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Introduction 
 
Predicting Motivations to Engage in Interpersonal Sanctioning 
 
There are a variety of potential factors suggested by the literature that may motivate individuals to 
confront resource threats and engage in interpersonal sanctioning. Research has consistently illustrated 
that constructs such as environmental values, risk perceptions, and stakeholder capacity are critical for 
behavioral change and to inform understandings of stakeholder engagement with the environment in 
general (e.g., value-belief norm theory; Stern, Dietz, Abel, Guagnano, & Kalof, 1999; Bruskotter & 
Fulton 2008; Jansson et al. 2011). Moreover, research on pro-environmental behavior adoption has 
highlighted the power of individuals’ values in predicting the early adoption of eco-innovation, such as 
alternative fuel vehicles (Jansson, Marell, & Nordlund, 2011), and have also been highlighted as key 
predictors of climate change concern and action (Corner, Markowitz, & Pidgeon, 2014; Hornsey, Harris, 
Bain, & Fielding, 2016). To date however, prior literature has not examined the degree to which these or 
other factors predict interpersonal sanctioning behaviors.  

Therefore, in the present research we focused on several categories of predictors from past 
literature that may contribute to interpersonal sanctioning motives in the context of C&R. These included 
individuals’ personal values (e.g., environmental concern, importance of fishing for economic and 
recreational value; Arlinghaus, 2006), awareness of the potential negative impacts of angling practices 
(e.g., perceived negative impacts of air exposure), and relevant demographic characteristics such as age 
and time spent fishing. Importantly, an underlying goal in the selection of possible predictors was to 
identify a subset of constructs from the broader literature which we thought were directly relevant to C&R 
anglers in the region and capable of being measured parsimoniously and efficiently within a field setting. 
 
The Present Research 

In the work reported here, our goals were twofold: first, to measure the degree of support for 
interpersonal sanctioning in a C&R fishery; and second, to examine the factors that motivate such 
interpersonal communication. Based on our review of the literature, we anticipated that a variety of 
measurable factors would predict greater motivations to engage in interpersonal sanctioning. We therefore 
developed a survey instrument that allowed us to simultaneously measure willingness to sanction and our 
various predicted correlates of sanctioning behavior (i.e., values, awareness of best practices and 
environmental risks, demographics). These surveys were deployed in the field as part of a broader 
research project that was concurrently conducted to investigate how the target species (Golden Dorado, 
Salminus brasiliensis) responds to C&R practices (Gagne et al., 2017). To our knowledge, this paper 
provides the first examinations of the predictors of recreational anglers’ intentions to interpersonally 
sanction others in a C&R fishery context. 

 
Detailed Descriptions and Justifications Of Predictor Selection 
 

Personal values. Concern about the environment has been found to be a consistently reliable 
predictor of personal pro-environmental behavior (e.g., de Groot & Steg, 2009; Poortinga, Steg, & Vlek, 
2004; Stern et al., 1999) and intentions to engage in collective actions (e.g., marches, sign petitions) to 
rectify environmental damage (e.g., Lubell, Zahran, & Vedlitz, 2007). Values are considered to be among 
the strongest predictors of engagement with environmental issues (c.f., Corner et al., 2014); a recent meta-
analysis in the context of climate change concern found that pro-environmental values were more robust 
predictors of issue engagement than other factors, including knowledge and demographic characteristics 
(Hornsey et al., 2016). Therefore, we expected that the role of personal values in environmental 
engagement would extend to the motivation to sanction others for engaging in harmful practices in the 



context of C&R. We expected that factors signifying greater environmental concern (e.g., the perception 
that one is more concerned about the environment than other anglers) and valuing fishing as a key part of 
one’s lifestyle and identity would predict individuals’ willingness to intervene and engage in sanctioning 
of others who practice C&R techniques deemed harmful. 

Awareness of best practices and environmental risks. A second set of predictors that were 
included to motivate sanctioning relate to knowledge of best practices and awareness/perception of 
environmental threats. Research in other conservation contexts has found that heightened levels of 
awareness of harmful versus beneficial practices and risk perceptions of environmental problems are 
typically associated with an increased desire to take personal action to address these issues (e.g., Greiner, 
Patterson, & Miller, 2009; Tam & McDaniels, 2013; Weber, 2006). Thus, environmental risk perceptions 
and factors that enhance one’s perceptions of threats to the resources (e.g., perceptions of discord and 
conflict in the fishery; beliefs about the extent to which the fishery is a positive contributor to the region) 
might motivate individuals to take action that mitigate these risks. We also anticipated that individuals 
who were more aware/supportive of engaging in best practices themselves (in this case, not exposing fish 
to air for prolonged periods of time) would be more willing to engage in interpersonal sanctioning as a 
measure of motivating others to engage in these same practices. 

Demographic characteristics. Finally, we included a series of items to measure demographic 
characteristics in general (e.g., age) and characteristics specific to angling (e.g., years spent fishing). As 
mentioned prior, past research has found that demographic factors tend to be weaker predictors of 
environmental engagement than the other predictors described thus far (Hornsey et al. 2016). 
Nevertheless, given the context of the fishery and the exploratory nature of this research, we thought it 
important to include relevant demographics in our models. In particular, as some past research suggests 
that increased age is associated with lower conservation intentions (see Hornsey et al. 2016), we included 
age with the expectation that older individuals would report fewer sanctioning intentions than younger 
anglers. We also included context-specific demographics in the models, such as how many years 
individuals have spent fishing, and how much of their time per year they devote to fishing. However, we 
did not formulate strong predictions about the effects of these measures. On the one hand, greater time 
spent fishing could signify a greater positive value of the resource and thus amplify environmental 
concern. On the other hand, longer periods of time spent fishing in the past could result in a greater 
familiarity and preference for habitual practices, which may not necessarily promote the sustainability of 
the fishery. Furthermore, as characteristics such as years spent fishing clearly covary with the age of the 
angler, we were less certain regarding how factors such as this would influence support for sanctioning 
when entered into a model simultaneously with age. 
 
Method 
 
Detailed Description of Survey Distribution 
 
Participants and Procedure 
 Opportunistic field sampling and internet-based social media distribution were used to contact 
potential survey respondents. The sample population included anglers who were familiar with targeting 
golden dorado on the Juramento River. The survey delivery period coincided with one of the two primary 
golden dorado fishing seasons in the watershed. The survey instrument was constructed in English and 
translated in to Spanish. The survey was hosted by QuestionPro (Seattle, WA, USA) and responses were 
limited to one survey per Internet protocol (IP) address based on recommendations by Bowen, Daniel, 
Williams, and Baird (2008). The survey protocol was approved by the Institutional Review Board at the 
University of Massachusetts Amherst (Protocol ID: 2015-2517). The social media portal was a local 
regional guiding operation’s Facebook page with 3100 followers, on which regional fishing information 
is distributed.  
 
Predictor Development Methodology 



 
Personal values. Four items were included to measure different personal values related to the 

environment and to fishing. One item measured participants’ self-reported importance of catching dorado 
compared to different species (M = 6.42, SD = 0.92), while another asked about the importance of fishing 
as part of their lifestyle (M = 6.10, SD = 1.39; 1 = not important, 7 = very important). Two items were 
included to measure direct (“How concerned do you feel about protecting the local environment?”, 1 = 
not concerned, 7 = very concerned) and relative environmental concern (“Compared to most anglers you 
know, how concerned are you about protecting the local environment?”, 1 = much less concerned, 4 = 
equally concerned, 7 = much more concerned). When asked about concern for the environment, 77.8% of 
respondents expressed that they are “very concerned” (highest possible value) about environmental 
protection. We therefore did not include the first item in the regression models due to severe skew and 
ceiling effects generated by the question wording. A somewhat more normally-distributed response was 
found when anglers were asked to report relative environmental concern (M = 5.51, SD = 1.37), and thus 
this measure was retained for analysis. 

Perceived risks, knowledge and familiarity, and attitudes toward best practices. A series of 
measures were included to tap into constructs related to risk perceptions including harvest threat (1 item; 
“To what extent do you believe the dorado population is threatened by current illegal harvest?”;  M = 
6.47, SD = 1.18; 1 = not threatened, 7 = very threatened), concerns about tensions in the fishery (1 item; 
“How concerning are tensions and/or conflicts between land owners adjacent to the Rio Juramento and 
anglers on a scale of 1-7?”; M = 5.37, SD = 1.97;1 = not concerning, 7 = very concerning), and the 
perceived community impact of C&R (2 item composite; e.g., “Do you think recreational fishing has a 
mostly positive or negative impact on your community?”, M = 5.14, SD = 1.42, r = .58, p < .001; 1 = 
very negative, 4 = mixed, 7 = very positive). Familiarity with effective local fisheries management was 
assessed using a single item (e.g., “How familiar are you with the management techniques, approaches, 
and procedures used to make decisions about the Dorado fishery?”; M = 4.94, SD = 2.03; 1 = not 
familiar, 7 = very familiar). Anglers were also asked to rate their willingness to ensure that landed fish 
(i.e., captured) would remain fully submerged prior to release, which served as our measure of personal 
intentions to engage in best practices (“How likely would you be willing to make sure any fish you catch 
remains fully submersed in the water prior to release?”; M = 5.83, SD = 1.69; 1 = not likely, 7 = very 
likely). 

Angler demographics. To categorize anglers, the survey asked questions about angler 
segmentation (i.e. gear choices, C&R vs. harvest, annual fishing days) along with a number of traditional 
demographic classification variables (i.e. salary, province of origin, age). Due to response rates, the 
majority of these items were only examined for descriptive purposes and were unable to be used in the 
regression analyses. Age (M = 3.60, SD = 1.17, 1 = < 20 years,  7 = 70+ years), fishing days per year 
(“How many days have you fished in the last 12 months?”; M = 2.80, SD = 1.02; 1 =  < 10 days, 4 = 50+ 
days), and years fishing (“How many years have you been fishing?”; M = 4.61, SD = 1.57; 1 = < 1 year, 
6 = 21+ years) demonstrated acceptable psychometric properties and were thus included in the regression 
analyses. 
 
  



Results 
 
Descriptive Results of Sanctioning Measures 

Across the four items forming the composite of sanctioning intentions, participants reported 
moderate-to-high levels of sanctioning intentions (M = 4.80 on 7-point scale), with a moderate 
degree of variability (SD = 1.59, skewness = -.35). Two separate semi-closed ended response 
questions also asked about what specific actions anglers would take in response. None of the 
respondents said they would ignore the action. The highest proportion stated they would inform 
the authorities (38.3%), followed by asking anglers to not perform the action in the future (34%), 
and confronting the angler directly (17.02%). Additional angler demographics are reported in the 
manuscript under table 1. 
 
Conventional Multiple Regression Analyses Results 
 

Regression model tables are presented with coefficient estimates, t-values, individual p-
values and lmg relative importance values (Grömping, 2009; Lindeman, 1980). Lmg, which is a 
metric for assessing relative importance of variables in linear models, is a decomposition of the 
model explained variance in to a non-negative contribution value. To assess model fit and 
comparison, we performed a model selection technique using AICc (Akaike information 
criterion with correction for small sample sizes) and report the top 4 models (see Table S4). 

A few moderately high correlations were observed (0.5 ≤ r ≤ 0.6), though with multi-
collinearity tests, the variance inflation factor (VIF) was within specifications (√VIF < 2). We 
therefore performed a multiple regression analysis including our full parameter set under 
consideration. Table S3 depicts the results of this analysis. This model explained 55.6% of the 
variance in sanctioning intentions. The likelihood of zero air exposure in an angling event 
emerged as the strongest predictor of sanctioning with the greatest relative importance (b = .509, 
SE = .131, p < .001, lmg = .358). Importance of fishing for one’s lifestyle (b = .506, SE = .181, p 
= .009, lmg = .126) and perceived environmental concern relative to others (b = .362, SE = .150, 
p = .022, lmg = .179) also positively predicted sanctioning intentions. Age (b = -.363, SE = .171, 
p = .041, lmg = .052) and importance of fishing for dorado in particular negatively predicted 
sanctioning intentions (b = -.487, SE = .247, p = .058, lmg = .043). None of the other variables 
significantly predicted sanctioning intentions at conventional thresholds of statistical significance 
(b’s < .20, p’s > .100). 

AICc model selection. Table S4 displays the top ranked AICc models (i.e., those with 
the lowest AICc values), as well as the original regression model for comparison. The model 
with the best AICc value (138.946) explained 59.2% of the variance. In this reduced model (see 
Table S5), years fishing, days per year spent fishing, perceived threat to dorado harvest, and 
perceived community impact of C&R were dropped by the AICc selection. Likelihood of zero 
air exposure remained the top model contributor (b = .521, SE = .118, p < .001, lmg = .409), 
followed by relative environmental concern (b = .315, SE = .137, p = .028, lmg = .173) and 
importance of fishing for one’s lifestyle (b = .444, SE = .127, p = .001, lmg = .167). Age (b = -
.399, SE = .143, p = .009, lmg = .065) and importance of fishing for dorado (b = -.484, SE = 
.216, p = .032, lmg = .050) negatively predicted sanctioning intentions. Management familiarity 
marginally positively predicted sanctioning intentions (b = .179, SE = .100, p = .082, lmg = 
.057), while concerns about tensions in the fishery was not a significant predictor (b = .053, SE = 
.099, p = .592, lmg = .079). 



The other top 3 models reported similar, though reduced numbers of predictors and AICc 
values (ΔAICc < 3). For example, the 4th ranked model only retained the predictors age, 
significance of fishing for one’s lifestyle, concern about tensions in the fishery, likelihood of 
engaging best practices, and relative environmental concern. These predictors emerged in each 
model examined, and this parsimonious model had a better AICc value (141.541) than the full 
original model (152.345), while accounting for almost the exact amount of variance (55.3%) as 
the full model (55.6%). These results suggest that a model with a reduced number of predictors 
can account for the data similarly well to our original full model. Furthermore, these results 
provide converging evidence for the robustness of several of the hypothesized predictors, 
particularly those of age, importance of fishing to one’s lifestyle, likelihood of engaging in best 
practices, and relative environmental concern. 

 
Table S2. Pearson’s r correlation coefficients for angler survey metrics. 

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) 
Fishing Days Per 
Year (1) 

1           

Years Fishing (2) .249 1          
Age (3) .260 .507*** 1         
Management 
Familiarity (4) 

.066 .052 .186 1        

Dorado Importance 
(5) 

.244 -.156 -.046 .306* 1       

Fishing 
Significance (6) 

.591*** .226 .154 .255 .389*** 1      

Tension Concern 
(7) 

.164 .140 .083 .398** .182 .206 1     

Harvest Threat (8) .121 -.253 -.206 -.195 .174 .187 .057 1    
Likelihood of Zero 
Air Exposure (9) 

.268 .001 -.003 .128 .459** .182 .310* .315* 1   

Community Impact 
(10) 

.177 -.076 -.175 .187 .465*** .428** .255 .234 .265 1  

Environmental 
Concern (11) 

.189 .041 .069 .239 .051 -.037 .074 -.149 .276 -.077 1 

Sanctioning 
Intention (12) 

.265 -.018 -.186 .295* .263 .416** .307* .231 .582*** .253 .454*** 

Note. *p < .05, **p < .01, *p < .001 
 
Table S3. Multiple regression table for the full regression model predicting sanctioning behavior and intentions by 
Juramento River dorado catch-and-release anglers. 

Predictors  b SE t-value p-value lmg 
(Intercept) -0.103 1.908 -0.054 0.957  

Fishing Days Per Year -0.185 0.210 -0.882 0.384 0.035 
Years Fishing 0.006 0.131 0.048 0.962 0.005 

Age -0.363 0.171 -2.130 0.041 0.052 
Management Familiarity 0.175 0.108 1.623 0.114 0.059 

Dorado Importance -0.487 0.247 -1.969 0.058 0.043 
Fishing Significance 0.506 0.181 2.794 0.009 0.126 

Tension Concern 0.062 0.103 0.601 0.552 0.069 
Harvest Threat 0.079 0.165 0.479 0.635 0.046 

Likelihood of Zero Air Exposure 0.509 0.131 3.903 < .001 0.358 
Community Impact 0.011 0.150 0.073 0.943 0.028 

Environmental Concern 0.362 0.150 2.406 0.022 0.179 
      

Model Summary: Adjusted R2 0.556     
Note. b’s denote unstandardized regression coefficients. 
 

 



 
Table S4. Automated Regression Model Selection using AICc. 

Model 
Rank 

Model Predictors AICc ΔAICc R2 Adj. 
R2 df 

1 

 
Age + Management Familiarity + Dorado 
Importance + Fishing Significance + Tension 
Concern + Likelihood of Zero Air Exposure + 
Environmental Concern 
 

138.946  .659 .592 7,36 

2 

Fishing Days Per Year + Age + Management 
Familiarity + Dorado Importance +  Fishing 
Significance + Tension Concern + Likelihood of 
Zero Air Exposure + Environmental Concern 
 

141.236 2.290 .667 .591 8,35 

3 

Age + Management Familiarity + Fishing 
Significance + Tension Concern + Likelihood of 
Zero Air Exposure + Environmental Concern 
 

141.483 2.537 .611 .548 6,37 

4 
Age + Fishing Significance + Tension Concern + 
Likelihood of Zero Air Exposure + 
Environmental Concern 

141.541 2.595 .604 .553 5,39 

       

Full 

Fishing Days Per Year + Years Fishing + Age + 
Management Familiarity + Dorado Importance + 
Fishing Significance + Tension Concern + 
Harvest Threat + Likelihood of Zero Air 
Exposure + Community Impact + Environmental 
Concern 

152.345 13.399 .670 .556 11,32 

 
 
Table S5. Multiple regression table for the final model predicting sanctioning behavior and intentions by Juramento 
River dorado catch-and-release anglers. 

Predictors  b SE t-value p-value lmg 

(Intercept) 0.690 1.395 0.495 0.624  

Age -0.399 0.143 -2.782 0.009 0.065 

Management Familiarity 0.179 0.100 1.792 0.082 0.057 

Dorado Importance -0.484 0.216 -2.235 0.032 0.050 

Fishing Significance 0.444 0.127 3.511 0.001 0.167 

Tension Concern 0.053 0.099 0.540 0.592 0.079 

Likelihood of Zero Air Exposure 0.521 0.118 4.423 < .001 0.409 

Environmental Concern 0.315 0.137 2.295 0.028 0.173 
      

Model Summary: Adjusted R2 0.592     
Note. b’s denote unstandardized regression coefficients. 
 

 
 
 



 
 
LASSO Model  
 

Figure S1. A visualization of the LASSO regression coefficients. Each curve corresponds to a variable. 
The path of the coefficient value (x-axis) against the range of lambda (y-axis) highlights the penalization 
effect that lambda invokes. The dotted line at lambda .089 is a lambda for one run that minimizes cross 
validated error plus one standard error. This was repeated 5000 times and the number times in which 
coefficients greater than 0 and the mean coefficient value is presented in Table 1 of the main text. 
 
 
Bayesian Regression Analyses 
 

Bayesian multiple regression analyses were performed to provide an additional assessment of 
model performance and coefficient estimation to complement the frequentist methods described in the 
main text of the paper. For an introduction and discussion of the merits of Bayesian analysis, which is 
beyond the scope of this paper, see Kruschke (2014), McElreath (2016) and Gelman et al. (2013). 
Bayesian analyses provide a number of advantages over traditional OLS regression, including the ability 
to incorporate regularizing priors on regression coefficients into a model to improve estimation 
procedures. OLS regression computes values effectively assuming that all potential parameter values are 
equally plausible (i.e., a uniform distribution of possible values), whereas Bayesian regression allows the 
user to specify more plausible prior distributions (McElreath, 2016). In this case, we selected regularizing 
priors for the regression coefficients (e.g., a prior specifying that the regression coefficient reflects a 
normal distribution with a mean of 0 and standard deviation of 1) which help to constrain parameter 
estimates and assist in mitigating overfitting (McElreath, 2016). As the results of Bayesian analyses are 
conditional on the data and the specified priors, these analyses allow the researcher to test the stability of 
their model under different prior assumptions (e.g., comparing regularizing priors to wider priors). The 
Bayesian regression models were tested using McElreath’s (2016) rethinking package for R, which 
utilizes Stan (Carpenter et al., 2017) to perform Hamiltonian Monte Carlo (using a No-U-Turn Sampler) 
to construct and sample from the posterior distribution.  

 
Full model with regularizing priors. A regression model identical to our original full OLS 

model was calculated first. Regularizing priors were placed on the regression coefficients (normal 0, 1), 



which allocated greater prior probability to regression coefficients between 0 and 1 (or 0 and -1) than 
other values. The intercept was given a much wider prior (normal 0, 10), and the model error (sigma) was 
given a half-Cauchy prior (0, 2). Sampling was performed using 4 Markov chains of 4,000 iterations with 
1000 warmup chains, resulting in posterior predictions generated from 12,000 samples. Significance of 
parameters was assessed by examining the regression coefficients, and the width of the 95% highest 
posterior density intervals (95% HPDI; Krushke, 2014). The HPDI’s provide the distribution of posterior 
values with the greatest probability given the data, with values closer to the middle being more plausible 
than those at the tails. Posterior predictive checks were calculated and plotted (using 6000 samples) to 
assess how well the values predicted by the model (i.e., predicted values for each person’s sanctioning 
intentions score) align with the observed data points (i.e., each person’s actual sanctioning score). Table 
S3 displays the results of the full regression model. Figure S2 displays the posterior predictive check for 
this model. Largely consistent with the other models reported in the main text, likelihood of zero air 
exposure, environmental concern, and the importance of fishing for one’s lifestyle emerged as the 
strongest predictors of sanctioning intentions. Age also emerged as a significant negative predictor, 
though the upper end of the 95% HPDI was just below zero (-0.01). Results of the posterior predictive 
check suggest that this model did modestly well in predicting actual sanctioning scores, with the majority 
of actual data points falling within the predictive intervals of the model. 

 
 
Table S6. Results of the Bayesian regression analysis using regularizing priors. 
Predictor M SD Lower 95% 

HPDI 
Upper 95% 

HPDI 
Intercept -0.23 1.89 -3.97 3.43 
Fishing Days Per Year -0.17 0.21 -0.57 0.25 
Years Fishing  0.01 0.13 -0.25 0.27 
Age  -0.35 0.17 -0.69 -0.01 
Management Familiarity 0.17 0.11 -0.05 0.38 
Dorado Importance -0.45 0.24 -0.93 0.02 
Fishing Significance  0.48 0.18 0.12 0.84 
Tension Concern  0.06 0.11 -0.15 0.27 
Harvest Threat  0.09 0.17 -0.24 0.42 
Likelihood of Zero Air Exposure  0.49 0.13 0.22 0.75 
Community Impact  0.01 0.15 -0.30 0.31 
Environmental Concern  0.36 0.15 0.06 0.66 

Note. M and SD reflect the mean and standard deviation of the posterior distributions for each 
regression parameter, and can be interpreted as unstandardized regression coefficients and 
distributions of those estimates. Bolded 95% HPDI’s reflect intervals that did not cross zero. 
 



 
Figure S2. Posterior predictive check of Bayesian regression model. The central focus of the predictions 
should be placed on the extent to which each person’s actual sanctioning score (blue circle) is capture by 
the model’s predictions. Open circles depict the posterior mean that is predicted based on the full 
regression model, and solid lines denote the 95% HPDI’s for these predictions. The majority of predictive 
intervals contain each person’s sanctioning scores. The addition signs denote 95% intervals of the 
simulated predictions for each case, though the central focus should be placed on the 95% HPDI’s of the 
posterior mean (solid lines) and the posterior mean prediction (open circle). Note that scores on the 
sanctioning scale could only range from 1 to 7. Since the 95% prediction intervals for the simulated 
observations generated from the model can exceed the bounds of the actual data, the y-axis extends from -
2 to 10 in order to display these intervals. 
 

Full model with wider priors. To better assess the robustness/sensitivity of the model to the 
specific priors, we performed another Bayesian regression model where we placed wider priors on the 
regression coefficients for the predictors (normal 0, 3) and the model error (half-cauchy 0, 4). As can be 
seen in Table S7, the results for this analysis are nearly identical to the model under more regularizing 
priors, suggesting only a very modest sensitivity to these prior specifications. Figure S3 presents the 
posterior predictive check, and comparison of this check with Figure S2 suggests nearly identical 
predictive capacity of these two models. 

 
 
 
 
 
 
 
 



Table S7. Results of the Bayesian regression analysis using regularizing priors. 
Predictor M SD Lower 95% 

HPDI 
Upper 95% 

HPDI 
Intercept -0.10 1.96 -3.91 3.74 
Fishing Days Per Year -0.18 0.22 -0.62 0.24 
Years Fishing  0.01 0.14 -0.27 0.27 
Age  -0.36 0.18 -0.72 -0.03 
Management Familiarity 0.18 0.11 -0.04 0.40 
Dorado Importance -0.48 0.26 -0.97 0.04 
Fishing Significance  0.51 0.19 0.15 0.88 
Tension Concern  0.06 0.11 -0.15 0.28 
Harvest Threat  0.08 0.17 -0.25 0.42 
Likelihood of Zero Air Exposure  0.51 0.14 0.24 0.78 
Community Impact  0.01 0.15 -0.29 0.32 
Environmental Concern  0.36 0.16 0.06 0.67 

Note. M and SD reflect the mean and standard deviation of the posterior distributions for each regression 
parameter, and can be interpreted as unstandardized regression coefficients and distributions of those 
estimates. Bolded 95% HPDI’s reflect intervals that did not cross zero. 
 

Figure S3. Posterior predictive check of Bayesian regression model under wider priors. Open circles 
depict the posterior mean that is predicted based on the full regression model, and solid lines denote the 
95% HPDI’s for these predictions. The addition signs denote 95% intervals of the simulated predictions 
for each case, though the central focus should be placed on the 95% HPDI’s of the posterior mean (solid 
lines) and the posterior mean prediction (open circle). Note that scores on the sanctioning scale could only 
range from 1 to 7. Since the 95% prediction intervals for the simulated observations generated from the 
model can exceed the bounds of the actual data, the y-axis extends from -2 to 10 in order to display these 
intervals. 



 
Bayesian regression with reduced predictors. We performed one final Bayesian regression 

model, entering only the predictors which emerged in the LASSO analyses as being greater than zero in 
more than 50% of the 5,000 samples (see main text for details). This model was tested using the same 
regularizing priors and model specifications as the first full regression model reported above. These 
results are highly consistent with the rest of the results of the main text and other Bayesian analyses (see 
Table S4). In particular, likelihood of zero air exposure (positive), environmental concern (positive), 
importance of fishing for one’s livelihood (positive), and age (negative) emerged as predictors of 
sanctioning intentions. 
 
Table S8. Results of the reduced Bayesian regression analysis using regularizing priors. 
Predictor M SD Lower 95% 

HPDI 
Upper 95% 

HPDI 
Intercept -1.32 1.12 -3.45 0.95 
Age  -0.33 0.15 -0.62 -0.03 
Management Familiarity 0.08 0.10 -0.11 0.27 
Fishing Significance  0.36 0.13 0.10 0.62 
Tension Concern  0.07 0.11 -0.14 0.27 
Likelihood of Zero Air Exposure  0.39 0.11 0.18 0.61 
Environmental Concern  0.37 0.14 0.09 0.67 

Note. M and SD reflect the mean and standard deviation of the posterior distributions for each regression 
parameter, and can be interpreted as unstandardized regression coefficients and distributions of those 
estimates. Bolded 95% HPDI’s reflect intervals that did not cross zero. 
 
To assess how the full regression model and reduced regression model compare to one another, we 
compared Watanabe Akaike information criterion values (WAIC) and assessed which model received the 
most predictive weight. The WAIC is a Bayesian modification of the traditional AIC, which is more 
flexible and makes fewer model assumptions than traditional AIC (McElreath, 2016; Watanabe, 2010). In 
this comparison, the reduced model had a slightly better WAIC value (138.00, SE = 8.41) than the full 
model (140.90, SE = 7.75), and was given 81% of the Akaike weight. This suggests that the reduced 
model provided by the LASSO analyses is also the slightly better model in the Bayesian analyses. Figure 
S4 depicts the posterior predictive check for this model. 
 
 
 
 



 
Figure S4. Posterior predictive check of the reduced Bayesian regression model with regularizing priors. 
Open circles depict the posterior mean that is predicted based on the full regression model, and solid lines 
denote the 95% HPDI’s for these predictions. The addition signs denote 95% intervals of the simulated 
predictions for each case, though the central focus should be placed on the 95% HPDI’s of the posterior 
mean (solid lines) and the posterior mean prediction (open circle). Note that scores on the sanctioning 
scale could only range from 1 to 7. Since the 95% prediction intervals for the simulated observations 
generated from the model can exceed the bounds of the actual data, the y-axis extends from -2 to 10 in 
order to display these intervals. 
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