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Introduction: As forests face growing threats from fires, pests, and disease, understanding public preferences for restoration policies has become increasingly urgent. This study addresses the need for more behaviorally realistic approaches in environmental valuation.

Methods: A discrete choice experiment was conducted in Korea to explore how individuals make environmental decisions. The study incorporates latent environmental attitudes, attribute non-attendance (ANA), and heterogeneous choice behavior using advanced econometric models, including the independent availability logit and latent class analysis.

Results: Findings reveal that respondents do not ignore entire attributes but selectively disregard specific attribute levels. Distinct behavioral classes were identified, ranging from deterministic to probabilistic decision types. Latent attitudes significantly influenced willingness to pay (WTP), with some groups showing reluctance to pay due to self-benefit orientation.

Discussion: These results highlight the importance of recognizing behavioral subgroups when designing restoration policies. Integrating behavioral insights into valuation enhances the relevance and acceptability of forest restoration programs. This research provides practical guidance for developing targeted, socially accepted environmental policies.
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1 Introduction

Environmental challenges to achieve sustainable ecosystem services for our wellbeing that involve wide-ranging and potentially irreversible consequences are of profound importance (Mendelsohn and Binder, 2013). All important environmental management and policy decisions have a wide range of effects. Understanding how people make environmental choices is crucial for implementing effective management and policy decisions. When it comes to environmental policies, implementing them without knowing the relevant stakeholders' environmental attitudes and latent behaviors is highly uncertain. To reduce the uncertainty of environmental policy, therefore, among the environmental non-market valuation methodologies, the choice experiment (CE) methodology (stated preference) is a very relevant methodology for measuring changes in ecosystem services and welfare changes due to environmental policies. However, individuals differ in their preferences and final decision-making processes and influences concerning these environmental issues. This study attempts to test for the presence or absence of latent environmental decisions, environmental attitudes, and the types of choice-making behaviors that may influence these decisions, as well as the presence or absence of attribute non-attendance (ANA) in these choice-making processes. The choice modeling methods from economics, health, and transportation fields have increased in several research contexts over the recent decades (Mariel et al., 2021; Louviere et al., 2000). In the area of ecosystem services, environmental decisions related to them with which we were closely intertwined are directly and indirectly critical and complex, relying on a single overarching policy component focusing on economic variables in economics is limited to understanding the public environmental behavior.

Negative anthropogenic factors that undermine the sustainable provision of ecosystem services from healthy ecosystems, including climate change phenomena, continue to increase yearly. On the global forest issues, regarding the main anthropogenic threats, forests face pressures from deforestation; forest degradation continues to take place at alarming rates; and threats from various anthropogenic causes, including forest fires, exotic invasive species (Zenni et al., 2021), and illegal logging, adversely affect their health and vitality and reduce their ability to provide a full range of goods and ecosystem services. In contrast, trees, forests, and sustainable forestry can help the world recover from and combat looming environmental crises, such as climate change and biodiversity loss (FAO, 2020; Górriz-Mifsud et al., 2016; Torres et al., 2021). Both global forest fires and forest pests and diseases are common environmental threats in Korea as well. Recently, Korean forests have been characterized by growing large-scale forest fires and forest pests and diseases, such as pine wilt disease (PWD; Kwon et al., 2011), causing ecosystem disturbances by invasive species; because it is considered a successful greening story, with a remarkable growing stock more than tripling from 38.36m3/ha in 1990 to 168.7m3 in 2021 (KFS, 2023; FAO, 2016; Brown, 2005), this has led experts to propose it as a potential model for forest restoration in developing countries. Considering the current situation in Korea, since the 1980s, more than 12 million pine trees have been infected by PWD and removed to prevent the spread of disease, and forest fires continue to have significant impacts nationally, causing the loss of forest activities, built assets, biodiversity and habitats, and production and productivity, disrupting livelihoods. Therefore, these threats are degrading the ecosystem's capacity to provide ecosystem services, despite forest benefits playing critical roles in directly and indirectly supporting various human wellbeing. Measuring what these threats are and how they cause biodiversity losses, as well as their impact on human welfare, poses an urgent scientific challenge (Taghouti et al., 2024).

To make choice scenarios more realistic and better aligned with real-world decision-making contexts in the microeconomic foundations, our behavioral approaches will be enhanced by incorporating extensions of latent class attitudes and choice behaviors (Greene and Hensher, 2003; Weller et al., 2020; Lahoz et al., 2023; Hoedemakers et al., 2022; Lowthian et al., 2021), ANA testing (Gonçalves et al., 2022; Nguyen et al., 2015; Weller et al., 2020, 2014; Campbell et al., 2011; Espinosa-Goded et al., 2021), and types of choice decision behaviors (Campbell and Erdem, 2019; Frejinger et al., 2009; Campbell et al., 2012; Manski, 1977). This approach transcends comprehensive, context-specific experiments; methodological advancements; interdisciplinary studies; ethical and societal considerations; and the technological integration of discrete choice analysis in the environmental sector. The focus on environmental behavior and choice decisions in the study is grounded in the idea that behavioral aspects have a more significant influence on environmental choices in practice than purely methodological refinements. By emphasizing this, this research aims to contribute to improving discrete CEs, ultimately advancing the field of realistic choice-making. Based on the literature and the theoretical framework of ecosystem services, we hypothesize that distinct latent classes will emerge, reflecting different environmental attitudes and willingness to pay (WTP) for forest restoration. These latent classes will be identified through the latent class model using the independent availability logit (IAL), which is designed to uncover heterogeneity in preferences that may not be apparent using aggregate models.

This study tests the effectiveness and significance of various environmental components—such as choice decision types, ANA, and latent environmental attitudes—in influencing choice behavior in CEs. These elements, which aim to provide a realistic representation of behavior responses within the context of choice experimental data, are assessed using 20 items using a 5-point Likert scale (see Appendix 2 for the specific questions). While the previous literature on CEs, due to the classical multinomial logit (MNL) model, has limitations, this research applies CEs using the independent availability logit model, which is a more realistic alternative to previous experimental surveys because it creates environmental conditions that are as similar as possible to those we decide our daily lives; in addition, a latent class approach using principal component analysis is conducted as well. Hence, this research considers and applies these experimental assumptions and situations to a Korean case study about sustainable ecosystem services with deforested and degraded forests and seeks to find more meaningful realistic, reasonable results. The remainder of our study is structured as follows: a literature review is presented in Section 2. Section 3 then explains the design of the study and our empirical study. Next, Section 4 outlines the hypotheses to be tested in this study and the modeling approach, while Section 5 presents the results. Section 6 concludes with a discussion of their implications.



2 Econometric modeling for exploring decision-making choice decision behaviors

Modeling for environmental choice behavior involving latent class, deterministic, and probabilistic data to set up the most realistic scenario reflecting the main environmental threats—forest fire, forest pests and diseases, and forest invasive species to sustainable ecosystem services—in Asia-Pacific region (FAO, 2020; World Economic Forum, 2023), this research uses to test a three assumption relevant to types of choice behaviors based on the positive forest management policies to deforested and degraded forests in our research. When faced with complicated environmental issues, individuals may encounter various methods to make choices and environmental decisions. These can range from a heuristics approach to probabilistic and deterministic methods. However, the preferences for these methods can vary among individuals. To understand this complicated procedure, this section consists of two main parts to account for our case study. A basic understanding of the MNL with random utility theory and latent class analysis is necessary. The first part starts with the conventional utility maximization framework, which is the most widely used framework, and we specify the utility U, where respondents n obtains from alternative i in choice situation z be denoted in the usual way as [image: image] + εniz, where niz is a vector of observed attributes, βn is a corresponding vector of utility coefficients that vary randomly over individual respondents, and εniz is a random term that represents the unobserved component of utility. The vector xniz can include 0 and 1 term to allow for alternative-specific constants and for individual attribute levels, as well as continuous attributes. The unobserved term εniz is assumed to be independent and identically distribution type I (iid) extreme value distribution. Under this assumption, the probability that respondents n chooses alternative i in choice situation z, conditional on βn, is the MNL formula model (Equation 1):
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where yn gives the sequence of choices over the Zn choice occasions for participants n, yn= [in1, in2, …, inz]. However, Equation 1 is inappropriate for our study of IAL application with ANA because it is only applicable in case the basic conditions are met (Campbell and Erdem, 2019).

These analytical approaches and outcomes demonstrate that respondents engage in diverse decision-making processes, exhibiting latent, deterministic, and probabilistic behaviors, along with attribute and level non-attendance in their choices. This variation not only enhances the model's overall fit but also significantly impacts WTP estimates. It suggests that respondents evaluate each attribute and alternative individually when navigating complex survey choices. However, most prior studies using IAL models have limited their scope to attribute classes alone, neglecting the influence of other variables. Our study addresses this gap by proposing an improved model with greater explanatory power, incorporating additional variables, such as latent environmental attitudes and overlooked statistical assumptions, to capture more realistic choice behaviors.

In the context of this research, traditional MNL models generally assume that all respondents evaluate every alternative, attribute, and level presented—even those they may find unacceptable or irrelevant to their actual preference. Given this situation, several decision-making behaviors can be postulated here. First, suppose some participants who tend to be unknown reasons, however, have an overwhelming preference for the status quo (SQ) of our forest issues and that any change from this SQ baseline is perceived to avoid economic and psychological loss. These respondents may only accept the SQ alternative. Conversely, the other opposite participants, for whatever reason, may have a strong dislike of the SQ (and/or opt-out), in which case they adopt a semi-compensatory choice process with the non-opt-out alternatives comprising their actual consideration set. These participants make their choice among the alternatives in this consideration set following a utility maximization compensatory rule. Given these situations, the standard consideration set assumption may be inappropriate for our research. Applying Manski's (1977) theory, a probabilistic model can be formulated to explain this type of choice behavior to help distinguish between the experimentally designed choice task presented to respondents and the respondents' actual consideration set (Campbell and Erdem, 2019). To gain this formulation, this study considers the IAL (Espinosa-Goded et al., 2021; Campbell and Erdem, 2019; Habib et al., 2013). Under this specification, the choice probability is given by Equation 2,
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where Pr(yn| Cs, Xn, β, λ = 1) is the conditional probability of the sequence of choice given that the consideration set is Cs ⊆ S, where S is the set of all subsets and ∅s is the unconditional probability that Cs is the true consideration set. To be specific, S is the set of all non-empty subsets of Cs (i.e., all the latent choice subsets, which are described later in the context of this practical demonstration). Because a participant's true consideration set cannot be known with certainty, the model assumes that actual choice tasks are latent and vary across the S classes. While conditional on the consideration set (and hence the class), the choice probability is multinominal logit:
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In an IAL model, the number of classes, S, is determined as a function of the number of alternatives (e.g., there are 2j−1 possible consideration sets for a universal set with J alternatives). This research aims to explore whether some respondents' choices exhibit probabilistic or deterministic behavior, for example, consistently choosing the status quo or other specific alternatives. In this context, deterministic behavior refers to consistently choosing the same type of alternative regardless of attribute levels, while probabilistic behavior reflects the variability in choices that depend on the trade-offs between attributes presented in each scenario. Based on this assumption, four types of environmentally possible behaviors can be identified:

(i) A subset (Cs = 1) who always only consider alternatives A and B deterministically

(ii) A subset (Cs = 2) who restrict their actual choice task to only the SQ alternatives deterministically

(iii) A subset (Cs = 3) who always only choose the alternatives A and B probabilistically

(iv) A subset (Cs = 4) who always choose their actual choice task to the alternative SQ probabilistically

These four patterns (i.e., S = {Cs = 1, Cs = 2, Cs = 3, Cs = 4}) can be modeled using an IAL framework with four latent classes. In this setup, each latent class represents a distinct consideration set, capturing how different groups of respondents attend to different subsets of the available alternatives. As noted earlier, the alternatives considered by respondents cannot be known with certainty and therefore remain latent. However, their observed choice behavior helps us to make probabilistic statements about the likelihood of competing consideration sets being their true choice task, with the full probability per participant allocated across all S classes (i.e., [image: image] can be, therefore, considered the unconditional probability associated with observing the latent behavioral rule characterized by class s.

Finally, the latent class approach in our research is usually used to explore unobserved constructions in observed choice data. This technique uses multiple variables to identify the presence of underlying classes or groups in the data. A latent class model is performed first to understand the number of classes that generate an optimal solution for the data and analyze heterogeneous preferences by constructing multiple classes and utility functions for each class.

In our study, the following three hypotheses (assumptions 1–3) on environmental decision-making behavior are tested using the IAL and latent class models simultaneously, and three models are estimated for three statistical assumptions and compared to search for the specifications that best fit the data:

Assumption 1 (types of different choice behaviors): respondents can exhibit either deterministic or probabilistic behavior in their preference choice. In deterministic behavior, respondents always choose from a specific subset of alternatives, regardless of the attribute levels. For example, (1) they always consider only Option A and Option B (class 1), or (2) they always consider only Option SQ (class 2). In probabilistic behavior, respondents also limit their consideration to specific options, but their choices among those options vary depending on the attribute levels. For example, (3) they consider only Option A and Option B but choose between them based on the scenario (class 3), or (4) they consider only option SQ (class 4), but their choice is influenced by how attractive it is relative to the other options.

Assumption 2 (restriction of zero parameters; ANA or attribute-level non-attendance): the parameters of the attributes and/or levels ignored by a respondent are restricted to zero. If the respondent ignores an attribute or levels in a choice situation, parameter βij for that attribute and level is constrained to be zero.

Assumption 3 (effect of latent environmental behaviors): the latent environmental attitudes and behaviors of the respondents will influence their choice decisions positively or negatively. If latent environmental class classified by the principal component analysis plays a substantial effect and role in the model, the parameter is not zero and has statistically significant values.



3 Empirical case study

Our questionnaire and hypothetical scenarios are designed to reflect the present status of forests in Korea as much as possible in terms of environmental threats to ecosystem services and sustainable forest management (SFM).1 Forests in Korea are highly threatened by forest fires and forest pests and diseases (KFS, 2023). Therefore, making a good choice is necessary to match the theoretical part and realistic assumption on the realistic forest policies in Korea. In the discrete choice methods, the choice of attributes and their levels are a very important part of experimental design (Salvo et al., 2018). Too many attributes and levels are not only confusing for respondents but also have the potential to reduce the experimental design process's efficiency (Mariel et al., 2021). So, the forest policy, the status of forest fire and forest pest and disease management, and the measurement system for those two risks are examined, with attributes and their levels tailored to address forest biodiversity loss and the negative effects of forest outdoor activities. The forest restoration cost variable is designed with a range of accounts for the various intervals of respondents. This section describes the attributes and levels selected, the pilot study, and the questionnaire design procedures (Górriz-Mifsud et al., 2016).

This study examines forest fire risks as an attribute, given its significant negative impacts on sustainable ecosystem services both nationally and globally. Direct and critical factors arising from these threats are selected as attributes. To improve clarity, brief definitions of each attribute are included in Table 1 alongside their corresponding levels. The forest fire risk in Korea is a growing factor to be continuously concerned with the successful growing stumpage stock simultaneously (Yoo et al., 2018). The frequency of and damage from forest fires have rapidly increased recently, and following the Statistical Yearbook of the Korea Forest Service (KFS, 2023), the main causes include carelessness of visitors (38.1%), weed burning (6.3%), trash burning (7.7%), cigarette littering (9.7%), visitors to ancestral graves (4.6%), children (0.9%), and building fires (5.7%) of the recent wildfire incidents, while 26.9% was attributed to other causes. Even though the event number of forest fires varies slightly from year to year, the damaged area and costs are becoming larger (KFS, 2023). For instance, the area affected by the fire was 24,797ha in 2022, but it was 2,920 ha in 2020, so it has surprisingly increased. Following the Statistical Yearbook and the literature studies, the main attributes and levels here will be described. The KFS provides 4 levels of forest fire alert systems [0 (lower risks) → 100 (higher risk)], such as blue level (lower than 50), yellow level (51–65), orange level (66–85), and red level (higher than 86), according to the data analysis of forest fire alert system by National Institute of Forest Science. Second, forest pest and disease risk with invasive species introduced from Japan, such as PWD,2 has been very destructive in Korea since 1988 because more than 12 million pine trees infected with PWD have been urgently removed throughout the nation at a huge treatment cost. The KFS has implemented a forest disease and pest outbreak index and an alert system designed to assess current outbreak conditions and communicate the potential risk of future spread. This system categorizes risk into four levels—Interest (blue: below 50), Caution (yellow: 51–65), Serious (orange: 66–85), and Very Serious (red, above 86)—based on periodic surveillance results. The index evaluates the scale of occurrence, the speed of spread, and the degree of damage, in accordance with Article No. 4 of the Forest Pest Control Regulation.


TABLE 1 Attributes and levels of sustainable forest management scenario.

[image: Table 1]

The third attribute is forest biodiversity loss as an impact directly related to and caused by the previously mentioned two risk factors, where it is supposed that the number of pine trees infected by PWD is biodiversity loss; once they are infected by PWD, all pine trees must be chopped down, or pine trees with suspected infections are removed altogether. It is represented by the number of pine trees damaged by two environmental risks, so the possible levels are 0–100,000 trees, 100,000–200,000 trees, 200,000–300,000 trees, and 300,000–400,000 trees. Pine trees in Korea hold a very special place in history as an evergreen tree with the symbol of a long lifespan, making it a symbol for Korean people, which is of significant economic importance worldwide.

The fourth attribute is restrictions on forest-related outdoor activities (or forest access restrictions) to control and manage these two risk factors, in which the assumption about restrictions on forest-related outdoor activities is that there are currently no restrictions, which causes forest fires by human activities, so the potential for forest fires and pests to spread is high. Therefore, the direction of forest policy is set to restrict such forest-related outdoor activities to reduce these two risks, because most forest fires are caused by human activities. Forest ecosystem services, such as forest recreation activities and forest healing concerning the fourth attribute, are one of the representative ecosystem services in Korea. There are more than 170 natural recreational forest facilities for national, public, and private running. The number of visitors to forest facilities has continuously increased, from 4 million per year in the 2000s to more than 15 million per year in the 2020s. There are four levels about zero (no restriction), 1 million negatives, 2 million negatives, and 5 million negatives. Finally, a cost-related attribute to create a forest restoration fund (one-time payment for a year) about restoring the damaged forest, and it is divided into 11 levels, ranging from ₩0 up to ₩50,000 (US$38.29)3 in increments by ₩5,000 (US$3.8). For the information, a general citizen pays about K₩6,700 (US$5.13) in government taxes for the forest sector (KFS) in 2020.

The experimental design, which includes all attributes and levels, is optimized as a discrete choice model following Hensher et al.'s (2005) framework. The attributes and levels were defined based on literature reviews, pilot studies, consultations with subject matter experts, and the relevant forest policies that could be implemented by the KFS. Based on this approach, in total, 200 choice sets were generated using efficient design principles. The efficiency of the design is reflected in a D-error of 0.101, A-error of 0.192, and S-error of 9.67, aiming to minimize the variance of WTP. These values were calculated using priors from a pilot study involving 77 respondents and 770 choice responses. The research survey is divided into four sections: the first section is about an environmental attitude inventory of 20 items selected with a 5-point Likert scale to understand latent environmental behaviors and environmental choices to the public (Milfont and Duckitt, 2010) because it is becoming an increasingly important part of environmental problem research. In the second part of the questionnaire, the scenarios are preferentially described in detail, providing information on forest fires, forest pest and disease damage, and forest restoration management in Korea. The respondents are then provided with detailed attributes and level descriptions and are shown an example of our CE (Appendix 1). The third section consists of 10 choice tasks, and respondents are asked to choose the preferred choice alternative among depicting SQ alternatives and two forest management policies (alternatives A and B) that would restore the deforested and degraded forests by these two forest risks. After selecting the choice sets, respondents answer the follow-up questions such as the reason for WTP resistances, two types of consequentiality questions, the propriety of attributes among five, and general socioeconomic questions. The attributes and levels used in the CE are outlined in Table 1. Visual images are used to represent each attribute level to counter problems of low literacy levels. In this questionnaire, a cheap talk notice is added to prevent respondents from overestimating their WTP (forest restoration fund) and remind them of their disposable income level before selecting the main choice tasks (Haghani et al., 2021, 2022).

This research mainly includes the first and second risk attributes of forest fires and forest pests and diseases. The third attribute is considered a restriction on forest-related outdoor activities (forest access restriction). A fourth attribute, biodiversity loss, is measured by the number of pine trees infected. Finally, choice sets include a one-time forest restoration fund contribution per household as the payment vehicle. The fund would be managed by a designated public authority (e.g., the KFS), responsible for implementing the restoration measures. All attributes and levels are described to respondents using visual icons and readable images to enhance understanding of risks and trade-offs. Respondents were presented with 10 choice tasks, each with three alternatives and varying attribute levels (e.g., Appendix 1). The 10 choice tasks, each containing 3 alternatives, are presented to respondents using the visual representations described to them in the second part of the survey. In each choice set, following the Discrete Choice Experiments (DCEs), respondents are asked several follow-up questions. In line with recent studies on incentive compatibility, respondents are asked several questions about their beliefs regarding the survey's consequentiality on a 5-point Likert scale. The techniques applied in our research to easily understand our reasonable scenario include making the choice setting as tangible and relatable as possible for the respondent. This has enhanced graphics and pictures in presenting choice alternatives as opposed to presenting attribute levels in words or numbers.

Before designing the final questionnaire, a pilot study was conducted from August–September 2023 via a face-to-face survey with a portable tap book to assist our questionnaire by a professional research company in Korea. For more information on this part, see Jeon (2025). The coefficient derived from this pilot study with 67 pilot studies (670 choice data) would be used a priori for the efficient design of the main research. As a result of the data analysis, some of the attribute and level coefficients were statistically significant with the expected sign, while others were statistically insignificant. Therefore, the partial results were used to derive the final experimental design. Positive responses were received from respondents, indicating that the pilot questionnaire regarding the status of national forest status was not difficult, visually appealing, and well written for ease of understanding, although some found it slightly long. To address this comment, we checked the overall framework of the questionnaire, and some questions that were redundant in the first section were modified, and the content was shortened by clarifying the lengthy information associated with the survey scenario in Section B. Therefore, the questionnaire was finally modified to allow respondents to complete the survey within 15–20 min. Appendix 1 is an example of a discrete choice set of experimental choice scenarios.



4 Empirical results


4.1 The sample demographics of respondents

The sampling design followed a stratified random sampling approach to ensure the demographic representation of the Korean adult population aged 20 and older. Respondents were recruited across all major administrative regions in Korea, including both metropolitan and rural areas, with quotas applied to achieve a balanced distribution in terms of gender, age, and income levels. While metropolitan areas (e.g., Seoul and Gyeonggi) are slightly overrepresented, the sample includes socioeconomic groups to reflect national variations.

Data were collected through in-person surveys administered by a professional survey company (ST Innovation), using a tablet-assisted questionnaire for real-time entry and quality control. A total of 1,021 individuals participated, yielding 10,210 valid choice responses, while not formally calculated, benefited from the professional fieldwork approach and face-to-face engagement. Although sampling weights were not applied in the estimation, the demographic breakdown (Table 2) indicates sufficient heterogeneity to support subgroup analysis and the generalizability of findings within the Korean context. Future applications of this methodology may further enhance representativeness by incorporating probability sampling frames or longitudinal panel design (Thompson, 1987).


TABLE 2 Demographic characteristics of respondents (N = 1,021).

[image: Table 2]

Of the 1,021 valid participants, 569 (55.7%) were female, and 621 (60.8%) were aged between 30 and 49. More than 70% of respondents held a bachelor's degree, and 60% were employed full-time. Moreover, approximately 40% reported a monthly income exceeding US$3,001. As the questionnaire is administered nationwide, responses were distributed across the following regions: Seoul (345, 33.8%), Incheon/Gyeonggi (290, 28.4%), Busan/Ulsan/Gyeongnam (140, 13.7%), Daegu/Gyeongbuk (100, 9.8%), Chungcheong (57, 5.6%), Jeonla (51, 5.0%), Gangwon (30, 2.9%), and JeJu (8, 0.8%). While metropolitan areas are somewhat overrepresented, the overall distribution suggests adequate national coverage.4



4.2 Result of latent environmental attitude and environmental behavior through a latent class application

To implement and support forest restoration management policies, understanding the environmental attitudes and behaviors of the public citizens is very important. This is because environmental issues are very closely connected with the public stakeholders. To capture latent environmental behavior types, respondents were asked to evaluate 20 statements on a 5-point Likert scale (see Appendix 2). These items, adapted from Milfont and Duckitt (2010), inform the principal component analysis used to derive latent class structure. The 20-item environmental attitude inventory used in this survey is presented in Appendix 2. To investigate how environmental attitudes and behaviors related to forest ecosystem services and forest threats influence willingness to pay (WTP) for forest management policies, we incorporated these measures into our modeling framework.

To begin with, this section tests the reliability, validity, and model fit of the structural equation model and analyzes how the latent variables derived affect actual WTP intention behavior through latent class analysis and IAL. As a first step, a principal factor analysis with IBM SPSS Statistics 28 (licensed) is conducted on the responses to the environmental attitude and behavior questions in Appendix 2. Before a principal factor analysis employs principal axis factor analysis, checking the data is necessary to ensure internal consistency and reliability. Cronbach's alpha, one of the reliability statistics, for 20 items shows a better fit of 0.826 than 0.7 criteria values in general, and testing the sampling adequacy, the result of Kaiser–Meyer–Olikin measure and Barlett's test of sphericity shows 0.86, showing the adequacy to be very appropriate, with a significance of 0.000 with Barlett's test of sphericity having 190 degrees of freedom (chi-square = 6,251.30), proving that our data are appropriate for factor analysis. In our data and model, all test statistics are fit and over the critical values, indicating that the structural model of environmental attitudes and behavior variables is adequate to explain the consequences of SFM and WTPs on forest ecosystem services.

According to Table 3, a five-factor solution appears appropriate, as the explained variance (58%) drops sharply after the fifth factor, with eigenvalues falling below 1 and factor loadings concentrated in the columns for factors 1–5 (Milfont and Duckitt, 2010; Everitt and Hothorn, 2010; Appendix 3). As summarized in Table 4 (Yoon and Ahn, 2020), respondents show a tendency to prioritize personal convenience and economic interests, despite being aware of the importance of the environment and nature (A3_6, A3_4, A2_2, A2_1, A3_5, A3_3). This suggests the existence of a latent class we refer to as the “human self-benefit-centered group,” which places more value on practical and economic benefits than environmental concerns. In contrast, another latent class—labeled the “environmental activity favorite group”—highly values the ecosystem services' role in providing stress relief, wellbeing, and happiness in natural settings (A1_3, A1_2, A1_4, A1_1). A third group, the “ecosystem sensitivity recognition group,” strongly acknowledges that the planet and natural ecosystems are at risk (A2_4, A2_3, A2_5, A1_5). A fourth group, characterized as the “actively environmental protection group,” expresses confidence in the potential of scientific and technological innovations to address environmental problems (A1_7, A3_7, A1_8, A1_6), indicating a pragmatic and solution-oriented mindset. Finally, a fifth group—the “passive environmental behavior group”—recognizes the value of daily energy-saving behaviors, such as electricity conservation and adjusting heating levels, as meaningful contributions to SFM (A3_1, A3_2). While these actions are relatively low effort, they reflect a form of engagement that may span all classes but is most distinct within this group (Appendix 4).


TABLE 3 Total variance explained to environmental attitude and behavior.

[image: Table 3]


TABLE 4 Latent environmental groups derived from principal component analysis.

[image: Table 4]



4.3 Follow-up questions

In this section, the results of responses to the main items in the second half of the questionnaire, along with follow-up questions, are examined. These include resistance to WTP, the rank of attribute prioritization, policy consequentiality, and difficulty of the questionnaire. First, in terms of WTP resistance, there are no unusual responses. For the main items related to forest government and forest policies, respondents emphasize the importance of government responsibility and show moderate response to the policy and tax instrument as a WTP measure. Second, respondents tend to be positive about the monetary value of forest protection and awareness of environmental threats such as forest fires, forest pests and diseases, and difficulty in preventing environmental disasters. Also, they were not interested in forests (Table 5).


TABLE 5 Results of follow-up questions.

[image: Table 5]



4.4 Results for modeling environmental choice behaviors and WTP estimation

To support the hypothesis in Section 2, this study estimates four environmentally oriented choice behavioral models: one basic model (MNL) and three IAL models (IAL I–III), each designed to test specific behavioral assumptions. These include latent class segmentation (IAL I), and ANA (IAL II), and resistance to cost-based attributes such as tax payments (IAL III). In the IAL II model, ANA is explicitly modeled to identify which attributes respondents systematically ignored during the decision-making process. The results reveal that a subset of respondents tended to ignore one or more attributes (levels)—most notably, the biodiversity loss attribute. This suggests that not all attributes were considered equally in the decision process, validating the need for the IAL specification. In addition, the estimated coefficients help interpret behavioral responses toward risk attributes. Because both forest fire and forest pests and diseases are framed as negative outcomes, a negative coefficient indicates risk-averse behavior (Diendere and Kabore, 2023; Reynaud and Nguyen, 2016; Botzen and Bergh, 2012). These risk attributes thus represent disutility: as risk levels decrease, utility (or WTP) increases, confirming an inverse relationship. The MNL model results show that the highest level of the forest fire attribute (Fire 4) is statistically significant at the 5% level, indicating that respondents are willing to pay to achieve the safest possible fire risk reduction. In contrast, for the forest pest and disease risk attribute, respondents' WTP peaks at the mid-level (Pest 3), suggesting a relatively lower valuation compared to fire risk. The third attribute, restriction to forest-related outdoor activities, is statistically significant across all levels, indicating that restricted access to forests as part of forest policy to manage degraded forest restoration is acceptable to respondents. It means that respondents would accept forest access restrictions, strong or weak, to reduce forest fires and pest and disease risks. Although the forest biodiversity loss attribute is not statistically significant, the sign of the coefficient is positive, indicating a positive effect on utility. As expected, the coefficient on the forest restoration cost is negative, indicating that the probability of bid payment decreases as the bidding price increases. Finally, the highly significant and positive ASC coefficient confirms a general preference for new forest restoration policies over the status quo.

Next, the IAL I model has better model fitness values [log-likelihood −9,281.022, Akaike Information Criterion (AIC) 18,598.05] than the traditional MNL model (log-likelihood −10,715.15, AIC 21,460.31). In this model assumption 1, assumptions 1 and 2 are assumed to be deterministic, assumptions 3 and 4 are assumed to be probabilistic in the environmental decision-making choice behavior, and the results of the IAL model I show that class 2 and 4 are statistically significant at 1% level, indicating that both deterministic and stochastic behavior exist. However, class 3, choosing only Options A and B stochastically, is not statistically significant, so this hypothesis cannot be rejected.

Next is the IAL II model with ANA, which shows a lower fit than the traditional MNL model but is not significantly different from IAL I. The IAL II model is estimated by imposing zero constraints on each attribute to test for ANA. The results indicate no evidence of full ANA. However, when zero constraints were applied to levels 3 and 4 of the biodiversity loss attributes in class 6 of the IAL with ANA II (Table 6), the coefficient for class 6 was not significantly different from zero, suggesting that levels 3 and 4 were characterized by ANA. Next is the IAL III model, which is better than the original MNL model but not significantly different from IAL I and IAL II. It includes more realistic assumptions than the original model, and the assumptions of resistance to the means of paying taxes and the latent environmental attitude group are added to the model, and the results are statistically significant at the 1% level for both variables, indicating that respondents with resistance to the means of paying taxes and latent environmental attitudes of preferring to enjoy the benefits are more WTP negatively.


TABLE 6 Estimation of multinomial logit (MNL) and independent availability (IAL) logit model I–III for environmental choice behaviors.
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Table 7 reports the WTP estimates under four behavioral models, highlighting the superior fit of the IAL III: the forest fire risk attribute has a WTP of ₩4,558.1 (US$3.49)–₩7,160.2 KRW (US$5.48), and the forest pest risk has a WTP of ₩3,452.8 (US$2.64)–₩6,952.5 KRW (US$5.32). The forest access restriction attribute has a WTP of ₩KRW 3,197.0 (US$2.45)–₩KRW 8,014.5 (US$6.14). Forest biodiversity loss does not have a statistically significant value and was characterized by a wide distribution of WTP. It is noteworthy that in the IAL III model, the reluctance to pay taxes shows a WTP of about ₩−18,435.9 KRW (US–$14.12), and the latent environmental attitude variable shows a WTP of about ₩−34,807.2 KRW (–$26.66), which is the largest value among the WTP variables. The results of estimating the WTP for each attribute and level using the four models are shown in Figure 1.


TABLE 7 Willingness-to-pay estimates by various models.

[image: Table 7]


[image: Figure 1]
FIGURE 1
 Willingness-to-pay (WTP) estimation of attributes and levels by multinomial logit, independent availability logit model I, independent availability logit model II, and independent availability logit model III.


Figure 2 shows the density distribution of individual WTPs based on the model estimation results in Table 6. The distribution reflects heterogeneity in preferences, including the presence of negative WTP values, which arise from negative utility associated with the forest fire and forest pest attributes. Figure 2 highlights these variations, particularly negative WTP existing for tax payments among certain respondent classes.


[image: Figure 2]
FIGURE 2
 The density distribution of individuals' willingness to pay by different models. WTP, willingness to pay; MNL, multinomial logit model; IAL, independent availability logit.


Table 8 presents the estimation results for each model—MNL, IAL I, and IAL II—following the segmentation of the total sample into distinct latent environmental classes using principal component analysis. These results highlight notable differences in environmental behavior and decision-making across latent classes. While direct comparison of model coefficients may be limited, the analysis offers meaningful insights into the diverse ways citizens approach environmental decisions on their environmental concerns, values, and preferences.


TABLE 8 Estimate results of multinomial logit and independent availability logit with environmental choice behaviors based on latent class analysis.
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This research contributes by assessing public attitudes toward key policy instruments and applying advanced statistical methods to better understand and support the environmental decision-making process. The findings can inform policymakers about which groups are more responsive to certain restoration policies, payment mechanisms, or communication strategies.

Given the inherent complexity of aligning individual, national, social, economic, and cultural perspectives on environmental issues, a one-size-fits-all policy approach is often ineffective. Instead, segmenting respondents' environmental attitudes and behavioral tendencies—using the latent class model and IAL models—enables the design of targeted, group-specific policies. While this approach introduces analytical complexity, enhancing the relevance, acceptance, and overall success of forest restoration and environmental initiatives is vital.




5 Conclusion

Understanding how individuals make environmental decisions is vital for effective policy design, especially in the context of forest restoration under increasing ecological threats. Using Korea as a case study, this research applied advanced choice modeling approaches—including independent availability logit and latent class models—to assess heterogeneous environmental attitudes, ANA, and WTP.

The findings reveal that respondents do not uniformly consider all policy attributes; instead, they selectively ignore certain information or rely on latent preferences, which significantly influence their WTP. Importantly, both deterministic and probabilistic choice behaviors were identified, and these behaviors were linked to underlying environmental attitudes. For example, individuals in the “human self-benefit-centered” group expressed significantly lower WTP for restoration, underscoring the challenge of engaging in less environmentally motivated segments of the population.

These insights have direct policy relevance. First, restoration programs should not adopt a one-size-fits-all approach. Tailored strategies—such as targeted messaging, educational outreach, and differentiated payment schemes—should be used to engage different latent attitude groups. Second, the strong resistance to tax-based financing suggests a need to explore alternative funding mechanisms, such as voluntary contribution schemes, corporate partnerships, or ecosystem service credits. Third, the partial presence of ANA highlights the importance of simplifying communication about policy options and using clear, relatable visuals to improve public understanding.

In sum, this study emphasizes the critical role of behavioral segmentation in environmental policy and provides a practical framework for integrating public heterogeneity into forest restoration strategies. Future research should continue to explore these dynamics in other contexts and test interventions that can shift latent preferences toward stronger pro-environmental support.
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Footnotes

1Ethical approval procedures are followed, and permission is obtained from the University of Stirling for this research (15/03/2023; see Appendix 5).

2Pine wilt is a dramatic disease that typically kills affected trees within a few months. The causal pathogen is the pine wood nematode. Tree death usually progresses from the top of the tree downward. Needles change from their normal color to a grayish-green color and finally a tan to brown color. The disease is most serious in pine species not native to North America, with the greatest impact in landscape plantings and windbreaks. The tree's age also influences susceptibility, with an increased risk of developing pine wilt when trees are greater than 10 years of age. Worldwide, the problem is an epidemic in Japan and other parts of Asia, where it is the native pine forests that are at risk.

3In 2023, US$1 is equal to ₩1,305.8 Korean won (KRW; https://ecos.bok.or.kr/#/SearchStat).

4The population distribution is added by region in Korea per 2020 Korea statistics (kssc.kostat.go.kr) as follows: Seoul, 19.2%; Incheon/Gyunggi, 30.1%; Usan/Ulsan/Gyungnam, 15.1%; Daegu/Gyungbuk, 10.0%; Chungcheong, 11.2%; Jeonla, 10.0%; Gangwon, 3.1%; and JeJu, 1.3%.
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Reason for WTP resistance Tax resistance - - - - - —3.248 —0431 -3.321 =2729 —2484 —0.267 —1.461 —2470 —0.314 —5.761
(tare) (=2283) | (=1351) | (—4121)***| (-2.859)"* | (-2.662)" | (—0489) | (-2.748)*  (-5210) (=0.720) (~2473)*
Model fitness criteria Log-likelihood | —1,340.191 | —-2,248.104 | —2482739 | —1681.377 | —2861.235  —1,146726 —2,140.523| —2073.468 ~—1470.824) —2,488.154 —1229.341| —2068.672) —2072612 | —1544.177 | —2,376236

ASC, alternative specific constant; WTP, willingness to pay.
“Statistically significant at the 10% level. *Statistically significant at the 5% level. **Statistically significant at 1% level. ***Statistically significant at the 0% level.
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Attributes, levels, and variables MNL IAL with ANA 1| with ANA [1I
Forest fire risk* Fire 2 W1,346.9 W1,668.0 W1,698.6 W4,558.1
(US$1.03) (US$1.28) (US$1.30) (US$3.49)
Fire 3 W2,674.4 W3,429.8 W3,314.9 W7,160.2**
(US$2.05) (US$2.63) (US$2.54) (US$5.48)
Fire 4 W6,589.4" W5,856.2% W5,773.5% W6,634.4"*
(US$5.05) (US$4.48) (US$4.42) (US$5.08)
Forest pest and diseases risk* Pest 2 W1,675.3 W3,596.8** W3,475.5% W6,952.5°
(US$1.28) (US$2.75) (US$2.66) (US$5.32)
Pest 3 W6,513.8"* W6,891.2%* W6,767.1%* W6,011.1%*
(US$4.99) (US$5.26) (US$5.18) (US$4.60)
Pest 4 W3,314.9 W3,739.7 W3,452.8" W4,222.2%
(US$2.54) (US$2.86) (Uss$2.64) (US$3.23)
Restriction on forest-related outdoor Restrn 2 W8,014.5"* W5,764.3*% W5,547.4%* W—664.6
activities (no. tourist restriction) (US$6.14) (US$4.41) (US$4.25) (US$-0.51)
Restrn 3 W7,061.8** W4,843.6** W4,610.6" W—4257
(US$5.41) (US$3.71) (US$3.53) (US$-0.33)
Restrn 4 W4,905.5* W3,582.0 W3,197.0%* W—2,089.4
(US$3.76) (US$2.74) (US$2.45) (US$-1.60)
Forest biodiversity loss Biolos 2 W3,411.4 W3,054.9 W3,464.8 W513.2
(no. of pine trees infected) (US$2.61) (US$2.34) (US$2.65) (US$0.39)
Biolos 3 W1,295.8 W1,484.1 W3,075.5 W2,280.1
(US$0.99) (US$1.14) (US$2.36) (US$1.75)
Biolos 4 W75.9 W—667.7 W856.1 W—1,239.1
(US$0.06) (US-$0.51) (US$0.66) (US-$0.95)
Tax payment resistance Tare - - - W—18,435.9"
(US-$14.12)
Latent environmental attitude A3_6 - - - W-34,807.2*
(US$-26.66)

MNL, multinomial logit model; IAL, independent availability logit; ANA, attribute non-attendance; ASC, alternative specific constant.
*Two risk attributes are given absolute values for easy explanation.

**Statistically significant willingness to pay at the attribute level in Table 6.
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Variables Description of variables Frequencies Standard
(ratio) deviation
Gender 1. Male 452 (44.3%) 1.56 0.49
2. Female 569 (55.7%)
Age 1.20-29 178 (17.4%) 2.6 (40.47) 116
2.30-39 352 (34.5%)
3.40-49 269 (26.3%)
4.50-59 140 (13.7%)
5.60+ 82 (8.0%)
Education 1. Primary school or below 3(0.3%) 3.96 0.57
2. Secondary school 7 (0.7%)
3. High school 146 (14.3%)
4. University 732 (71.7%)
5. Postgraduate or above 133 (13.0%)
Employment status 1. Students 43 (4.2%) 213 1.59
2. Employed full-time 613 (60.0%)
3. Housekeeper 173 (16.9%)
4. Public officer 67 (6.6%)
5. Unemployment 64 (6.3%)
6. Other 61 (6.0%)
Monthly income level (in USD) 1. Below ¥2,000,000 ($1,538) 112 (11.0%) 3.23 1.34
2.W2,000,000-%2,900,000 225 (22.0%)
($1,538~$2,231)
3. %3,000,000-%3,900,000 265 (26.0%)
($2,308~$3,000)
4. W4,000,000-¥4,900,000 155 (15.2%)
($3,077~$3,769)
5. More than ¥5,000,000 ($3,846) 264 (25.9%)
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Component

Initial eigenvalues

Extraction sums of squared

Rotation sums of squared

loadings loadings

Total % of Cumulative Total % of Cumulative = Total % of Cumulative

variance = percentage variance = percentage variance  percentage
1 5.13 25.66 25.66 513 25.66 25.66 275 13.75 1375
2 2.83 14.17 39.84 283 1417 39.84 269 13.47 27.23
3 1.40 7.03 46.87 1.40 7.03 16.87 232 1161 38.84
4 124 621 53.09 124 621 53.09 220 11.01 49.86
5 1.03 5.16 58.25 1.03 5.16 58.25 1.67 839 58.25
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Levels

Level 1 Level 2 Level 3 Level 4
Attributes
Forest fire risk ‘ ‘ ‘ ‘
(Red, 851) * (Orange, 66-85) (Yellow, 51-65) (Blue, 511)
Forest pests and diseases risk " n

(Orange)

(Yellow)

(Blue)

Restriction on forest-related
outdoor activities

(0~-1 million)

(—1~-2 million)

(—2~-5 million)

Biodiversity loss
(number of pine trees damaged)

(—300,000 to —400,000 trees) *

i

(—200,000 to —300,000 trees)

(—100,000 to —200,000 trees)

i

(0 to —100,000 trees)

Forest recreation fund

Kwo*

KW1-KW25,000 won
($0-$19.14)

KW25,100-KW35,000 won
($19.22-$26.80)

KW35,1000-K%50,000 won
($26.88-$38.29)

*Represents the status quo condition.
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Attributes/Variables Attribute and MNL IAL | IAL with ANA I IAL with ANA 111

levels " " : -
Estimate Estimate Estimate Estimate
Forest fire risk Fire 2 (Orange, 75) —0.022 —0.044 —0.033 —0.125
(~0.552) (~0.832) (~0.631) (—2.459)*
Fire 3 (Yellow, 60) —0.044 —0.089 —0.073 —0.198
(—1.024) (—1.569) (—1.28) (—3.578)*
Fire 4 (Green, 50) —0.109 —0.148 —0.122 —0.184
(—2.488)* (=2.55) (—2.089)* (=3.289)*
Forest pest and diseases risk Pest 2 (Orange, 75) —0.027 —0.091 —1.754 —0.193
(—0.679) (—1.738) (—10.514)*** (=3.729)"*
Pest 3 (Yellow, 60) —0.107 —0.176 —1.813 —0.166
(=2.374)* (—2.986)** (=11.096)** (—2.896)*
Pest 4 (Green, 50) —0.054 —0.096 —1.913 —0.117
(~1.161) (—1.584) (—11.173)%* (~1.957)
Restriction on forest-related Restrn 2 0.132 0.138 0.161 —0.018
outdoor activities (no. tourist (0-1 million) (3.190)** (2.584)* (2.982)** (=0.350)
restriction)
Restrn 3 (1-2 0.116 0.118 0.137 —0.011
million) 2712)* (2.106)* (2.432)* (~0.213)
Restrn 4 (2-5 0.081 0.088 0.111 —0.058
million) (1.801) (1.491) (1892) (~0.994)
Forest biodiversity loss Biolos 2 0.056 0.071 0.052 0.014
(no. of pine trees infected) (100,000-200,000) (1.317) (1.296) (0.973) (0.261)
Biolos 3 0.021 0.032 0.011 0.063
(200,000-300,000) (0.489) (0.581) (0.215) (1.130)
Biolos 4 0.001 —0.021 —0.086 —0.034
(300,000-400,000) (0.028) (—0.362) (=1.503) (—0.445)
Forest restoration fund Cost —0.016 —0.024 —0.024 —0.027
(—15.395)** (—16.526)** (—16.502)*** (—18.277)***
Alternative option Asc-A 0.648 0.207 0.428 0.586
ASC (9.976)*** (2.472)* (5.337)*** (6.924)***
Asc-B 1.059 0.8728 1.085 1.246
(16.496)** (10.38)%** (13.493)"* (14.181)**
Behavioral decision Deterministic Class 2 = —1.232 —1.151 —1.245
type (—7.395) *+* (=7.172)%* (=5.149)***
Probabilistic Class 3 - 0.151 —1.158 0.025
(0.904) (5.051)*+* (0.104)
Probabilistic Class 4 - 0.984 —0.508 1.443
(8.865) *** (—3.239)** (4.570)***
Attribute non-attendance assumption Class 5 - - 0.1337 —0.117
(0.759) (—0.480)
Class 6 - . 0.8776 —0.413
(7.723)*+* (—0.534)
Resistance of tax payment Tare - - - —0.512
(-2.164)*
Latent environmental attitude (A3_6) A36 - - - —0.966
(—4.052)%*
Model fitness criteria Log-Likelihood, —10,715.15, —9,281.022, —9,281.24, 18,602.48 —9,439.622, 18,923.24
AIC 21,460.31 18,598.05

t-values are in parentheses. ANA, attribute non-attendance; AIC, Akaike information criterion; ASC, alternative specific constant.
“Statistically significant at the 10% level. *Statistically significant at the 5% level. **Statistically significant at 1% level. ***Statistically significant at the 0% level.
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Categories Componel Component 2 Component 3 Component 4 Comp:

Question items A3_6,A3_4, Al_3,Al12, A2_4,A23, Al1_7,A37, A3_1,A32
A2.2,A2 1, Al_4,A1_1 A2_5,A1.5 Al_8,A1_6
A3_5,A3_3

Ratio (N = 1,021) 150 (14.7%) 138 (13.5%) 206 (20.2%) 281 (27.5%) 246 (24.1%)

Group characteristics Human Environmental activity Ecosystem sensitivity Actively environmental Passive
self-benefit-centered group favorite group recognized group protection group environmental group
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Questions Mean Standard

deviation
1.1 cannot afford to pay. 331 0.99
2.Thave a better option near where I would go 351 0.80
to.
3. It is not feasible to stop the release of forest 276 1.02

pests and bushfires.

4.1do not want to put a monetary value on 267 1.07
protecting forests.

5.1 do not recognize the risks and threats to 294 1.03
forest ecosystem services.

6. The payment method is inappropriate. 3.01 1.05
7.1 pay enough tax already. It is the 343 0.98
government’s responsibility.

8. The benefits I receive are not worth my rate 328 0.97
increases.

9.Tam not interested in forests. 245 1.05
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