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Many isolated and indigenous Arctic and Subarctic communities are mixed-subsistence-cash economies. In the
20th century, the integration of motorized transport expanded access to harvestable resources but created energy
dependence intricately linking food with energy security. As remote communities became more vulnerable to
fossil fuel price fluctuations, they also face new challenges related to climate change such as shorter winter
seasons. The transitioning from fossil fuels to local renewable energy sources is widely considered both an
adaptation and mitigation strategy. We empirically analyzed the food-energy nexus for nine Arctic and Subarctic
communities using a Bayesian hierarchical model. We predict household-level gasoline consumption based on
wild food harvest and vehicle type. We found that cars and trucks are the least energy efficient forms of
transportation whereas snowmobiles are the most efficient. Also, communities with strong traditional wild food
production and specialization are more likely to be energy efficient. The results suggest that indigenous culture is
an important contributor to effective climate mitigation, energy, and food security. Our analysis supports
community adaptation and planning for improved quantitative understanding of the food-energy nexus in rural
Arctic communities. The study assists communities with energy transitions away from fossil fuels towards local
renewable energy sources.

1. Introduction
Historically, the contribution of wild foods to global food security
has been underestimated even though its importance is increasing as
pressure on cultivated food production increases (Zareen and Jules,
2010). At the same time, access to and provisioning from ecosystems
may be on the decline as natural habitats face increasing pressure from
development (Kuhnlein et al., 2013). Despite wild foods' potential future importance, there is little information about these systems globally
(Vermeulen et al., 2012). Since the 1980s, much social and natural
science has been conducted on wild food systems in Alaska (Fall, 1990;
Magdanz et al., 2016; Thornton, 2001) but very little research has
quantified related energy use (Wolfe and Scott, 2010). Energy dependence and availability of affordable energy inputs to wild food systems
are a food security concern for remote2 communities far from road
systems and electricity grids (Casillas and Kammen, 2010; Pelletier
et al., 2011). Remote communities also remain disproportionally affected by climate change and are in need of adaptation and mitigation

(Casillas and Kammen, 2010; Tsosie, 2007; Whitney et al., 2019).
Improved understanding about the energy intensity of accessing
wild foods can foster more resilient communities through displacing
fossil fuels with local renewable energy sources (Schwoerer et al., 2011;
Whitney et al., 2019). We investigated the demand for gasoline used for
transportation in wild food systems across nine Arctic and Subarctic
communities in the United States. Our empirical analysis helps communities forecast the transportation energy use linked to their wild food
harvest. Knowledge of transportation energy demand also fills a
knowledge gap about the food-energy nexus of less-known food systems
(Loring et al., 2013). The study highlights the role of local knowledge
and traditional practices in energy efficiency and energy transitions in
remote indigenous communities world-wide (Casillas and Kammen,
2010; Chapin et al., 2006; Whitney et al., 2019).
1.1. The Food-Energy Nexus in Rural Alaska
The harvesting of wild resources is at the core of economic and
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socio-cultural viability in rural3 Alaska (Kofinas et al., 2016; Langdon,
1991). Until the early 1900s when motorized transportation became
available, indigenous populations relied on human and animal-powered
transportation for hunting and gathering (Condon et al., 1995). It enabled hunters to increase range, shorten travel time and time away from
villages. It spread harvest over a larger area and partly reduced hunting
pressure near villages (Chance, 1987).
Besides these obvious gains, the dependence on inputs imported
from elsewhere led to cultural and economic changes (Berman, 1998;
Chance, 1987). Motorized transportation allowed for smaller hunting
groups and less reliance on others for safety (Burch, 2006; Condon
et al., 1995). Despite few jobs and scarce cash in most isolated communities, motorized transportation increased energy and capital dependence (Langdon, 1984; Pelletier et al., 2011). The subsistence way
of life became vulnerable towards rising and fluctuating input costs
linking food security to energy security (Brinkman et al., 2014; Holen,
2009; Wolfe and Scott, 2010). Little is known about energy consumption for individual cross-country transportation and equipment needs in
the Arctic (Nowak, 1975). Wolfe and Scott (2010) were first to quantify
energy efficiency for small-scale fishing in the Arctic and Subarctic.
However, existing studies stopped short of more comprehensive quantitative understanding.
Despite transition from nomadic lifestyles into settlements, economic
development, and an increasing wage economy, communities have sustained their subsistence way of life (Fall, 2016; Wolfe and Fischer, 2003).
Rural Alaska households harvest between 145 and 402 pounds of wild
foods per person in comparison to urban Alaska households harvesting
between 15 and 38 pounds per person (Fall, 2018). Besides the nutritional
benefits, harvesting wild foods is just one dimension of household production. It has important social, cultural, and spiritual dimensions where
wild food processing and sharing are integral parts of the production
system (BurnSilver and Magdanz, 2019; Kofinas et al., 2016; Wolfe, 1986).
Past research into the importance of Arctic sharing networks revealed that
about 30% of households, also known as super-households, harvest 70% of
wild foods, which then is shared among all households (Kofinas et al.,
2016; Wolfe et al., 2010).4 There are no data that we know of comparing
energy efficiency across households.

decade whereas road-connected communities and urban areas experienced smaller changes to energy costs (AEA and REAP, 2019). High oil
prices provided strong incentives for integrating renewable sources into
local energy systems. Since 2008, Alaska invested more than $270
million towards renewable energy projects in the rural part of the state
displacing 30 million gallons of fossil fuel in 2017 (AEA and REAP,
2019). Some of the most successful community efforts integrating renewable energy into local isolated grid systems used smart grid technology to optimize their isolated renewable energy systems—innovative technology that is being exported elsewhere (Holdmann
et al., 2019; Schwoerer et al., 2011). Other remote communities across
the Circumpolar North are also heavily investing in their own energy
transitions away from fossil energy sources (St. Denis and Parker, 2009;
Whitney et al., 2019).
Given the increased market and adoption of electric vehicles in
other Arctic countries, de‑carbonization of personal transportation in
remote rural parts of the world are within reach especially as energy
storage improvements are realized and storage costs continue their
decline (Figenbaum et al., 2015; McMahon, 2019; Rodrigues et al.,
2019). However, this energy transition away from fossil sources can
only occur with a good understanding and available data on energy
demand for individual transportation (Li et al., 2019; Rodrigues et al.,
2019). This study contributes to filling this information gap with applicability to other communities that were not part of the study.
Below, we first outline the methods used for sample selection and
for the empirical study before comparing models. We then discuss the
predictive accuracy of the preferred model and end with an interpretation of the result and a discussion of relevancy. The study concludes with policy recommendations.
2. Material and Methods
Below, we first outline data collection and data transformation before
presenting the model for empirical analysis, its estimation and validation.
We used both frequentist and Bayesian statistical estimation methods and
compared them in terms of their predictive accuracy (Lee et al., 2018;
Muth et al., 2018). Besides the regression model used for the empirical
analysis, we also lay out calculations for energy efficiency and the concentration of wild food production within communities (Gini, 1912;
Lorenz, 1905; Pimentel and Pimentel, 2008; Wolfe and Scott, 2010).

1.2. Historical Energy Dependence
In the first half of the 20th century, traditionally mobile Alaska
Native communities transitioned into more persistent settlements with
the establishment of rural schools (Berardi, 1999). As Alaska became a
state in 1959, it began to electrify its remote villages by providing statesponsored small diesel-generators instead of connecting transmission
lines. Due to their small scale and limited customer base, these electric
utilities are now expensive to operate and especially vulnerable to
rising and fluctuating fossil fuel prices (Colt et al., 2003). Fuel prices are
particularly high in remote communities that depend on either air
transport or biannual fuel barge deliveries and are directly linked to
community viability (Martin et al., 2008). The high cost of energy and
high level of energy dependence in remote regions underline the need
for a better and more comprehensive understanding of energy demand
including in the individual transportation sector.

2.1. Survey Sample Selection
In 2011, the Alaska Department of Fish and Game (ADFG) Division of
Subsistence conducted a Comprehensive Household Harvest Survey in
communities in interior Alaska (Supplementary Material, Fig. 1) (Holen
et al., 2012). The survey informs decision making about hunting opportunities, establishes harvest baselines, and demonstrates the importance of
wild foods to community and economic wellbeing. The authors expanded
the commonly used survey to include questions related to gasoline consumption and transportation equipment. The survey was fielded between
February and March 2012 (Holen et al., 2012).
The study communities were culturally and geographically diverse
(Fig. 1) representing several different Alaska Native cultures, as well as
rural communities that were predominately non-native. Selected communities along the road system are populated predominately with Caucasian residents, and remote communities have large proportions of Alaska
Native (Table 1). Also, household income is higher and household size
smaller in sampled road-accessible communities compared to sampled
remote villages (Table 1).5 Large game and fish comprised between 77%

1.3. Progress towards Energy Independence
In rural Alaska, energy costs more than quadrupled in the last
3
We use the federal subsistence management definition of rural which is
categorizing communities into rural versus urban based on wild food harvest
volume (Wolfe and Fischer, 2003).
4
Note, all households participate in sharing regardless of the level of production emphasizing the cultural tradition that drives sharing beyond economic
need and efficiency (Kofinas et al., 2016).

5
Note that if the sample included communities of Alaska's North Slope
Borough, this observation would not hold. Incomes are much higher in this
region that benefits from property taxes collections on oil and gas infrastructure.
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Fig. 1. Study communities in relation to Alaska's rivers, roads, and two of Alaska's main population centers, Anchorage and Fairbanks.

on average?” (Supplementary Material). Interviewers attempted to
conduct a census in each of the communities except in Tok where a
random sample of 25% (n = 143) of households was achieved (Holen
et al., 2012).

Table 1
Socio-demographics of the communities surveyed in 2011.
Community

Alatna
Allakaket
Anaktuvuk Pass
Beaver
Bettles
Dot Lake
Dry Creek
Evansville
Tok
Wiseman
Total/average

hh-count

Median household

Alaska
nativea

Road
access

2010 census
(survey | n)a

Size,
n = 99

Income,
n = 99

11 (6 | 3)
44 (42 | 19)
99 (62 | 20)
36 (25 | 7)
8 (8 | 1)
7 (4 | 3)
29 (27 | 4)
13 (13 | 2)
532 (143 |
37)
5 (5 | 3)
784 (352 |
99)

2
3
4
2
1
4
5
2
2

$17,459
$18,622
$30,203
$9369
n/a
$44,029
$12,641
$30,500
$39,868

97%
99%
92%
99%
0%
91%
0%
53%
13%

No
No
No
No
Ice road
Yes
Yes
Ice road
Yes

4
3

$36,948
$25,217

0%
33%

Yes
60%

2.2. Data and Transformations
Holen et al.'s (2012) survey included responses from 352 households of which 221 indicated the use of gasoline but only 99 households
had usable responses for the empirical analysis (Schwoerer and Holen,
2019). Incomplete responses to model variables eliminated two communities from the final dataset: Healy Lake (n = 3) and Coldfoot
(n = 4). We also aggregated the two communities of Alatna and Allakaket which are incorporated under one city known as Allakaket and
referred as such for the purpose of this study. The final dataset used for
analysis included nine communities (Schwoerer and Holen, 2019).6
Below we describe steps taken to assure the data follows reasonable
distributional assumptions and is scaled so that outcome and predictor
variables are in relation to each other and to not expect extreme regression coefficients. Table 2 presents the variables used for empirical

a

2010 U.S. Census count (surveys completed | count of households used for
empirical analysis).

and 97% of the total wild food harvest (Holen et al., 2012).
ADFG interviewers questioned adults knowledgeable about their
household's harvesting of wild foods and gasoline consumption as follows: “In 2011, when using each vehicle how many gallons per week is used

6
The archived dataset includes 10 communities, before aggregation of
Allakeket and Alatna where community names are kept confidential due to
small sample sizes (Schwoerer and Holen, 2019).

3
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conditions (Berman and Kofinas, 2004; Holen et al., 2012). We apply
Levene's test to check homogeneity of variances between communities
for the log-transformed response variable. As expected, we found a
significant difference in variances (i.e. heterogeneity) of annual gasoline consumption between communities (p = .03) (Conover et al.,
1981).9
Multi-level hierarchical models with two or more levels allow for
the grouping of households within communities to occur, thus accounting for data structure and between-group heterogeneity (Gabry
and Goodrich, 2018). We created multi-level linear mixed (hierarchical) models to predict household-level annual gasoline consumption for the ith household, with i = 1, …, I, nested within the jth community, with j = j, …, J (Lee et al., 2018). The empirical model has a
varying intercept by community and can be expressed as:

Table 2
Model specifications and variables.
Variable (unit)

Type

Model

Annual gasoline consumption (log(gal))
Fish harvest (1000 pounds)
Large mammals harvest (1000 pounds)
ATVs (count)
Snowmobiles (count)
Boats (count)
Cars/trucks (count)
Household size (count)
Annual household income (log(income))

Response
Predictor
Predictor
Predictor
Predictor
Predictor
Predictor
Predictor
Predictor

1,
1,
1,
1,
1,
1,
1,
2,
3

2,
2,
2,
2,
2,
2,
2,
3

3
3
3
3
3
3
3

Source: (Holen et al., 2012).

analysis and their sources. We calculated annual gasoline consumption
based on responses to questions about the seasonal use of transportation
equipment, vehicles operated by vehicle type, and weekly fuel consumption rates for harvesting in 2011 (Supplementary Material) (Holen
et al., 2012). We used data on gasoline consumption and a household's
sum of edible harvest for large game and fish to calculate energy efficiency for harvesting wild foods in lbs./gal, referred to as energy efficiency hereafter (Wolfe and Scott, 2010, p. 19). We then calculated
community-specific median energy efficiency and categorized households as either above or below the median energy efficiency.7 We further compared energy efficiencies for wild food harvest systems with
energy efficiencies published for agriculture and commercial fishing by
converting lbs./gal into an energy ratio equal to kcal input/kcal output
(Pimentel and Pimentel, 2008). We also categorized households into
harvest terciles (Wolfe et al., 2010). We then calculated the probability
of a household falling either above or below the median energy efficiency given the tercile each household falls within. We also calculated
the Gini coefficient which in economics is a measure of wealth concentration, to investigate the concentration of production of wild foods
among a community's households, where Gini = 1 represents perfect
concentration and a value of zero shows perfect equality (Gini, 1912;
Lorenz, 1905). We used the reldist R package's gini function to estimate
the coefficients by community (Handcock and Morris, 1999).
We explored the distribution of annual gasoline consumption, using
quantile-quantile plots and visually checked for outliers that are outside
the 95% confidence band (Fig. A.1). As expected, the annual gasoline
consumption variable was log-normally distributed with a disproportionate large number of households consuming little to no gasoline and
a much smaller number of households consuming larger volumes (Fig.
A.1). We then log-transformed the annual gasoline consumption variable to get a normally distributed response variable (Fig. A.1). We also
log-transformed the income variable.
Other predictor variables included the amount of fish and large
game harvested in 1000s of edible pounds8 to have consistent scale and
the number of vehicles operated by vehicle type including ATVs, cars/
trucks, boats, and snowmobiles (Espey, 1998).

yij =
0j

0j

=µ

+ Xij +
0

ij,

+ uj ,

where

ij ~Normal (0,

where uj ~Normal (0,

2
y)
2

0)

(1)

where:
yij is the log-transformed annual gasoline consumption for household i in community j,
β0j is the intercept for the jth community,
β is a vector of regression coefficients,10
Xij is a matrix of predictors for household i within community j
(Table 2),
εij is the normally distributed household-level error,
μβ0 is the overall mean gasoline consumption across communities,
and.
uj are normally distributed community-level errors.
If we assume that the household-level errors, εij, are normally distributed with mean 0 and error variance σ2y, and that the communitylevel intercepts are normally distributed with mean μβ0 and variance
σ2β0, then the model presented in Eq. 1 can be rewritten as

yij ~Normal (
0j ~Normal

0j

(µ

+ Xij ,
0

,

2
0

2
y ),

).

(2)

2.4. Bayesian Inference
Our model describes uncertainty in the annual amount of gasoline
consumed, y, conditional on unknown parameters θ (e.g. regression
coefficients) and predictors, x, as well as the a priori uncertainty about
these parameters and predictors. Bayes theorem describes the proportional relationship between our prior beliefs about the parameters
(before observing the data) and our posterior beliefs about the parameters (after observing the data) as

p ( | y, x )

p (y | , x ) p ( | x )

(3)

where ∝ means proportionality. The first probability on the right-hand
side is the likelihood—the joint probability of the data for all possible θ
values given the observed predictors x. The second term on the right is
the prior describing our uncertainty in θ before observing data y.
Finally, the left-hand side is the posterior—the joint probability distribution of all parameters θ after we observed data y. It serves as a
compromise between the likelihood and the prior and describes the
chance of all parameter values conditional on the probability model.
We used R's rstanarm package, specifically the stan_glmer function, to
estimate a hierarchical Bayesian model (Goodrich et al., 2018). The
second distribution in Eq. (2) serves as the prior distribution for the

2.3. Empirical Models
In our case, household-level data is nested in communities (Gelman
et al., 2013). The nesting structure assumes that households in the same
community tend to be more similar in their gasoline consumption than
households we would choose at random from the population of
households at large. Villagers tend to use similar harvesting areas, face
similar environmental conditions when traveling overland and show
similar socio-demographic characteristics driven by local economic

9

We also applied the Fligner-Killeen test (p = .042) as a robust alternative for
non-normally distributed data with the same result of significant differences in
variances.
10
Note, in the community-level intercept model, the estimated coefficients
are the same across all households.

7

Since the production of wild foods is very location-specific, we used such a
community-specific comparison.
8
Edible weight was calculated using pound conversion factors specific to
each type of wild food (Holen et al., 2012).
4
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varying intercepts across communities. For Bayesian inference, we
specified priors for the hyper parameters of the hyperprior (μβ0, σβ0),
the intercepts (β), and auxiliary parameter, here the error standard
deviation (σy). We set the variance for the prior in μβ0 to cover a large
enough range so that it supports the range of annual gasoline consumption as specified via the likelihood, that is μβ0~Normal(0, 10). We
used rstanarm's default prior to specify the prior for the variances and
covariances, σβ0, using an unscaled exponential function with rate
parameter equal to 1, that is σβ0~Exponential(1). We did the same with
the prior for the error standard deviation, σy so that σy~Exponential(1).
For the latter, due to automatic rescaling the actual scale used was 1.29.
Finally, the regression coefficients β are given normal priors with a
mean 0 and standard deviation equal to 10, β~Normal(0, 10), simply
stating we expect the coefficients to be in the range (−10,10) (Lee
et al., 2018).
The above lognormal data model enabled always positive predictions for the response variable as expected.11 We used four randomly
initialized Markov chains, each with 2000 iterations of which 1000
warmup iterations were discarded to sufficiently achieve convergence
(Goodrich et al., 2018).

interval related to the posterior draws to transfer back the log-transformed response variable to annual gallons.
3. Results
The survey achieved response rates that ranged between 67% and
100% across communities (Table 3) (Holen et al., 2012). In all communities, large game such as caribou and moose contribute to food
security (Table 3). Communities located on larger rivers had more
mixed wild food harvests, for example Allakaket and Evansville (both
Koyukuk River), Dot Lake (Tanana River), and Beaver (Yukon River)
(Table 3). The survey also showed that road-accessible communities
harvest less compared to remote communities.
As expected, the annual consumption of gasoline per household is
positively correlated with the annual harvest volume (r = 0.21, n = 99,
p = .04). Gasoline consumption varies widely among communities and
households as shown by the median ranging from 70 gal/year in Dry
Creek (n = 4) a small road-connected community where pack animals
are being used to harvest wild foods to 1301 gal/year in Allakaket
(n = 22), a remote community. Similarly, within communities, the
maximum consumption per household can be multiple times larger
than the median consumption as indicated by Tok and Allakaket
(Table 3).
Below, we first provide an analysis of energy efficiency for harvesting activities. We then briefly discuss the quality of the posterior
sampling, model fit and predictive accuracy but refer to the appendix
for more detail. We end by summarizing and interpreting the results of
the preferred set of model predictors.

2.5. Model Evaluation
We evaluated the above models focusing on the relative predictive
performance rather than individual parameters. We used the bayesplot
package to visualize predictive checks and model results (Gabry et al.,
2019). For the first posterior predictive check, we visually investigated
whether the replicated data by the Bayesian model was more extreme
than the observed data. We then looked at histograms for the test statistics, such as the mean and standard deviation of the replicated data,
and compared them against the value of the statistic computed from
observed data (Gabry et al., 2019; Gelman et al., 2013). In addition, we
compared the plotted distribution of the observed data against simulated predictions from the various model specifications both for the
population of households and by community. Lastly, we investigated
the conversion of iterative simulations to a common distribution using a
visual conversion check commonly applied in Bayesian techniques
(Gabry et al., 2019).
For evaluating how the different models performed in predicting
annual gasoline consumption at the household-level, we used Bayesian
k-fold cross-validation available in R's loo package (Vehtari et al.,
2017). We chose the Bayesian k-fold cross-validation process to partition the data into k = 10 training sets at random, before each hierarchical Bayes (HB) model was fitted k-times, each time leaving out one
of the training sets. We compared the models based on differences in
expected log predictive density (ELPD) where the best performing
predictive model had the highest ELPD (Vehtari et al., 2017).

3.1. Energy Efficiency
Median energy efficiency varied across communities from 1.0lbs/
gal in Allakaket (n = 22) to 23.8lbs/gal in Dry Creek (n = 4) with a
median of 2.0 lbs./gal across all 99 households (Table 3). The variation
in energy efficiencies across households as measured by the coefficient
of variation was greatest in Tok and Allakaket (both 1.8) and smallest in
Wiseman (0.3) and Beaver (0.7). We found that households in Tok and
Beaver were more homogeneous in their production of wild foods as
shown by the data points in Fig. 2 being closer to the diagonal dashed
line representing homogenous households. The respective Gini coefficients are 0.34 and 0.31, where Gini = 1 represents maximum concentration and where zero indicates no concentration of production.
Remote rural households in Anaktuvuk Pass and Allakaket, for example,
show higher concentration of production as indicated by the concavity
in Fig. 2 and Gini coefficient of 0.62 and 0.59 respectively. Yet, remoteness may not solely explain a high degree of concentration of
production. In addition, the availability of fish—particularly in the case
of Beaver—may contribute to more homogenous households, like Tok
(Fig. 2). However, we note that the small sample size for Beaver (n = 7)
may not have included super-households in our sample resulting in a
potentially biased interpretation of the community's production pattern.
We found that energy efficiency varies across households and is
correlated with how productive households are (Figs. 2 and 3).
Households in the top harvest tercile are more likely to exceed the
community's median energy efficiency compared to households in
lower harvest terciles (Fig. 3). In communities not connected to roads,
such as Allakaket, Anaktuvuk Pass, and Beaver, households producing
in the top tercile are more than twice as likely to exceed their community's median energy efficiency than households that fall into the
middle or lower harvest tercile in those communities (Fig. 3).

2.6. Maximum Likelihood Estimation and Comparison of Fit
We also re-estimated the best performing predictive model specification as a mixed effects model using maximum likelihood to fit the
model. We deployed R's lme4 package using the lmer function (Bates
et al., 2015). We then generated sets of replicates from the mixed effects
model using the likelihood estimators and replicates using the hierarchical Bayesian estimators. We then added these distributions to a
density plot of the observed gasoline consumption across households in
order to visually compare predictive accuracy between the likelihood
and Bayesian inference.
Finally, we compared annual gasoline consumption between communities through the posteriors associated with the community-level
varying intercepts, β0j. We exponentiated the mean and 95% credible

3.2. Model Fit and Predictive Accuracy
The model with the highest expected log predictive density (ELPD)
and therefore best predictions was Model 1, the model with the least

11
To implement the lognormal data model in rstanarm, we specified the family argument as gaussian(link = “identity”) (Gabry, 2016).

5
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Table 3
Household characteristics by community, 2011, n = 99.
Community (n)

d

Allakaket (22)
Anaktuvuk Pass (20)
Beaver (7)
Bettles (1) a, c
Dot Lake (3)a
Dry Creek (4)a
Evansville (2) b
Tok (37)a
Wiseman (3)a
Total/average

Mean vehicle stock

Median harvest, lbs

Gini

ATV

Snow mobile

Boat

Car/ truck

Game

Fish

Total

0.7
1
0.9
1
0.7
0
0.5
0.8
0
0.8

0.8
0.8
0.7
1
0.3
0.5
1
0.5
0.7
0.6

1
0
1
1
1
0.5
1
0.7
0.3
0.7

0.2
0
0
1
1
0.8
1
0.9
0.7
0.5

595
650
640
670
540
1005
270
540
670
640

507
68
579
28
70
54
28
140
12
84

1350
724
1392
698
609
1115
298
708
750
800

0.59
0.62
0.31
n/a
0.36
0.25
0.41
0.35
0.11
0.58

Gasoline (gal)

Energy efficiency (lbs/gal)

Median

Max

Median

Max

Min

1301
277
756
267
360
70
289
273
332
388

6668
2538
1144
267
830
424
295
3747
387
4246

1.0
2.9
1.4
2.6
1.7
23.9e)
1.0
2.1
2.7
2.1

23.2
25.0
4.4
2.6
17.1
30.0
1.9
44.1
3.3
44.1

0.0
0.2
0.1
2.6
0.1
2.2
0.2
0.1
1.7
0.1

a) road-accessible, b) connected through ice road in winter, c) Gini coefficient not available due to insufficient sample size. d) Includes three households located in
Alatna. e) Cry Creek primarily uses horses for harvesting wild foods, unique among communities.
Fig. 2. Wild food harvest and energy efficiency by households (cumulative %) shown for a select set of study communities with n > 5
following Wolfe et al. (2010). The dashed diagonal line represents a
hypothetical community with homogeneous households harvesting
equal amounts. The vertical line indicates “Wolfe's 30:70 Rule”(Wolfe
et al., 2010).

other since the standard errors were larger than the calculated ELPD.
Model 1's diagnostics for posterior predictive sampling quality showed
that the model converged and that we had sufficiently large effective
sample sizes for the posterior draws related to all parameter estimates
(Appendix A).
The comparison between simulated data using the fitted model
(Fig. 4, y HB) and the observed data (Fig. 4, y) showed that the distributions are similar, thus the model fits the data well. The dashed line
in Fig. 4 illustrates the ML predictions. Compared to HB, ML estimation
admits less uncertainty and performs poorly for households that are in
the tails of the distribution, either over or underestimating their gasoline demand. We compared HB test statistics for Model 1 which showed
that the model performed well for predicting consumption rates for
households with smaller than average, average, and larger than average
observed annual gasoline consumption (Fig. A.5 A, C, and D). The
model was also adequate for predicting the range of possible consumption rates (Fig. A.5 B).
Lastly, Fig. 5 shows predictive accuracy in each of the nine communities. Largely, the actual observations in each community fall
within the simulated data. As expected, the posterior predictive distributions are more like the actual observations (dots) in communities
with larger sample sizes. The model admits more uncertainty in communities with a smaller number of observations as shown for Evansville, for example (Fig. 5).

Fig. 3. Probability of household exceeding the community's median energy
efficiency for harvesting wild foods, shown for a select set of study communities
with n > 5.

3.3. Summary and Interpretation

number of predictors, followed by Model 2 (ELPD difference − 1.1, SE
2.6) and Model 3 (−1.4, SE 2.4). Model 1 was used in further investigation. Models 2 and 3 are not substantially different from each

Given the observed data, chosen priors, and assumed data structure
through the likelihood, we conclude that there is a 95% chance that the
6
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Table 4
Model 1 HB posterior and ML summary statistics.
HB
Mean

Fig. 4. Comparison of the distribution of observed (y) versus predicted annual
gasoline consumption using maximum likelihood (y ML) and hierarchical Bayes
(y HB) estimation for 40 simulated datasets from the posterior predictive distribution.

SD

2.5%

97.5%

Household level coefficients, β
Intercept
3.8
Fish harvest
0.1
Game harvest
0.2
ATVs
0.9
Snowmobiles
0.5
Boats
0.6
Cars/trucks
0.9

0.5
0.2
0.1
0.3
0.3
0.3
0.4

2.8
−0.4
0.0
0.2
0.0
0.0
0.2

4.8
0.6
0.4
1.4
1.0
1.3
1.7

3.9
0.1
0.2
0.9
0.5
0.6
0.9

Community-specific intercepts, β0j
Alatna
0.4
Allakaket
0.8
Anaktuvuk Pass
0.2
Beaver
0.5
b
Bettles
−0.4
a
Dot Lake
−0.4
−0.6
Dry Creeka
Evansvilleb
−0.3
Toka
−0.5
0.3
Wisemena
σy
1.1
σβ0
0.6
5.9
Mean_PPD, μβ0
Log-posterior
−165.3

0.5
0.5
0.5
0.5
0.6
0.5
0.5
0.6
0.4
0.5
0.1
0.6
0.2
4.4

−0.5
0.0
−0.6
−0.3
−1.8
−1.6
−1.7
−1.6
−1.2
−0.7
0.9
0.0
5.6
−174.8

1.6
1.8
1.3
1.7
0.7
0.6
0.3
0.7
0.2
1.4
1.2
2.2
6.2
−157.9

0.4
0.8
0.1
0.5
−0.3
−0.3
−0.6
−0.3
−0.5
0.3

a
b

true parameter values fall within the 95% posterior intervals. Table 4
presents the posterior summary statistics for each of the householdlevel coefficients and community-specific intercepts. As expected, the
posterior means for each coefficient are similar or equal to the point
estimates using maximum likelihood (ML) (Table 4).
The posterior mean annual gasoline consumption per household for
the entire sample was 52.1 gal per year (Fig. 6A). The remote communities of Allakaket and Beaver had much higher posterior mean
consumption rates, 125 and 89 gal respectively, compared to road
connected communities such as Tok and Dry Creek, 28 and 22 gal respectively. The remote community of Anaktuvuk Pass and the roadconnected community of Wiseman were near the overall mean with 56
and 63 gal respectively (Fig. 6A). In addition, annual consumption rates
in road-connected communities vary less than consumption rates in
remote communities as indicated by the narrower 95% credible intervals (Fig. 6A). For example, the mean consumption rate in Allakaket
(125 gal)—a remote river-connected community—is more than three
times the mean consumption rate of Tok (28 gal), a road-connected
community.

ML

road-accessible.
connected through ice road in winter.

A look at the household-level coefficients informs about the contribution of each of the predictors to the annual gasoline consumption
rate (Fig. 6B, Fig. A.6). Compared to the influence of vehicle stock,
harvest weights in 1000s of lbs. contribute less as indicated by the
smaller marginal effects. Also, uncertainty is smaller surrounding the
harvest coefficients (particularly for game), as shown by the narrower
95% posterior credible intervals (Fig. 6B).
The number of operational cars/trucks and ATVs have the largest
influence on a household's annual gasoline consumption, followed by
boats and snowmobiles. Households who add a car/truck or ATV to their
existing vehicle stock more than double their annual gasoline consumption on average, whereas adding a snowmobile or boat affects
overall consumption less (Fig. 6). Also, the chance of more than doubling
annual gasoline consumption is higher by adding a car/truck or ATV
compared to adding a snowmobile or boat. Households that add a
snowmobile add the least amount of gasoline to their overall consumption resulting in the least variation compared to other transportation
assets as shown by the lowest mean and 95% credible interval (Fig. 6B).

Fig. 5. Posterior predictive distributions and observed annual gasoline consumption per household (black dots) in each of nine study communities.
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Fig. 6. 95% credible intervals and mean (dot) for the
posterior predictive distributions for A) communityspecific varying intercepts, β0j, in annual gallons per
household, and for B) the regression coefficients. The
dashed line indicates the posterior mean for the entire sample. Note, for A) we exponentiated the 95%
credible intervals to show annual gallons instead of
the log-transformed response variable.

consumption) was 32:1 which compares to a commercial factory fishing
vessel operating in the United States (34:1). The maximum energy efficiency of a super-household (2:1) can be as efficient as farming for
non-protein products (corn 1:1 and potato 2:1) (Table 5).12
In general, energy efficiencies across the sampled households were
similar to the few estimates published by a previous study presenting estimates for subsistence salmon fishing (Wolfe et al., 2010, p. 19) (Table 5).
Interesting to note are recent cultural and technological changes that lead
to a change in subsistence fishing practices and gear type and increased
energy efficiencies. Traditionally, households in remote communities used
set nets in fish camps—locations where fish were historically abundant but
often located away from village sites (Brown et al., 2015; Brown and
Godduhn, 2015; Runfola et al., 2018). More recently, households shifted
towards the use of more energy efficient drift nets that can be deployed in
various locations along rivers, most notably closer to communities
(Runfola et al., 2018; Wolfe and Scott, 2010). Since drift nets are more
than twice as efficient as set nets (Table 5), the switch in technology is
considered an adaptation strategy to higher fossil fuel costs (Brinkman
et al., 2014). In the larger context, switching technology is also an adaptation strategy to climate change and associated spatial variability in
harvestable resources and variable environmental conditions under which
safe transportation can occur (Berman and Kofinas, 2004). It is likely reflected in the negative portion of the posterior probability distribution
related to the fish harvest coefficient in our model (Fig. 6B).
We found that energy efficiency in the harvest of wild foods was
closely related to the concentration of production across households,
meaning that super-households are more likely to be more energy efficient than the community's average household (Wolfe et al., 2010).
Gasoline consumption is decreasing at the margin for highly productive
households, showing that skill and local knowledge not only relate to
larger harvest amounts, but also more efficient use of gasoline
(Table 5). A remote household harvesting in the top tercile of its
community is one and a half times more likely to be energy efficient
than a similar high producing household in Tok, a rural community
located on the Alaska Highway (Figs. 1 and 3). This result may be explained by the varying concentration of production and heterogeneity
among households found in remote communities versus road-connected

4. Discussion
This research improved understanding of the food-energy nexus in
isolated rural communities that remain dependent on fossil fuels for the
harvest of wild foods, yet face adaptation challenges not only to increasing energy costs but also to drastic environmental, social, and
economic changes (Brinkman et al., 2014, 2016). Our results are consistent with previous research that found specialization and concentrated production where the top third of households harvest more
than two thirds of a community's total wild foods (BurnSilver et al.,
2016; Wolfe et al., 2010). We extended past research by investigating
energy efficiencies across varying degrees of traditional food production and developed a predictive model for analyzing the food-energy
nexus as a function of harvest and vehicle stock.
4.1. Interpretation of Main Results
We found that road-accessible communities on average harvest less
wild food compared to remote communities. This finding is supported by
other analysis (Table 3) (Fall, 2018; Wolfe and Fischer, 2003). Previous
research has also shown that certain socio-economic factors are related to
wild food harvest levels (Brinkman et al., 2014; Fall, 2016; Magdanz
et al., 2016; Wolfe and Walker, 1987). Our model included subsistence
harvest which is typically greater in rural areas that are not connected to
roads and have a higher proportion of indigenous people (Magdanz et al.,
2016). Wage-related income has had mixed influences on harvest levels
which supported our choice of model (Berman, 1998; Kruse, 1991; Wolfe
and Walker, 1987). While income provides the necessary cash to purchase fuel and other resources needed for harvesting, employment can
also limit the time available to engage in harvesting. This may result in
two adaptation strategies. First, it is commonly known that wage-earning
households who are not hunting provide cash for gasoline purchases in
exchange for harvested meat (Baggio et al., 2016; Kofinas et al., 2016).
Second, households may purchase more powerful less energy efficient
transportation equipment to compensate for having less time to harvest
(Berman and Kofinas, 2004; Kerkvliet and Nebesky, 1997). In addition,
sharing networks include cash changing hands across households in
support of wild food harvesting (Kofinas et al., 2016).
Comparing the observed energy efficiencies in the food-energy
nexus of wild food systems with those of other food systems published
in the literature we found that wild food systems can be highly efficient
(Table 5). The median energy efficiency in our sample, measured as the
ratio of energy input to energy output (kcal available for human

12

We note, that the set of producers of wild foods include a wide variety of
producers, including super-hunters, whereas the producers stated for agriculture were likely more specialized not including domestic food production.
This difference may preclude unbiased comparison of energy efficiency.
Therefore, comparing super-hunters with farmers may offer better comparison.
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Table 5
Comparison of energy efficiencies in wild food production, agriculture and commercial fisheries.
Production type, commodity, location
Fish and game wild food harvesting
Median
Max, super-household b
Subsistence salmon fishing
Set nets, Yukon Alaska
Drift nets, Yukon Alaska
Highline set nets, Yukon Alaska
Commercial fishing
Coastal fishing net, Norway
Longline, continental shelf
Factory vessel, USA
Agriculture
Grain fed beef cattle
Lamb
Corn, USA
Potatoes, Philippines

a

Lbs/gal

Energy input/output

Source

2.1
44.1

32:1
2:1

This study
This study

14.4
29.9
32.4

5:1
2:1
2:1

Wolfe and Scott (2010)
Wolfe and Scott (2010)
Wolfe and Scott (2010)

7.75
4.08
1.98

9:1
17:1
34:1

Pimentel and Pimentel (2008, p. 79)
Pimentel and Pimentel (2008, p. 79)
Pimentel and Pimentel (2008, p. 79)

40:1
57:1
1:1
2:1

Pimentel
Pimentel
Pimentel
Pimentel

and
and
and
and

Pimentel
Pimentel
Pimentel
Pimentel

(2008,
(2008,
(2008,
(2008,

p.
p.
p.
p.

69)
69)
150)
150)

a
Energy input in kcal for every kcal in food produced (output). Conversion assumes energy content of 1 lbs. game meat equals 463 cal and 1 gal gasoline equals
31,500 cal.
b
Household harvesting in the top-tercile of a community.

wintertime using snowmobiles. Also, production is most concentrated
among study communities, meaning harvesting is left to households
that are highly specialized which contributes to the observed higher
than average energy efficiencies in this community (Figs. 2 and 3).
Less variability in gasoline consumption may also be associated with
snowmobiles adding less variation to annual gasoline consumption than
any other type of vehicle. The importance of snowmobiles as efficient
transportation equipment highlights the value of cold temperatures for
enabling snowmobiles to be operable on snow and ice. Recent climate
change in the Arctic, has shortened the winter season in which snowmobiles can be operated, effectively reducing or preventing access to
wild food harvest areas (Berman and Kofinas, 2004; Golden et al., 2015;
Wilson, 2014). This result highlights that a warming climate can not
only threaten resources directly but can also affect energy efficiency in
transportation due to shortening of the season in which the most energy
efficient transportation asset—the snowmobile—can be used.
Our study also updates previous research on the adoption of technology in indigenous communities, an area of research that has recently
had little attention (Perz, 2003). On average, the makeup of the average
household's vehicle stock varied by community given the geographic
location and availability of resources (Table 4). The results are similar
to other previous studies on transportation assets where households in
remote communities are less likely to own a car or truck, but equally
likely to own a boat, snowmobile, and ATV (Table A.1) (Kruse, 1979;
Langdon, 1991; Little and Robbins, 1984; Nowak, 1975). Ownership
patterns are also similar to remote communities in the Canadian Arctic
(Condon et al., 1995; Wenzel, 1991).

communities (Fig. 2) (BurnSilver and Magdanz, 2019). In addition,
cultural heritage and inter-generational exchange of traditional
knowledge are key to be a successful hunter and have spillover effects
for energy efficiency. Traditional knowledge translates into knowing
better travel routes and hunting grounds, having a better understanding
of fish and game migration patterns, and awareness of weather conditions all of which increase the chances of success and minimize the use
of gasoline. This result emphasizes the important role of the superhunter operating most efficiently at the food-energy nexus for the
community and underlines its cultural role within the social network of
indigenous communities (Baggio et al., 2016; BurnSilver and Magdanz,
2019; Kofinas et al., 2016).
Tok households with production in the lowest and middle tercile are
more likely to exceed their community's median energy efficiency
compared to their counterparts in remote communities, again due to
the more homogenous set of households in Tok and the mentioned
cultural drivers (Figs. 2 and 3). Besides culture, other drivers relate to
access to the wage economy resulting in newer, more efficient equipment, that allows harvesters to allocate less time for harvesting while
retaining wage employment (Kofinas et al., 2016).
While more concentrated production at the community level may
lead to more energy efficiency overall and a decrease in the community's vulnerability to energy price shocks, it may increase the community's vulnerability related to food security. Such vulnerability could
arise due to social and environmental factors related to out-migration
and increased risk of death for super-hunters related to unsafe travel
conditions such as weak river ice due to a warming climate (Baggio
et al., 2016; BurnSilver and Magdanz, 2019).
We also found that annual gasoline consumption rates in road-connected communities vary less than consumption rates in remote communities as indicated by the narrower 95% credible intervals (Fig. 6A).
For example, the mean consumption rate in Allakaket (104 gal)—a remote river-connected community—is more than three times the mean
consumption rate of Tok (29 gal), a road-connected community. Besides
the observed harvest differences between remote and road-connected
communities, another reason for the observed difference in gasoline
consumption may be that households in road-connected communities are
more likely to travel on roads for hunting which reduces gasoline use.
Anaktuvuk Pass stands out as a remote community with the least
amount of variation in gasoline consumption among households and
the lowest annual consumption rate among communities not connected
by road (Figs. 5 and 6A). Anaktuvuk Pass is located in a mountain pass
far from major rivers and households are highly reliant on the harvest
of game (migratory caribou), which is primarily harvested in fall and

4.2. Applicability and Relevance of Approach
We showed that energy consumption in the rural transportation
sector can be predicted for societies that are reliant on the harvest of wild
food as long as harvest volume and vehicle stock are known. Our empirical analysis contributes a predictive tool for energy planners and
policy makers to estimate transportation energy consumption for communities where measuring actual consumption is impossible or impractical, yet the information is relevant for de‑carbonizing the local
transportation sector. An energy transition towards renewable energy use
in the transportation sector obviously makes only sense for communities
with enough local renewable energy resources that can power the local
transportation sector. Local energy planners can use our predictive tool
to estimate such demand by using wild food harvest levels published by
the Alaska Department of Fish and Game and a survey of vehicles in their
communities (Alaska Department of Fish and Game, 2019).
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The broader applicability of the developed predictive model can inform the energy transition of other isolated off-the-grid communities. As
the energy transition unfolds primarily in urban regions of the globe, we
believe that electric vehicle technology may penetrate to rural areas as
well, despite the specialized small-scale nature of personal transportation
in isolated indigenous communities. Electric vehicle adoption rates are
increasing across the globe driven by varying incentives across countries
(Haddadian et al., 2015; Zhou et al., 2015). Electric technology adoption
for use with other transportation equipment, especially snowmobiles and
ATVs, is ongoing through, for example, SAE International's annual Clean
Snowmobile Challenge (SAE International, 2019).
Communities that are able to harness local renewable energy resources will be able to displace more fossil fuels contributing to local
economies, minimizing scarce cash from leaving fragile mixed subsistence cash economies, and as such contribute to community viability
(Cunningham, 2011; Martin et al., 2008; Schwoerer et al., 2011). As
communities take advantage of increased availability of electrically
propelled transportation equipment other than cars and trucks, our
study contributes a tool for communities to implement high penetration
of renewable power into their existing fossil based energy sectors
(Haddadian et al., 2015; Li et al., 2019; SAE International, 2019). In
addition, as the most energy efficient season shortens, communities will
face increasing transportation energy needs to compensate for the climate-induced reduction in the snow and ice-covered season. This climate-dependence of the food-energy nexus highlights the increasing
need for energy transitions towards renewable energy sources. We leave
it to further study to value the economic implications of climate change
and the potential economic benefits related to energy transitions.
The Bayesian hierarchical model fits well with the nested structure
of the data and Bayesian estimation can deal with small sample sizes
(Gelman et al., 2013). The hierarchical model is a compromise between
complete pooling, having a single level regression model that combines
all data, and no pooling with a separate regression for each community.
The estimates for communities with small sample sizes and a lot of
variability are shrunk towards the population mean to a greater degree
than are the estimates for communities with larger sample sizes and less
variation. This partial pooling helps reduce the negative effects that
outliers would have on the estimates, avoids overfitting, acknowledges
more uncertainty in smaller samples (Gabry and Goodrich, 2018). In
contrast, the ML estimation, was not able to capture the variability of
energy consumption across households as much as the HB did.
Using HB estimation in contrast to ML estimation had obvious advantages for prediction at the household-level. HB estimation is capable of
predicting gasoline consumption rates for households and communities
that were not part of the initial data, providing a prediction tool for other
communities (Gelman et al., 2013). For such prediction, the communityspecific coefficients, β0j, are set to zero, while all other estimators predict
gasoline consumption if vehicle stock and harvest weights are known.
Potential limitations of the study relate to the survey design, data,
and sample size. The low coverage in the community of Beaver where
only 7 out of 25 households were in the sample, prevented a robust
calculation of the Gini coefficient. It is possible that our data for Beaver
did not include super-households and for this reason shows a more
homogenous production pattern contrary to remote communities such
as Allakaket and Anaktuvuk Pass that have highly concentrated production patterns (Fig. 2) (Kofinas et al., 2016). Other communities included in Fig. 2 had much larger sample sizes with super-households
being more likely part of our sample in Allakaket (n = 19, N = 42),
Anaktuvuk Pass (n = 20, N = 62), and Tok (n = 37, N = 532).
Also, we did not conduct a non-response survey to address specific
selection bias. However, selection bias is likely small, given that interviewers attempted to conduct surveys with all households in each community, none being systematically excluded. We attempted to reduce recall by focusing on harvest activities that are season specific. Also, harvest
activities and the required inputs are an integral part of a subsistence
lifestyle and are embedded in respondents' culture and traditions. For

simplicity, we asked about average weekly gasoline consumption instead
of a range (Supplemental Material). Even though recording gasoline consumption directly using a gauge would have revealed the most accurate
data from which bias could have been analyzed and eliminated. Such an
approach was outside the budget and scope of the study.
The survey did not ask questions about mileage and gasoline price
which would have been useful variables to include in the econometric
model. Due to the large complexity of asking respondents about travel
distance and frequency and related recall bias we decided to not
quantify mileage and follow other metrics to measure energy efficiency
previously applied (Wolfe and Scott, 2010). In addition, gasoline prices
in rural Alaska vary widely by community and season. There are limited
data sources which mainly focus on diesel and heating fuel prices and
do not document gasoline prices (DCCED, 2011). The latter are often
subject to large variation in retail margins. Future surveys would benefit from including a question on gasoline price.
Lastly, future research may account for varying ecological and environmental conditions affecting gasoline consumption. For example,
proximity to caribou migration routes and moose habitat affect consumption as much as seasonal travel conditions driven by climate
change (Berman and Kofinas, 2004). For example, Dry Creek is located
near a non-motorized hunting zone where households use pack animals
contributing to relative high energy efficiency (Table 3). In addition, a
warming Arctic has negatively affected access to resources by shortening the snow and ice-covered season needed for most efficient travel
by snowmobile (Berman and Kofinas, 2004; Thoman and Walsh, 2019).
5. Conclusion
This study provides empirical evidence and a predictive tool to better
understand the food-energy nexus in less-known wild food harvest systems. Isolated indigenous communities face increasing threats from climate change and require data to inform their own energy transitions
away from costly fossil fuels towards integrating local renewable energy
sources. We provide a predictive model that off-the-grid communities
with similar wild harvest systems can use to predict and better understand
their energy consumption. Such information will enable planning efforts
to transition local transportation sectors towards using local renewable
energy sources. We found that remote communities which generally have
stronger traditional wild food production and specialization showed
higher energy efficiencies than their road-connected counterparts. This
result suggests that indigenous culture is an important contributor to effective climate change mitigation, energy, and food security.
Declaration of Competing Interest
The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence the work reported in this paper.
Acknowledgment
Data collection was conducted by the Alaska Department of Fish and
Game Division of Subsistence. We thank the data collection staff and
David Koster for his assistance with the data. Data analysis was funded
through a grant from the Alaska Housing and Finance Corporation and
supported by the U.S. Bureau of Land Management’s Rapid Eco-regional
Assessment for the North Slope of Alaska and by the National Science
Foundation (award 1518563). We are grateful for constructive input
from Drs. Gary Kofinas, Steve Colt, Jim Magdanz, Todd Brinkman,
Joseph Little, and two anonymous reviewers. We thank Drs. Milo
Adkison, Jungho Baek and Brett Jordan for commenting on earlier
versions of the models. T.S. conducted data analysis and wrote the
paper. J.S. assisted with map creation, editing, and data management.
D.H. was responsible for data collection and helped edit the manuscript.
10

Ecological Economics 176 (2020) 106712

T. Schwoerer, et al.

Appendix A
A.1. Data transformations and distributional assumption

Fig. A.1. Q-Q plots for testing the distributional assumption for the response variable, assuming it is normally A) and log-normally distributed. D) shows the logtransformed response variable. The dashed blue lines show the 95% confidence envelope. (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)

A.2. Sampling quality and predictive accuracy
Diagnostics for Model 1 indicated that the 4000 iterations provided a sufficiently large effective sample size to draw from the posterior. Monte Carlo
standard error (MCSE) was equal to zero and R < 1.1 for all parameters (Fig. A.2). Also, the trace plot for the four chains used to estimate parameters
show convergence. We include an example for the fish harvest variable in Fig. A.3 where the chains were indistinguishable except for noise. Due to
autocorrelation in the draws, the MCSE deserved a closer look. We compared the effective sample size with the actual sample size used to draw from the
posterior. We found that all parameters had high neff/N and none neff/N < 0.1 (Fig. A.4). This result suggested that there is less autocorrelation
between the MCMC draws resulting in greater effective sample size in relation to the actual sample size (Gelman et al., 2013). Another indication
supporting high sampling quality is that the posterior standard deviation equals 0.1 and is larger than its MCSE which is 0.0 (Muth et al., 2018).

Fig. A.2. R statistic for Model 2 comparing the variation between the chains to variation within the chains.
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Fig. A.3. Post-warmup trace plots for regression coefficient (slope) on edible fish harvest and the standard deviation of the error term, σy. In each case, the four chains
show strong signs of convergence with the expected noise but no discernable pattern. Each chain started at a randomly selected value.

Fig. A.4. Ratio of effective sample size in relation to actual sample size for posterior draws for Model 1.
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Fig. A.5. Distributions of replicated data based on 500 draws from the posterior predictive distribution T(yrep) generated by Model 1. Shown are the mean (A), standard
deviation (B), minimum (C), and maximum (D) test statistics. The blue line represents the value of the statistic computed from observed data. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. A.6. Posterior predictive distributions related to household-level coefficients showing the median (vertical line) and 80% credible interval (shaded).

Table A.1

Historic vehicle stock per household.
Region

Trucks/cars

Snow mobiles

ATVs

Boats

households

Source

Nunivak Island, Alaska
Interior Alaska
St. Laurence Island, Alaska
Southwest Alaska
Canadian Arctic
Canadian Arctic

n/a
n/a
n/a
0.5
n/a
n/a

ca. 2
1.8
>1
0.7
1.2
1.3

n/a
0.1
>1
1
n/a
1.2

> 0.5
1.9
n/a
1.7
0.8
0.6

n/a
117
n/a
206
44
20

Nowak, 1975
Kruse, 19791)
Little and Robbins, 1984
Langdon, 19913)
Wenzel, 19912)
Condon et al., 19954)

Notes: 1) Included 0.8 dog teams per household.
equipment.

2)

Inuit seal hunter engaged in the fur trade.

3)

includes < 0.05 airplanes per household.

4)

Offers detail on other

Appendix B. Supplementary data
Supplementary data to this article can be found online at https://doi.org/10.1016/j.ecolecon.2020.106712.
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