However, the findings should be interpreted in light of the inherent limitations of 
standard ML techniques as predictive tools. While ML can identify potential nonlinearities, it 
does not establish causal mechanisms or theoretical relevance. Moreover, the selected 
transformations are data-driven and may not always align with behavioral or economic theory. 
Thus, ML-based results should be viewed as complementary to, rather than substitutes for, 
theory-driven modeling. Insights from ML can guide the refinement of econometric 
specifications by highlighting relationships that warrant further theoretical or empirical 
investigation. 

Future research could extend this work in several directions. A natural next step would be to 
conduct replication and reproduction studies that integrate ML-driven variable selection within 
a causal framework, for example using double-selection methods. Additional work could 
explore the robustness across countries and policy contexts, testing the external validity of the 
detected patterns. Cross-country comparisons may reveal whether consumer attitudes toward 
animal welfare are culturally contingent or reflect more general behavioral regularities. 
Moreover, future studies could examine how alternative ML algorithms influence the detection 
and interpretation of nonlinear relationships, thereby improving our understanding of the role 
of data-driven methods in applied agricultural economics. 
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Appendix  

 

 
Figure A1. Estimated marginal effects for animal welfare vs. consumer food prices  

(quadratic specification) 

Estimated marginal effects for the conflict between animal welfare and consumer food prices. Bars 
labeled B report the baseline linear OLS coefficients (dark). The remaining bars show marginal 

effects from the quadratic specification evaluated at the 25th percentile, the sample mean, and the 
75th percentile of each explanatory variable. Marginal effects for nonlinear variables are computed 

as 𝛽𝛽1,𝑝𝑝 + 2𝛽𝛽2,𝑝𝑝𝑥𝑥𝑖𝑖𝑖𝑖. For ordinal variables, marginal effects should be interpreted with caution. 
Source: own calculations 
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Figure A2. Estimated marginal effects for animal welfare vs. farmers’ income  

(quadratic specification) 

Estimated marginal effects for the conflict between animal welfare and farmers income. Bars  
labeled B report the baseline linear OLS coefficients (dark). The remaining bars show marginal 

effects from the quadratic specification evaluated at the 25th percentile, the sample mean, and the 
75th percentile of each explanatory variable. Marginal effects for nonlinear variables are computed 

as 𝛽𝛽1,𝑝𝑝 + 2𝛽𝛽2,𝑝𝑝𝑥𝑥𝑖𝑖𝑖𝑖. For ordinal variables, marginal effects should be interpreted with caution. 
Source: own representation 

 

 
Figure A3. Estimated marginal effects for animal welfare vs. consumer food prices  

(cubic specification) 

Bars labeled B report the baseline linear OLS coefficients (dark). The remaining bars show marginal 
effects from the cubic specification evaluated at the 25th percentile, the sample mean, and the 75th 

percentile of each explanatory variable. Marginal effects for nonlinear variables are computed as 
𝛽𝛽1,𝑝𝑝 + 2𝛽𝛽2,𝑝𝑝𝑥𝑥𝑖𝑖𝑖𝑖 + 3𝛽𝛽3,𝑝𝑝𝑥𝑥𝑖𝑖𝑖𝑖2 . For ordinal variables, marginal effects should be interpreted with caution. 

Source: own representation 



Bittmann and Maruejols | Ger J Agr Econ 75 (2026) 

23 

 
Figure A4. Estimated marginal effects for animal welfare vs. farmers’ income  

(cubic specification) 

Bars labeled B report the baseline linear OLS coefficients (dark). The remaining bars show marginal 
effects from the cubic specification evaluated at the 25th percentile, the sample mean, and the 75th 

percentile of each explanatory variable. Marginal effects for nonlinear variables are computed as 
𝛽𝛽1,𝑝𝑝 + 2𝛽𝛽2,𝑝𝑝𝑥𝑥𝑖𝑖𝑖𝑖 + 3𝛽𝛽3,𝑝𝑝𝑥𝑥𝑖𝑖𝑖𝑖2 . For ordinal variables, marginal effects should be interpreted with caution. 

Source: own representation  

 

 
Figure A5. Perception of farmers and animal welfare trade-offs 

Mean values of the reported importance assigned to animal welfare across alternative bins of the 
perception-of-farmers variable, shown separately for the three policy conflicts: animal welfare 

versus domestic production, consumer food prices, and farmers’ income. Bars report unadjusted 
sample means within each bin. Different binning schemes are used to illustrate how the association 

between perception of farmers and animal welfare varies across the distribution.  
Source: own representation 
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Table 4. Ad Hoc Heredity 

 Animal welfare vs. domestic  
production Animal welfare vs. food prices Animal welfare vs. farmers’ income 

 OLS L AdL ENet OLS L AdL ENet OLS L AdL ENet 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
(Intercept) 90.68 89.84 102.07 89.84 89.04 89.75 88.44 89.75 107.89 111.72 111.72 107.97 
 (23.21) (19.83) (19.09) (19.83) (21.78) (19.31) (21.79) (19.31) (21.83) (20.80) (20.80) (21.65) 
Gender -4.16 -4.16 -4.01 -4.16 -3.81 -3.81 -3.90 -3.81 -3.20 -3.14 -3.14 -3.19 
 (1.55) (1.55) (1.55) (1.55) (1.58) (1.58) (1.59) (1.58) (1.50) (1.49) (1.49) (1.50) 
Age 0.66 0.66 0.07 0.66 0.88 0.88 0.89 0.88 0.18 0.01 0.01 0.18 
 (0.31) (0.31) (0.05) (0.31) (0.31) (0.31) (0.31) (0.31) (0.32) (0.05) (0.05) (0.32) 
Education -5.16 -5.16 -5.42 -5.16 -6.71 -6.72 -6.79 -6.72 -9.83 -9.88 -9.88 -9.82 
 (3.35) (3.35) (3.32) (3.35) (3.32) (3.32) (3.31) (3.32) (3.43) (3.41) (3.41) (3.43) 
Residence -8.23 -8.23 -8.21 -8.23 -2.21 -2.22 -2.30 -2.22 -9.75 -9.72 -9.72 -9.74 
 (3.33) (3.32) (3.33) (3.32) (3.40) (3.40) (3.40) (3.40) (3.27) (3.26) (3.26) (3.27) 
Political 0.04 0.04 0.07 0.04 0.00 0.00 0.08 0.00 0.07 0.06 0.06 0.06 
 (0.15) (0.15) (0.04) (0.15) (0.14) (0.14) (0.04) (0.14) (0.13) (0.04) (0.04) (0.04) 
Perception -17.68 -17.74 -18.10 -17.74 -14.05 -14.00 -14.32 -14.00 -8.86 -8.89 -8.89 -8.82 
 (6.18) (6.07) (6.15) (6.07) (5.97) (5.87) (6.05) (5.87) (5.95) (6.04) (6.04) (6.01) 
Ecological -11.52 -10.85 -10.75 -10.85 -12.01 -12.57 -11.92 -12.57 -22.58 -22.66 -22.66 -22.60 
 (10.04) (1.43) (1.42) (1.43) (9.14) (1.40) (9.17) (1.40) (8.87) (8.87) (8.87) (8.87) 
Meat 8.12 8.11 8.03 8.11 7.12 7.13 6.97 7.13 5.56 5.57 5.57 5.58 
 (2.05) (2.02) (2.00) (2.02) (1.99) (1.96) (1.98) (1.96) (1.98) (1.95) (1.95) (1.95) 
Age_sq -0.01 -0.01  -0.01 -0.01 -0.01 -0.01 -0.01 -0.00   -0.00 
 (0.00) (0.00)  (0.00) (0.00) (0.00) (0.00) (0.00) (0.00)   (0.00) 
Education_sq 0.62 0.61 0.65 0.61 0.64 0.64 0.65 0.64 1.09 1.10 1.10 1.09 
 (0.35) (0.35) (0.35) (0.35) (0.35) (0.35) (0.35) (0.35) (0.35) (0.35) (0.35) (0.35) 
Residence_sq 1.43 1.43 1.42 1.43 0.62 0.62 0.64 0.62 1.71 1.70 1.70 1.71 
 (0.53) (0.53) (0.53) (0.53) (0.54) (0.54) (0.54) (0.54) (0.52) (0.52) (0.52) (0.52) 
Political_sq 0.00 0.00  0.00 0.00 0.00  0.00 -0.00    
 (0.00) (0.00)  (0.00) (0.00) (0.00)  (0.00) (0.00)    
Perception_sq 2.15 2.16 2.19 2.16 1.52 1.51 1.54 1.51 1.50 1.50 1.50 1.50 
 (0.59) (0.58) (0.59) (0.58) (0.57) (0.56) (0.58) (0.56) (0.57) (0.58) (0.58) (0.58) 
Ecological_sq 0.11    -0.09  -0.10  1.91 1.93 1.93 1.91 
 (1.61)    (1.48)  (1.48)  (1.43) (1.43) (1.43) (1.43) 
Meat_sq -0.76 -0.75 -0.75 -0.75 -0.50 -0.50 -0.48 -0.50 -0.51 -0.52 -0.52 -0.52 
 (0.26) (0.26) (0.26) (0.26) (0.26) (0.25) (0.26) (0.25) (0.25) (0.25) (0.25) (0.25) 
Num.Obs. 1079 1079 1079 1079 1079 1079 1079 1079 1079 1079 1079 1079 
R2 0.184 0.184 0.181 0.184 0.205 0.205 0.205 0.205 0.188 0.188 0.188 0.188 
R2 Adj. 0.173 0.173 0.172 0.173 0.194 0.195 0.195 0.195 0.176 0.178 0.178 0.177 
BIC 10012.1 10005.1 9994.8 10005.1 10037.1 10030.1 10030.5 10030.1 9949.5 9935.9 9935.9 9942.5 
F 16.881 18.089 20.690 18.089 21.418 22.942 22.769 22.942 16.984 19.421 19.421 18.047 
RMSE 23.70 23.70 23.74 23.70 23.98 23.98 23.98 23.98 23.02 23.03 23.03 23.02 
OOS R² 0.19 0.19 0.19 0.19 0.21 0.21 0.21 0.21 0.21 0.21 0.21 0.21 
OOS RMSE 24.74 24.74 24.73 24.74 23.97 23.96 23.98 23.96 23.77 23.76 23.76 23.77 

Notes: Table 4 reports results from the robustness reproduction using machine-learning-based feature selection with ad hoc 
heredity, followed by post-LASSO OLS estimation. Hierarchy is imposed by assigning a penalty weight of zero to all main effects 

from the original study, while higher-order terms remain subject to regularization. The use of differential penalty weights is 
standard in adaptive LASSO frameworks (Zou, 2006) and is supported by common software implementations (e.g., 

penalty.factor = 0 in glmnet; Friedman et al., 2021). While forcing zero penalties deviates from the oracle-weight construction of 
Zou (2006), it enhances practical interpretability and comparability with the original specification. The regularization parameter is 

set to the value that minimizes cross-validation error (λ = min). All reported coefficients are post-selection OLS estimates with 
robust (HC1) standard errors in parentheses. Columns (1)-(4) present results for the trade-off between animal welfare and 
domestic food production, estimated using OLS, 1-stage-LASSO, adaptive LASSO, and elastic net (ENet), respectively. 

Columns (5)-(8) report the same model sequence for animal welfare versus consumer food prices, and Columns (9)-(12) for 
animal welfare versus farmers’ income. Empty cells indicate higher-order terms not selected by the respective feature-selection 
procedure. All models include all main effects by construction and only those nonlinear terms retained after penalization. Model 
fit and performance statistics reported at the bottom of the table include the coefficient of determination (R²), adjusted R², Akaike 

Information Criterion (AIC), Bayesian Information Criterion (BIC), log-likelihood, F-statistic, in-sample root mean squared error 
(RMSE), and oacut-of-sample R² and RMSE based on cross-validation. 

Source: own calculation 
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Table 5. Robustness check with stronger penalty 

 Animal welfare vs. domestic  
production Animal welfare vs. food prices Animal welfare vs. farmers’ income 

 OLS L AdL ENet OLS L AdL ENet OLS L AdL ENet 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
(Intercept) 90.68 35.42 39.37 53.65 89.04 58.25 65.39 66.48 107.89 29.64 38.11 90.66 
 (23.21) (6.76) (6.40) (16.19) (21.78) (5.59) (5.13) (14.12) (21.83) (6.32) (6.12) (19.70) 
Gender -4.16 -4.74 -4.89 -4.63 -3.81  -3.61  -3.20    
 (1.55) (1.54) (1.54) (1.54) (1.58)  (1.56)  (1.50)    
Age 0.66    0.88    0.18    
 (0.31)    (0.31)    (0.32)    
Education -5.16    -6.71    -9.83    
 (3.35)    (3.32)    (3.43)    
Residence -8.23    -2.21    -9.75    
 (3.33)    (3.40)    (3.27)    
Political 0.04 0.08  0.03 0.00 0.10  -0.04 0.07    
 (0.15) (0.04)  (0.15) (0.14) (0.04)  (0.15) (0.13)    
Perception -17.68 4.66 4.73  -14.05    -8.86 6.76 7.75 -10.75 
 (6.18) (0.91) (0.91)  (5.97)    (5.95) (0.87) (0.85) (6.60) 
Ecological -11.52 -10.26 -10.56 -13.95 -12.01 -11.61 -11.76 -18.72 -22.58 -10.78 -12.36 -21.43 
 (10.04) (1.42) (1.40) (10.02) (9.14) (1.33) (1.32) (8.87) (8.87) (1.34) (1.31) (8.91) 
Meat 8.12 2.50 2.78 2.43 7.12 3.92 4.05 7.15 5.56 2.29  2.14 
 (2.05) (0.49) (0.48) (0.48) (1.99) (0.46) (0.47) (2.01) (1.98) (0.46)  (0.46) 
Age_sq -0.01    -0.01    -0.00    
 (0.00)    (0.00)    (0.00)    
Education_sq 0.62    0.64    1.09    
 (0.35)    (0.35)    (0.35)    
Residence_sq 1.43    0.62    1.71    
 (0.53)    (0.54)    (0.52)    
Political_sq 0.00   0.00 0.00   0.00 -0.00    
 (0.00)   (0.00) (0.00)   (0.00) (0.00)    
Perception_sq 2.15   0.48 1.52    1.50   1.69 
 (0.59)   (0.09) (0.57)    (0.57)   (0.63) 
Ecological_sq 0.11   0.54 -0.09   1.19 1.91   1.63 
 (1.61)   (1.59) (1.48)   (1.44) (1.43)   (1.43) 
Meat_sq -0.76    -0.50   -0.43 -0.51    
 (0.26)    (0.26)   (0.26) (0.25)    
Num.Obs. 1079 1079 1079 1079 1079 1079 1079 1079 1079 1079 1079 1079 
R2 0.184 0.150 0.146 0.155 0.205 0.174 0.172 0.177 0.188 0.148 0.126 0.158 
R2 Adj. 0.173 0.146 0.142 0.150 0.194 0.172 0.170 0.173 0.176 0.146 0.124 0.154 
AIC 9927.4 9951.6 9955.2 9949.2 9952.3 9970.0 9972.5 9972.0 9864.8 9892.5 9918.3 9883.5 
F 16.881 39.630 48.429 29.209 21.418 79.155 83.004 41.268 16.984 63.446 77.125 40.573 
RMSE 23.70 24.19 24.26 24.12 23.98 24.45 24.47 24.40 23.02 23.58 23.89 23.44 
OOS R² 0.19 0.20 0.19 0.20 0.21 0.20 0.19 0.20 0.21 0.22 0.17 0.20 
OOS RMSE 24.74 24.58 24.78 24.67 23.97 24.13 24.15 24.07 23.77 23.61 24.35 23.82 

Notes: Table 5 reports results from the robustness reproduction using machine-learning-based feature selection under 
theoretical heredity, with the regularization parameter set to the largest value within one standard error of the minimum cross-

validation error (λ = 1se). This choice imposes a stronger penalty than λ = min, yielding more parsimonious models that prioritize 
interpretability over predictive optimality. All reported coefficients are post-selection OLS estimates with robust (HC1) standard 
errors in parentheses. Columns (1)-(4) present results for the trade-off between animal welfare and domestic food production, 
estimated using OLS, LASSO, adaptive LASSO, and elastic net (ENet), respectively. Columns (5)-(8) report the same model 
sequence for animal welfare versus consumer food prices, and Columns (9)-(12) for animal welfare versus farmers’ income. 

Empty cells indicate variables not selected by the respective feature-selection procedure. Model fit and performance statistics 
reported include R², adjusted R², AIC, BIC, log-likelihood, F-statistic, in-sample RMSE, and out-of-sample R² and RMSE. 

Differences relative to Table 3 highlight the sensitivity of variable selection and coefficient estimates to stronger regularization. 
Sources: own calculations 
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Table 6. Robustness check: 5-fold cross validation (instead of 10) 

 Animal welfare vs. domestic 
production Animal welfare vs. food prices Animal welfare vs. farmers’ income 

 OLS L AdL ENet OLS L AdL ENet OLS L AdL ENet 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
(Intercept) 90.68 89.84 103.27 89.84 89.04 89.75 108.57 89.08 107.89 107.89 112.31 107.97 
 (23.21) (19.83) (22.23) (19.83) (21.78) (19.31) (18.79) (21.62) (21.83) (21.83) (20.43) (21.65) 
Gender -4.16 -4.16 -4.01 -4.16 -3.81 -3.81 -3.67 -3.81 -3.20 -3.20 -3.15 -3.19 
 (1.55) (1.55) (1.55) (1.55) (1.58) (1.58) (1.57) (1.59) (1.50) (1.50) (1.49) (1.50) 
Age 0.66 0.66 0.07 0.66 0.88 0.88  0.88 0.18 0.18  0.18 
 (0.31) (0.31) (0.05) (0.31) (0.31) (0.31)  (0.31) (0.32) (0.32)  (0.32) 
Education -5.16 -5.16 -5.42 -5.16 -6.71 -6.72 -7.15 -6.71 -9.83 -9.83 -9.89 -9.82 
 (3.35) (3.35) (3.32) (3.35) (3.32) (3.32) (3.29) (3.31) (3.43) (3.43) (3.40) (3.43) 
Residence -8.23 -8.23 -8.21 -8.23 -2.21 -2.22 -2.25 -2.21 -9.75 -9.75 -9.74 -9.74 
 (3.33) (3.32) (3.33) (3.32) (3.40) (3.40) (3.40) (3.40) (3.27) (3.27) (3.26) (3.27) 
Political 0.04 0.04 0.07 0.04 0.00 0.00 0.09  0.07 0.07 0.06 0.06 
 (0.15) (0.15) (0.04) (0.15) (0.14) (0.14) (0.04)  (0.13) (0.13) (0.04) (0.04) 
Perception -17.68 -17.74 -18.02 -17.74 -14.05 -14.00 -14.74 -14.05 -8.86 -8.86 -8.93 -8.82 
 (6.18) (6.07) (6.27) (6.07) (5.97) (5.87) (6.10) (5.99) (5.95) (5.95) (6.05) (6.01) 
Ecological -11.52 -10.85 -11.70 -10.85 -12.01 -12.57 -12.36 -12.01 -22.58 -22.58 -22.70 -22.60 
 (10.04) (1.43) (10.01) (1.43) (9.14) (1.40) (1.40) (9.14) (8.87) (8.87) (8.85) (8.87) 
Meat 8.12 8.11 8.06 8.11 7.12 7.13 6.96 7.12 5.56 5.56 5.58 5.58 
 (2.05) (2.02) (2.03) (2.02) (1.99) (1.96) (1.96) (1.98) (1.98) (1.98) (1.95) (1.95) 
Age_sq -0.01 -0.01  -0.01 -0.01 -0.01  -0.01 -0.00 -0.00  -0.00 
 (0.00) (0.00)  (0.00) (0.00) (0.00)  (0.00) (0.00) (0.00)  (0.00) 
Education_sq 0.62 0.61 0.65 0.61 0.64 0.64 0.69 0.64 1.09 1.09 1.10 1.09 
 (0.35) (0.35) (0.35) (0.35) (0.35) (0.35) (0.35) (0.35) (0.35) (0.35) (0.35) (0.35) 
Residence_sq 1.43 1.43 1.42 1.43 0.62 0.62 0.62 0.62 1.71 1.71 1.70 1.71 
 (0.53) (0.53) (0.53) (0.53) (0.54) (0.54) (0.54) (0.54) (0.52) (0.52) (0.52) (0.52) 
Political_sq 0.00 0.00  0.00 0.00 0.00  0.00 -0.00 -0.00   
 (0.00) (0.00)  (0.00) (0.00) (0.00)  (0.00) (0.00) (0.00)   
Perception_sq 2.15 2.16 2.18 2.16 1.52 1.51 1.58 1.52 1.50 1.50 1.51 1.50 
 (0.59) (0.58) (0.60) (0.58) (0.57) (0.56) (0.58) (0.58) (0.57) (0.57) (0.58) (0.58) 
Ecological_sq 0.11  0.16  -0.09   -0.09 1.91 1.91 1.94 1.91 
 (1.61)  (1.60)  (1.48)   (1.48) (1.43) (1.43) (1.43) (1.43) 
Meat_sq -0.76 -0.75 -0.75 -0.75 -0.50 -0.50 -0.48 -0.50 -0.51 -0.51 -0.52 -0.52 
 (0.26) (0.26) (0.26) (0.26) (0.26) (0.25) (0.25) (0.26) (0.25) (0.25) (0.25) (0.25) 
Num.Obs. 1079 1079 1079 1079 1079 1079 1079 1079 1079 1079 1079 1079 
R2 0.184 0.184 0.181 0.184 0.205 0.205 0.199 0.205 0.188 0.188 0.188 0.188 
R2 Adj. 0.173 0.173 0.171 0.173 0.194 0.195 0.191 0.195 0.176 0.176 0.178 0.177 
BIC 10012.1 10005.1 10001.8 10005.1 10037.1 10030.1 10017.2 10030.1 9949.5 9949.5 9928.9 9942.5 
F 16.881 18.089 19.102 18.089 21.418 22.942 27.347 22.722 16.984 16.984 20.939 18.047 
RMSE 23.70 23.70 23.74 23.70 23.98 23.98 24.07 23.98 23.02 23.02 23.03 23.02 
OOS R² 0.19 0.19 0.19 0.19 0.21 0.21 0.20 0.21 0.21 0.21 0.21 0.21 
OOS RMSE 24.74 24.74 24.73 24.74 23.97 23.96 24.02 23.97 23.77 23.77 23.76 23.77 

Notes: Table 6 reports results from the robustness reproduction using machine-learning-based feature selection under 
theoretical heredity, with the regularization parameter set to the value that minimizes cross-validation error (λ = min), using 5-

fold cross-validation instead of the 10-fold procedure employed in the main analysis. This check assesses the sensitivity of 
feature selection and estimated effects to the choice of cross-validation scheme. All reported coefficients are post-selection OLS 

estimates with robust (HC1) standard errors in parentheses. Columns (1)-(4) present results for the trade-off between animal 
welfare and domestic food production, estimated using OLS, LASSO, adaptive LASSO, and elastic net (ENet), respectively. 
Columns (5)-(8) report the same model sequence for animal welfare versus consumer food prices, and Columns (9)-(12) for 

animal welfare versus farmers’ income. Empty cells indicate variables not selected by the respective feature-selection 
procedure. Model fit and performance statistics reported include R², adjusted R², Akaike Information Criterion (AIC), Bayesian 

Information Criterion (BIC), log-likelihood, F-statistic, in-sample RMSE, and out-of-sample R² and RMSE. 
Source: own calculations 
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Table 7. Robustness check: seed = 999 (instead of 123) 

 Animal welfare vs. domestic  
production Animal welfare vs. food prices Animal welfare vs. farmers’ income 

 OLS L AdL ENet OLS L AdL ENet OLS L AdL ENet 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
(Intercept) 67.76 62.64 74.97 62.70 76.21 69.11 86.77 69.11 71.21 61.26 56.64 53.35 
 (22.13) (17.90) (20.15) (18.01) (20.05) (19.23) (18.41) (19.23) (21.76) (18.15) (19.34) (17.13) 
Gender -3.97 -4.00 -3.85 -3.99 -3.20 -3.07 -3.08 -3.07 -3.11 -2.99 -3.35 -3.05 
 (1.54) (1.53) (1.53) (1.53) (1.55) (1.54) (1.54) (1.54) (1.49) (1.50) (1.49) (1.50) 
Age 0.65 0.65 0.07 0.65 0.81 0.84  0.84 0.32 0.28  0.05 
 (0.32) (0.32) (0.05) (0.32) (0.30) (0.30)  (0.30) (0.32) (0.32)  (0.05) 
Education -2.14 -2.19 0.63 -2.18 -3.73    -7.69 -8.40  -8.76 
 (3.33) (3.32) (0.46) (3.33) (3.43)    (3.42) (3.41)  (3.39) 
Residence -9.84 -9.82 -9.84 -9.81 -4.24 -4.39 -4.26 -4.39 -12.79    
 (3.24) (3.25) (3.24) (3.24) (3.34) (3.35) (3.35) (3.35) (3.26)    
Political 0.09 0.10 0.10 0.09 0.04 0.04 0.10 0.04 0.13 0.08  0.08 
 (0.14) (0.04) (0.04) (0.14) (0.14) (0.14) (0.04) (0.14) (0.13) (0.04)  (0.04) 
Perception -8.28 -8.59 -8.70 -8.58 -5.83 -6.19 -5.72 -6.19 -3.51 -4.46 -6.20  
 (5.42) (5.38) (5.44) (5.37) (5.20) (5.16) (5.31) (5.16) (5.51) (5.53) (5.90)  
Ecological -15.21 -11.21 -15.71 -11.21 -22.49 -22.89 -21.52 -22.89 -9.62 -11.15 -9.16 -9.87 
 (10.38) (1.41) (10.35) (1.41) (8.78) (8.77) (8.65) (8.77) (9.91) (1.35) (9.92) (9.84) 
Meat 9.34 9.22 9.33 9.24 6.37 6.45 3.34 6.45 5.30 5.39 5.36 5.16 
 (2.09) (2.02) (2.04) (2.06) (2.04) (2.04) (0.49) (2.04) (2.02) (1.97) (1.98) (1.98) 
Age_sq -0.01 -0.01  -0.01 -0.01 -0.01  -0.01 -0.00 -0.00   
 (0.00) (0.00)  (0.00) (0.00) (0.00)  (0.00) (0.00) (0.00)   
Education_sq 0.29 0.29  0.29 0.38    0.85 0.94  0.97 
 (0.35) (0.35)  (0.35) (0.36)    (0.35) (0.35)  (0.35) 
Residence_sq 1.53 1.53 1.53 1.52 0.92 0.94 0.91 0.94 2.08    
 (0.52) (0.52) (0.52) (0.52) (0.53) (0.53) (0.53) (0.53) (0.52)    
Political_sq 0.00   0.00 0.00 0.00  0.00 -0.00    
 (0.00)   (0.00) (0.00) (0.00)  (0.00) (0.00)    
Perception_sq 1.24 1.27 1.28 1.27 0.83 0.86 0.82 0.86 1.02 1.12 1.30 0.70 
 (0.52) (0.52) (0.53) (0.52) (0.51) (0.51) (0.52) (0.51) (0.53) (0.54) (0.57) (0.08) 
Ecological_sq 0.65  0.73  1.70 1.76 1.52 1.76 -0.26  -0.34 -0.19 
 (1.66)  (1.65)  (1.43) (1.43) (1.40) (1.43) (1.59)  (1.59) (1.57) 
Meat_sq -0.88 -0.87 -0.89 -0.87 -0.39 -0.39  -0.39 -0.42 -0.42 -0.39 -0.39 
 (0.27) (0.26) (0.26) (0.27) (0.26) (0.26)  (0.26) (0.26) (0.25) (0.26) (0.25) 
Num.Obs. 1079 1079 1079 1079 1079 1079 1079 1079 1079 1079 1079 1079 
R2 0.200 0.200 0.197 0.200 0.200 0.199 0.192 0.199 0.213 0.200 0.188 0.199 
R2 Adj. 0.189 0.190 0.188 0.189 0.189 0.190 0.185 0.190 0.202 0.192 0.183 0.192 
BIC 10000.6 9986.8 9984.2 9993.8 10008.5 9995.8 9977.6 9995.8 9950.2 9940.1 9928.4 9934.4 
F 19.764 22.434 24.035 21.123 20.451 23.507 31.268 23.507 20.770 25.783 37.863 28.565 
RMSE 23.58 23.58 23.63 23.58 23.66 23.68 23.78 23.68 23.03 23.22 23.40 23.24 
OOS R² 0.17 0.17 0.16 0.17 0.21 0.21 0.20 0.21 0.15 0.17 0.16 0.17 
OOS RMSE 24.93 24.92 24.98 24.92 24.74 24.78 24.95 24.78 23.71 23.50 23.54 23.50 

Notes: Table 7 reports results from the robustness reproduction using machine-learning-based feature selection under 
theoretical heredity, with the regularization parameter set to the value that minimizes cross-validation error (λ = min), using an 

alternative random seed (seed = 999 instead of 123). This check assesses the stability of variable selection and estimated 
effects with respect to random variation in the cross-validation procedure. All reported coefficients are post-selection OLS 

estimates with robust (HC1) standard errors in parentheses. Columns (1)-(4) present results for the trade-off between animal 
welfare and domestic food production, estimated using OLS, LASSO, adaptive LASSO, and elastic net (ENet), respectively. 
Columns (5)-(8) report the same model sequence for animal welfare versus consumer food prices, and Columns (9)-(12) for 

animal welfare versus farmers’ income. Empty cells indicate variables not selected by the respective feature-selection 
procedure. Reported model diagnostics include R², adjusted R², Akaike Information Criterion (AIC), Bayesian Information 

Criterion (BIC), log-likelihood, F-statistic, in-sample RMSE, and out-of-sample R² and RMSE. 
Source: own calculations  
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Table 8. Main levels with inclusion of cubic terms in a 3rd selection stage 

 Animal welfare vs. domestic  
production Animal welfare vs. food prices Animal welfare vs. farmers’ income 

 OLS L AdL ENet OLS L AdL ENet OLS L AdL ENet 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
(Intercept) 97.47 42.26 102.07 42.26 11.59 12.16 16.75 12.16 98.66 149.61 112.31 107.97 
 (52.38) (29.86) (19.09) (29.86) (50.68) (26.81) (26.10) (26.81) (54.09) (31.48) (20.43) (21.65) 
Gender -4.10 -3.97 -4.01 -3.97 -3.68 -3.63 -3.58 -3.63 -3.21 -3.24 -3.15 -3.19 
 (1.56) (1.54) (1.55) (1.54) (1.57) (1.57) (1.56) (1.57) (1.49) (1.49) (1.49) (1.50) 
Age 0.57 0.62 0.07 0.62 0.62 0.82  0.82 -2.51 -2.56  0.18 
 (1.38) (0.31) (0.05) (0.31) (1.37) (0.31)  (0.31) (1.45) (1.44)  (0.32) 
Education -5.82 -5.43 -5.42 -5.43 -2.00 -7.18 -7.37 -7.18 -0.50 -9.82 -9.89 -9.82 
 (13.68) (3.35) (3.32) (3.35) (12.50) (3.27) (3.26) (3.27) (13.79) (3.36) (3.40) (3.43) 
Residence -6.77 -7.90 -8.21 -7.90 -1.78 -1.75 -1.78 -1.75 -20.60 -20.79 -9.74 -9.74 
 (11.31) (3.34) (3.33) (3.34) (11.42) (3.41) (3.42) (3.41) (11.20) (11.22) (3.26) (3.27) 
Political -0.48 -0.48 0.07 -0.48 -0.56 -0.57 0.09 -0.57 -0.38 -0.39 0.06 0.06 
 (0.38) (0.38) (0.04) (0.38) (0.37) (0.37) (0.04) (0.37) (0.35) (0.35) (0.04) (0.04) 
Perception 22.23 20.85 -18.10 20.85 37.90 37.55 41.97 37.55 -1.41 -8.65 -8.93 -8.82 
 (17.92) (17.81) (6.15) (17.81) (17.29) (17.04) (17.18) (17.04) (21.06) (5.95) (6.05) (6.01) 
Ecological -78.79 -10.99 -10.75 -10.99 -19.16 -12.60 -12.45 -12.60 11.08 -22.52 -22.70 -22.60 
 (38.10) (1.43) (1.42) (1.43) (39.24) (1.41) (1.40) (1.41) (35.76) (8.91) (8.85) (8.87) 
Meat 6.78 7.92 8.03 7.92 20.85 20.62 19.93 20.62 12.97 12.96 5.58 5.58 
 (6.50) (2.02) (2.00) (2.02) (6.56) (6.52) (6.52) (6.52) (6.39) (6.36) (1.95) (1.95) 
Age_sq -0.00 -0.01  -0.01 -0.00 -0.01  -0.01 0.06 0.06  -0.00 
 (0.03) (0.00)  (0.00) (0.03) (0.00)  (0.00) (0.03) (0.03)  (0.00) 
Education_sq 0.73 0.64 0.65 0.64 -0.53 0.68 0.71 0.68 -1.07 1.11 1.10 1.09 
 (3.12) (0.35) (0.35) (0.35) (2.86) (0.34) (0.34) (0.34) (3.09) (0.35) (0.35) (0.35) 
Residence_sq 0.95 1.39 1.42 1.39 0.57 0.56 0.54 0.56 5.70 5.74 1.70 1.71 
 (4.00) (0.53) (0.53) (0.53) (4.03) (0.54) (0.54) (0.54) (3.95) (3.95) (0.52) (0.52) 
Political_sq 0.01 0.01  0.01 0.01 0.01  0.01 0.01 0.01   
 (0.01) (0.01)  (0.01) (0.01) (0.01)  (0.01) (0.01) (0.01)   
Perception_sq -6.64 -6.32 2.19 -6.32 -9.83 -9.74 -10.77 -9.74 -0.09 1.48 1.51 1.50 
 (3.98) (3.94) (0.59) (3.94) (3.96) (3.90) (3.94) (3.90) (4.51) (0.57) (0.58) (0.58) 
Ecological_sq 25.53    2.87    -10.78 1.89 1.94 1.91 
 (14.35)    (14.78)    (13.68) (1.44) (1.43) (1.43) 
Meat_sq -0.39 -0.74 -0.75 -0.74 -4.60 -4.53 -4.31 -4.53 -2.70 -2.69 -0.52 -0.52 
 (1.89) (0.26) (0.26) (0.26) (1.89) (1.89) (1.88) (1.89) (1.83) (1.82) (0.25) (0.25) 
Age_cb -0.00    -0.00    -0.00 -0.00   
 (0.00)    (0.00)    (0.00) (0.00)   
Education_cb -0.01    0.09    0.16    
 (0.22)    (0.21)    (0.22)    
Residence_cb 0.05    -0.00    -0.44 -0.44   
 (0.44)    (0.44)    (0.43) (0.43)   
Political_cb -0.00 -0.00  -0.00 -0.00 -0.00  -0.00 -0.00 -0.00   
 (0.00) (0.00)  (0.00) (0.00) (0.00)  (0.00) (0.00) (0.00)   
Perception_cb 0.61 0.59  0.59 0.78 0.77 0.85 0.77 0.11    
 (0.28) (0.28)  (0.28) (0.29) (0.28) (0.29) (0.28) (0.31)    
Ecological_cb -3.02    -0.38    1.50    
 (1.72)    (1.77)    (1.66)    
Meat_cb -0.03    0.35 0.35 0.33 0.35 0.19 0.19   
 (0.16)    (0.16) (0.16) (0.16) (0.16) (0.16) (0.16)   
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 Animal welfare vs. domestic  
production Animal welfare vs. food prices Animal welfare vs. farmers’ income 

 OLS L AdL ENet OLS L AdL ENet OLS L AdL ENet 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
Num.Obs. 1079 1079 1079 1079 1079 1079 1079 1079 1079 1079 1079 1079 
R2 0.192 0.190 0.181 0.190 0.217 0.217 0.208 0.217 0.196 0.195 0.188 0.188 
R2 Adj. 0.175 0.177 0.172 0.177 0.201 0.204 0.199 0.204 0.179 0.180 0.178 0.177 
BIC 10050.8 10011.9 9994.8 10011.9 10070.2 10035.5 10019.2 10035.5 9987.5 9968.0 9928.9 9942.5 
F 12.267 16.572 20.690 16.572 15.948 20.627 25.002 20.627 12.018 13.890 20.939 18.047 
RMSE 23.59 23.62 23.74 23.62 23.80 23.81 23.93 23.81 22.91 22.92 23.03 23.02 
OOS R² 0.19 0.19 0.19 0.19 0.20 0.20 0.21 0.20 0.19 0.20 0.21 0.21 
OOS RMSE 24.83 24.86 24.73 24.86 24.05 24.01 23.92 24.01 24.00 23.92 23.76 23.77 

Notes: Table 8 reports results from an extended robustness reproduction that allows for cubic nonlinearities using a three-stage 
feature-selection procedure under theoretical heredity, followed by post-LASSO OLS estimation. In the first stage, main effects 
are selected; in the second stage, quadratic terms are considered for selected main effects; in the third stage, cubic terms are 
included only if their corresponding quadratic terms were selected in Stage 2, thereby preserving hierarchical structure. The 

regularization parameter is set to the value that minimizes the cross-validation error (λ = min). All reported coefficients are post-
selection OLS estimates with robust (HC1) standard errors in parentheses. Columns (1)-(4) present results for the trade-off 

between animal welfare and domestic food production, estimated using OLS, LASSO, adaptive LASSO, and elastic net (ENet), 
respectively. Columns (5)-(8) report the same model sequence for animal welfare versus consumer food prices, and Columns 

(9)-(12) for animal welfare versus farmers’ income. Empty cells indicate higher-order terms that are not selected by the 
respective feature-selection procedure. Reported model diagnostics include R², adjusted R², Akaike Information Criterion (AIC), 

Bayesian Information Criterion (BIC), log-likelihood, F-statistic, in-sample RMSE, and out-of-sample R² and RMSE. 
Source: own calculations 
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Table 9. Model with main levels and pair-wise interactions 

 Animal welfare vs. domestic  
production Animal welfare vs. food prices Animal welfare vs. farmers’ income 

 OLS L AdL ENet OLS L AdL ENet OLS L AdL ENet 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
(Intercept) 188.66 96.43 147.84 96.52 181.07 177.80 50.27 177.80 207.38 45.07 171.79 157.05 
 (49.89) (27.54) (29.34) (27.56) (51.67) (40.83) (7.54) (40.83) (54.88) (11.54) (36.85) (30.58) 
Gender -23.80 -4.57 -13.00 -15.91 -19.24 -25.20 3.21 -25.20 -6.76 0.92 6.18 3.46 
 (15.94) (6.21) (14.29) (11.33) (16.28) (11.81) (4.07) (11.81) (16.48) (4.06) (7.21) (5.28) 
Age 0.44 0.69 0.09 0.70 0.02 0.00  0.00 0.25 0.03  0.04 
 (0.45) (0.30) (0.05) (0.30) (0.46) (0.20)  (0.20) (0.46) (0.05)  (0.05) 
Education -9.96 -3.37 -8.12 -3.51 -10.45 -9.82 -0.71 -9.82 -13.28 -4.55 -7.65 -9.57 
 (4.65) (1.72) (3.84) (1.73) (4.41) (3.34) (0.46) (3.34) (4.62) (1.71) (3.35) (3.33) 
Residence 0.29 -0.14 -2.57 -0.12 4.19 6.49 2.80 6.49 1.02 -3.35 -3.02 -3.17 
 (6.35) (3.02) (2.08) (3.02) (6.25) (3.49) (0.91) (3.49) (6.51) (2.03) (2.00) (2.02) 
Political -0.31 -0.09 0.07 -0.10 -0.80 -0.77 0.09 -0.77 -0.73 -0.11 0.05 -0.40 
 (0.38) (0.11) (0.04) (0.11) (0.36) (0.31) (0.04) (0.31) (0.38) (0.11) (0.04) (0.25) 
Perception -21.86 -9.01 -13.41 -9.08 -18.41 -19.62 1.63 -19.62 -21.96 6.68 -18.28 -10.63 
 (8.00) (3.90) (4.83) (3.87) (8.31) (6.87) (0.90) (6.87) (8.59) (0.86) (6.07) (4.91) 
Ecological -39.04 -27.00 -36.49 -25.41 -31.02 -30.61 -12.20 -30.61 -41.56 -10.79 -38.77 -37.76 
 (11.51) (7.80) (7.95) (7.98) (12.33) (8.51) (1.38) (8.51) (11.92) (1.34) (7.28) (7.21) 
Meat -0.77 2.21 2.62 2.23 5.72 6.44 3.44 6.44 -0.05 1.84 -2.23 1.88 
 (4.66) (0.49) (0.73) (0.49) (4.70) (2.39) (0.49) (2.39) (4.89) (0.48) (3.42) (0.66) 
Gender × 
Age 0.08 0.12  0.11 0.20 0.18  0.18 0.09    

 (0.10) (0.10)  (0.10) (0.10) (0.10)  (0.10) (0.10)    
Gender × 
Education -0.07  -0.42  -0.35    -0.22  -0.66  

 (1.02)  (0.95)  (1.00)    (0.98)  (0.95)  
Gender × 
Residence -1.84 -1.56 -1.73 -1.55 -1.70 -1.95 -2.38 -1.95 -1.38 -1.36 -1.11 -1.35 

 (1.38) (1.31) (1.31) (1.31) (1.38) (1.29) (1.29) (1.29) (1.34) (1.28) (1.27) (1.28) 
Gender × 
Political 0.04    0.03    0.04    

 (0.08)    (0.08)    (0.08)    
Gender × 
Perception 3.11  2.56 2.07 4.25 3.95  3.95 1.77    

 (1.94)  (1.90) (1.73) (2.01) (1.84)  (1.84) (1.86)    
Gender × 
Ecological 1.32  1.11  -2.35    -0.81    

 (3.07)  (2.82)  (3.03)    (2.94)    
Gender × 
Meat -0.65  -0.61  -1.23 -0.93  -0.93 -1.23  -0.79 -0.67 

 (1.02)  (0.96)  (0.98) (0.92)  (0.92) (0.97)  (0.90) (0.89) 
Age × 
Education -0.02    0.01    0.03    

 (0.03)    (0.03)    (0.03)    
Age × 
Residence -0.05 -0.05  -0.05 -0.08 -0.08  -0.08 -0.02    

 (0.04) (0.04)  (0.04) (0.04) (0.04)  (0.04) (0.04)    
Age × 
Political 0.00    0.01 0.01  0.01 0.00    

 (0.00)    (0.00) (0.00)  (0.00) (0.00)    
Age × 
Perception 0.04    0.02    0.03    

 (0.06)    (0.06)    (0.05)    
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 Animal welfare vs. domestic  
production Animal welfare vs. food prices Animal welfare vs. farmers’ income 

 OLS L AdL ENet OLS L AdL ENet OLS L AdL ENet 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
Age × 
Ecological -0.14 -0.16  -0.16 -0.05    -0.15    

 (0.09) (0.08)  (0.08) (0.09)    (0.10)    
Age × Meat -0.01    -0.05 -0.05  -0.05 -0.03    
 (0.03)    (0.03) (0.03)  (0.03) (0.03)    
Education × 
Residence 0.72 0.72 0.81 0.74 0.31 0.25  0.25 0.93 1.06 0.87 0.95 

 (0.41) (0.40) (0.39) (0.40) (0.41) (0.39)  (0.39) (0.42) (0.39) (0.39) (0.39) 
Education × 
Political 0.04 0.03  0.04 0.04 0.05  0.05 0.04 0.04  0.03 

 (0.02) (0.02)  (0.02) (0.02) (0.02)  (0.02) (0.02) (0.02)  (0.02) 
Education × 
Perception 0.78  0.79  1.19 1.26  1.26 1.17  1.22 1.00 

 (0.59)  (0.55)  (0.56) (0.53)  (0.53) (0.59)  (0.54) (0.55) 
Education × 
Ecological 0.77  0.60  0.23    0.71    

 (0.94)  (0.86)  (0.90)    (0.85)    
Education × 
Meat -0.01    -0.37 -0.30  -0.30 -0.39  -0.28  

 (0.31)    (0.30) (0.27)  (0.27) (0.30)  (0.28)  
Residence × 
Political -0.04    -0.04 -0.03  -0.03 -0.03    

 (0.03)    (0.03) (0.03)  (0.03) (0.03)    
Residence × 
Perception -0.47    -0.20    -0.55    

 (0.76)    (0.77)    (0.79)    
Residence × 
Ecological 1.22    0.66    0.61    

 (1.21)    (1.20)    (1.15)    
Residence × 
Meat 0.11    0.27    -0.02    

 (0.46)    (0.45)    (0.45)    
Political × 
Perception 0.06    0.05 0.06  0.06 0.06    

 (0.05)    (0.05) (0.04)  (0.04) (0.05)    
Political × 
Ecological -0.04    0.02    0.06   0.09 

 (0.07)    (0.07)    (0.06)   (0.06) 
Political × 
Meat -0.01    0.02 0.02  0.02 -0.01    

 (0.02)    (0.02) (0.02)  (0.02) (0.02)    
Perception × 
Ecological 4.83 4.13 4.05 3.87 3.07 3.23  3.23 4.98  4.91 3.90 

 (1.33) (1.15) (1.18) (1.18) (1.55) (1.48)  (1.48) (1.43)  (1.27) (1.21) 
Perception × 
Meat 0.46    -0.09    0.89  0.95  

 (0.53)    (0.53)    (0.54)  (0.52)  
Ecological × 
Meat 0.33    0.19    0.25    

 (0.86)    (0.86)    (0.85)    
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 Animal welfare vs. domestic 
production Animal welfare vs. food prices Animal welfare vs. farmers’ income 

 OLS L AdL ENet OLS L AdL ENet OLS L AdL ENet 
 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
Num.Obs. 1079 1079 1079 1079 1079 1079 1079 1079 1079 1079 1079 1079 
R2 0.190 0.178 0.176 0.180 0.224 0.222 0.189 0.222 0.202 0.170 0.186 0.185 
R2 Adj. 0.162 0.167 0.163 0.167 0.197 0.205 0.183 0.205 0.174 0.161 0.174 0.174 
BIC 10151.0 10020.0 10036.7 10025.2 10158.8 10070.7 10009.6 10070.7 10077.5 9945.4 9952.4 9952.8 
F 8.641 18.776 15.257 17.921 9.996 14.985 34.137 14.985 8.589 21.027 17.128 17.932 
RMSE 23.62 23.79 23.82 23.77 23.70 23.73 24.22 23.73 22.83 23.28 23.06 23.06 
OOS R² 0.16 0.19 0.19 0.18 0.18 0.19 0.21 0.19 0.20 0.22 0.21 0.21 
OOS RMSE 25.23 24.82 24.84 24.94 24.30 24.20 23.90 24.20 23.87 23.53 23.66 23.64 

Notes: Table 9 reports results from a robustness reproduction that extends the two-stage feature-selection framework to include 
pairwise interaction terms as higher-order effects, followed by post-LASSO OLS estimation. In the first stage, only main effects 

are considered for selection. In the second stage, pairwise interaction terms are included only if both corresponding main effects 
were selected in Stage 1, thereby enforcing strong heredity. Quadratic and cubic terms are not included in this specification. 

Feature selection is conducted under theoretical heredity, with the regularization parameter set to the value that minimizes the 
cross-validation error (λ = min). All reported coefficients are post-selection OLS estimates with robust (HC1) standard errors in 
parentheses. Columns (1)-(4) present results for the trade-off between animal welfare and domestic food production, estimated 
using OLS, LASSO, adaptive LASSO, and elastic net (ENet), respectively. Columns (5)-(8) report the same model sequence for 

animal welfare versus consumer food prices, and Columns (9)-(12) for animal welfare versus farmers’ income. Empty cells 
indicate interaction terms that are not selected by the respective feature-selection procedure. Reported model diagnostics 

include R², adjusted R², Akaike Information Criterion (AIC), Bayesian Information Criterion (BIC), log-likelihood, F-statistic, in-
sample RMSE, and out-of-sample R² and RMSE. 

Source: own calculations 

Table 10. Notation table 

Symbol Description 
𝑖𝑖 =  1, … ,𝑛𝑛 Index for survey respondents 

𝑛𝑛 Sample size 
𝑝𝑝 =  1, … ,𝑃𝑃 Index for explanatory variables 

𝑃𝑃 Number of explanatory variables 
𝑘𝑘 =  1, … ,𝑆𝑆 Polynomial order (degree) 

𝑆𝑆 Maximum polynomial degree considered 
𝑦𝑦𝑖𝑖 Outcome variable  
𝑥𝑥𝑖𝑖𝑖𝑖 Explanatory variable p for individual i 

𝒙𝒙𝒊𝒊 =  (𝑥𝑥𝑖𝑖1 … , 𝑥𝑥𝑖𝑖𝑖𝑖)⊤  Vector of explanatory variables for individual i 
𝛽𝛽0  Intercept term 
𝛽𝛽𝑘𝑘,𝑝𝑝 Coefficient associated with the k-th power of explanatory variable p 
𝛽𝛽1,𝑝𝑝 Coefficient of the linear (main) effect of variable p 
𝛽𝛽2,𝑝𝑝 Coefficient of the quadratic term of variable p 
𝑢𝑢𝑖𝑖 Error term with zero mean 
𝑓𝑓(⋅) Flexible regression function  
𝜆𝜆 Regularization (penalty) parameter 

𝐽𝐽𝜆𝜆(|. |) Penalty function  
𝐽𝐽𝜆𝜆�𝛽𝛽𝑘𝑘,𝑝𝑝� = 𝜆𝜆�𝛽𝛽𝑘𝑘,𝑝𝑝� Specific penalty function for LASSO applied to coefficients 

𝐴̂𝐴 Set of variables with non-zero coefficients selected 
𝑓𝑓𝐴𝐴�(𝑥𝑥𝑖𝑖) Regression function restricted to the set of variables selected  
𝐴̂𝐴1 Set of selected main effects in Stage 1 

Note: Table 10 summarizes the notation used in the reproduction and ML-based robustness reproduction framework. 
Source: own representation 
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