Technical appendix
1. Theoretical framework
The theoretical foundation of this analysis is Random Utility Theory. This framework posits that the utility an individual derives from a specific alternative in a choice situation is composed of two parts: a deterministic component, which is observable to the researcher based on the attributes of the alternative, and a stochastic (random) error component, which captures unobserved factors affecting choice (1). The error term is assumed to follow a specific distribution (type I extreme value) that allows for the estimation of choice probabilities.
2. Mixed multinomial logit
To account for preference heterogeneity across the population, we estimated a mixed multinomial logit (MMNL) model. Unlike standard models that assume everyone has the same preference weights, the MMNL model allows the coefficients (preference weights) for each attribute to vary across individuals following a specified probability distribution (2).
2.1 Model specification and attribute coding
The study utilized an unlabeled, forced-choice design where participants chose between option A and option B.
An alternative specific constant (ASC) was estimated for option B relative to option A. In an unlabeled experiment, this constant captures any potential positional bias (e.g., a tendency to select the right-hand option), controlling for unobserved preferences for the second option regardless of its specific attribute levels.
The attributes for participation/protection, environmental effects, and human health effects were coded using dummy variables. In this scheme, coefficients represent the utility of a specific level relative to the reference level.
The intervention frequency attribute was treated as a continuous linear variable. The levels "Once every 5 years," "One hour per month," "One hour per week," and "10 minutes per day" were coded ordinally (1 to 4). This specification captures the linear disutility associated with increasing intensity of time commitment.
2.2 Distribution of random parameters and correlation
All attribute coefficients, including the ASC, were specified as random parameters following a normal distribution. This specification assumes that while the population has an average preference for an attribute, individual preferences are distributed around this mean.
A critical feature of this model is the estimation of a fully correlated preference structure. Theoretical literature suggests that assuming independence among random parameters is often behaviorally unrealistic  (3,4). Preferences are frequently bundled. Rather than assuming that preferences for different attributes are independent (e.g., assuming that how a person feels about health side effects is unrelated to how they feel about environmental impact), the model allowed every random parameter to be correlated with every other random parameter.
To estimate this correlation matrix while ensuring it remains mathematically valid (positive semi-definite), the model was parameterized using a Cholesky decomposition. This approach allows the researcher to recover the full variance-covariance matrix of preferences, minimizing omitted variable bias and revealing how specific preferences are bundled together in the population (e.g., identifying individuals who are simultaneously risk-averse regarding both health and environmental outcomes).
3. Estimation
The model was estimated using maximum simulated likelihood (MSL). Because the integral of the choice probabilities over the distribution of random parameters does not have a closed-form solution, it was approximated using simulation.
3.1 Draws and simulation
To increase computational efficiency, only inter-individual draws were used in our MMNL models. Inter-individual draws capture heterogeneity between respondents without incurring the computationally-intensive demands associated with intra-individual draws, especially with large datasets and high draw counts (5). Regarding the type of draws, while Halton sequences are commonly employed in health-related DCEs, they are considered unsuitable for models exceeding five random coefficients (5,6), and simulations have shown that scrambled Sobol sequences yield the lowest simulation error across diverse experimental designs, irrespective of sample size or task number (7). Since 2023, scrambled Sobol sequences have been disabled in the randtoolbox package used by the apollo package for Sobol draws (8). Therefore, Sobol sequences were used.
Available reviews and best-practice documents offer little guidance about the number of draws needed to estimate a given number of random parameters (6). Nonetheless, theory suggests that the number of draws should increase with the number of random parameters (6,9). Using more draws is arguably better because not only do the estimates become more precise due to reduced simulation error (7), but a higher number of draws also helps in uncovering any identification problems (10). For designs with five attributes, simulations indicate that over 2,000 Sobol draws are necessary to achieve sufficient precision (7). Further analyses demonstrated that 4000 draws showed no meaningful differences in results compared to 3000 draws. Considering the computational intensity, 3000 draws were used for all models.
3.1 Robust standard errors
Standard errors are computed using the sandwich (“robust”) estimator. In purely cross-sectional estimation, this estimator “corrects the standard errors for general mis-specification of the model” (5). Ideally one would bootstrap the mixed-logit estimates to obtain empirical confidence intervals, but due to the high inter-individual draw number and ~20,000 observations is computationally prohibitive. We therefore rely on sandwich-based standard errors as the best practical alternative, acknowledging that bootstrapping would further guard against any residual misspecification.
4. Model fit and software
Model fit was assessed using the log-likelihood at convergence. All analyses were performed in R version 4.5.0 using the apollo package, a flexible tool for choice model estimation.
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