








3. Demographic Responsiveness Analysis
3.1 Data

I use a second dataset for the demographic analysis portion of this project. I
collected these data through a mannual collection process, which involved tracking and
identifying the specific types of all of the cars entering the Arches National Park on 3
different days— a free admission Saturday, April 21, 2018, as well as two regular paid
admission Saturdays, April 14, 2018 and May 5, 2018. By identifying the make, model,
and year of each of these cars, I am able to generate an approximate car value. For my
analysis, I use the estimated value of these cars as a proxy for income level. This allows
me to perform a general comparison between the socio-economic demographics of those
who attended Arches on the free day to those who paid full admission price to attend. I
am also able to draw conclusions about the populations of free-day-park-attendees and
regular-admission-attendees based on differences between the types cars that entered on
each of the days.

In order to collect this data, I recorded webcam footage from the front entrance
gate of Arches National Park (See Figure 6). The feed for this webcam is publically
available online and tracks every car as it enters the park. The webcam at Arches
National Park takes a photo every 60 seconds, which it instantaneously uploads to the
live online feed. By recording this feed, I was able to obtain footage, which I then used to
identify each car as it entered the park.

Figure 6: Webcam Image from Entrance Gate at Arches National Park (May 5, 2018)
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I collected data the Saturday prior to the National Parks Free Day and the
Saturday following. With the exception of April 14, the day prior to the free day, the
video footage was collected during regular visiting hours: between 7:30am and 5:30pm.
Due to technical difficulties, I was only able to record footage on April 14 between the
hours of 2pm and S5pm. Thus, the data from this day represents only a small portion of
the total cars that entered the park on this day. However, the information gathered on this
day still serves as an important control in my analysis and as an instrument to test
robustness. By collecting the data during the same hours on the same day of the week, |
attempt to minimize non treatment-related variation between control and treatment
groups. Although it is impossible to eliminate variation entirely, I find it plausible to
assume that these days are, in all aspects except admission price, comparable. All three
days are Saturdays, during the beginning of the peak park visitation season. The weather
on each of these days was comparable: hot and sunny, with and average temperature
ranging from 50-65 degrees Fahrenheit.?

After obtaining the video footage, I employed a research assistant to identify the
cars in each of the snapshots. During the 23-hour time period in which we recorded from
the front entrance gate, 3,179 cars entered the park. We were successfully able to identify
2,596 of these cars by their make, model, and approximate year (see Table 5). There were
22 additional cars that we were able to identify by their make, but not by their model. We
included these vehicles in our country-of-origin analysis. However, cars which were
unidentifiable by model or year were omitted from our other analyses.

The main obstacle we encountered in identification was the quality of the video
feed. There were several instances during the recording process in which the live feed
stalled, causing us to lose valuable footage. This occurred most frequently on April 21,
the fee-free admission day, which is why a smaller proportion of cars on this day were
identified (see Table 6). From the footage we have, we were able to identify the cars
closest to the entrance gate. However, the cars further toward the back were more
difficult to identify. Because the image did not refresh, we did not get closer views of
these cars and thus did not get a clear enough image to accurately identify them. Because
stalls in the video footage occurred randomly, I have no reason to assume that any
particular type of car was systematically excluded from the analysis. This suggests that
the cars that were identified do not differ systematically from cars that were
unidentifiable.

2

April 14: Low 28, Hi 61
April 21: Low 45, Hi 68
May 5: Low 46, Hi 79
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After having identified each car, I used The Official Kelley Blue Book price index
to assign an approximate value to each car (“Used Cars & Used Car Prices”, 2018).
Kelley Blue Book gives an estimate for each car by averaging the prices of all cars on the
market of that particular make, model, and year. This value is known as the “Fair Market
Price.” I used the official Fair Market Price listing for each identified car as an estimate
of each car’s approximate value. For any car whose year was estimated as a range of
possible years, I used the mean year between the two listed years to obtain the Fair
Market Price. Although all of the Fair Market Price values are estimates, they do provide
a reasonable measure of the relative value of each of the cars listed. The approximated
value for each car serves as a proxy for income level in my analysis.

In addition to the date and time of entry, make, model, year, and market price, I
include a variable indicating the country of origin of each car, as well as a variable for
average fuel efficiency for highway and city driving. I also add dummy variables to
identify luxury and foreign-made vehicles. I obtained this information through Kelley
Blue Book’s vehicle index car (“Used Cars & Used Car Prices”, 2018).

Table 3: Description of Demographic Responsiveness Variables

Variable
Day

Make, Model, Year,
Body Type, Country
of Origin

Value
(Fair Market Price)

Average Fuel
Efficiency

Description

Date in which
vehicle entered
Arches National
Park

Descriptive
characteristics of
each identified
vehicle

Estimated Fair
Market Price for
each identified
vehicle

Average MPG city
MPG highway

Source
Collected
April 14, 2018;
April 21, 2018;
May 5, 2018

Collected,
Identified

Retrieved from
Kelley Blue Book

Retrieved from
Kelley Blue Book
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Table 4: Summary of Cars by Day

April 14 April 21 May 5
(Paid) (Free) (Paid)
Hours 3 10 10
Total Cars 230 1,245 1,695
Identified
Makes 215 862 1,524
Identified
Models 215 852 1,512
Average Value 16,191.1 14,903.6 16,083.8
(8758.61) (8736.34) (8457.86)
Average Year 2012.84 2011.94 2012.77
(5.13) (5.90) (5.72)
Average MPG  23.98 23.53 23.52
(6.69) (5.95) (7.64)
Foreign-Made 56% 50% 53%

3.2 Methods and Approach

In my approach to answering this question, I use car type (which includes the
make, model, approximate year, body-type, and estimated car value) as a proxy for
income level. Vital to my analysis is the assumption that car-type preference is correlated
with other demographic characteristics of car owners. If this assumption holds, I can
draw conclusions about specific populations based on the distribution of car types within
that population. This assumption, though difficult to prove, is consistent with prior
literature.

Prior literature reveals a strong correlation between consumer preferences for car
type and demographic characteristics (Choo and Mokhtarian, 2004). Vehicle type choice
literature suggests that, relative to low-income households, medium and high-income
households have a high preference for new SUVs. (Kitamura et al., 2000 and Choo and
Mokhtarian, 2004). In addition, medium and high-income households have a relatively
low preference for old vans, pickup trucks, minivans, and station wagons compared to the
baseline preference of low-income households. Overall, low-income households have a
higher baseline preference for older vehicles, indicating that high-income households are
more likely to purchase newer cars. Households with children younger than four years of
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age are more likely than other households to use compact and midsize sedans and SUVs.
Households with senior adults tend to prefer compact, midsize, and large sedans to
coupes and subcompact sedans and have a higher baseline preference for old station
wagons and vans than other households. Unsurprisingly, larger households are more
likely to own larger cars, such as midsize to large sedans, station wagons, SUVs, vans
and minivans. In addition, larger households tend to prefer older vehicles to newer
vehicles (Bhat, 2009). Bhat et al. suggest that this may be due to the lower level of
discretionary income among these households. Congruent with this hypothesis is their
finding that households with more employed members tend to prefer new vehicle types.

A recent study performed at Stanford University analyzed the relationship
between car type, as measured from cars photographed on the streets of specific cities
and neighborhoods, and socio-demographic characteristics, as reported in census records
(Gebru, 2017). The study used 50 million images taken by Google Street View and a
sophisticated machine-learning program to identify every car on every street in 200 cities.
By comparing the results with census records for those same specific neighborhoods,
they found that car type is not only correlated with income level, but also could be “used
to accurately estimate income, race, education, and voting patterns, with single-precinct
resolution” (Gebru, 2017). For example, if, during a 15-minute drive through a city, the
number of sedans is higher than the number of pickup trucks, the city is likely to vote for
a Democrat during the next Presidential election. This study is similar to mine in that it
uses concentrations of certain types of cars to predict demographic characteristics of
populations. In the Stanford study, the machine learning models were able to classify
specific precincts with high accuracy based on populations of specific car types identified
within each geographic area.

Prior literature confirms the assumption that car type preference is highly
correlated with demographic factors such as income level, age, family size, political
affiliation (Choo and Mokhtarian, 2004; Kitamura et al., 2000; Bhat, 2009; Gebru, 2017).
With this assumption as the backdrop for my analysis, I compare the car types present at
Arches National Park on the regular paid admission days to those that were present on the
free admission day. By comparing the concentrations of cars present on these days, I am
able to make inferences about the people that drive these cars. This allows me to compare
the population of people that visit Arches on regular paid admission days to those that
chose to visit on free admission days.

3.3 Results

To assess the variation in cars entering Arches National Park between free and
regular paid admission days, I run several regressions. These regressions compare the
average car value, average car age, and average fuel efficiency of the cars that entered the
park each day and provide insights into the distributions of specific types of cars across
paid and non-paid admission days. In running my regressions, I find results consistent
with my hypothesis that the cars that entered Arches National Park on the free admission
day would have a lower value, on average, than those that entered the parks on the two
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regular paid admission days. My results also indicate that the cars that entered Arches
National Park on the free admission day were, on average, older and that a lower
percentage of these cars were foreign-made. I find evidence to support my hypothesis
that the cars that enter the park on the free admission days represent a different
population demographic than the cars which enter the park on regular paid admission
days.

Regressing estimated car value on free admission status, I find that the cars that
entered the park on the free day were worth, on average, $1,274 less than the cars that
entered on regular paid admission days. This result is statistically significant at the 1%
level (See Table 4). When running the same regression using log car value, I find that the
cars that entered the park on the free day were, on average, worth 11.8% less than those
cars which entered on regular pay days.

Table 5: Car Valuations with Admission lterations

() 2) 3)
Free-day -1,274%%*% ] 287*F*k* ] 256%**
(369.7) (378.4) (375.7)
Pre-day -107.3
(640.9)
Morning 354.6
(712.7)
Afternoon 837.1
(713.9)
Hour Controls X
Constant 16,178*** 16,191*** 15,634%**

(2123)  (227.1)  (660.60

Observations 2,520 2,520 2,520
R-squared 0.005 0.005 0.006

When I include an additional dummy variable to control for variation which may
occur between the two regular admission days, I find that there is no statistically
significant difference between the value of cars which entered the park the Saturday prior
to and the Saturday following the free admission day (see Table 7). That is, the cars that
entered the park on the two regular paid admission days represent comparable
populations in terms of average car value. The fact that car value remains constant across
regular admission days provides evidence to support the identifying assumption that the
value of cars entering the park does not typically vary from day to day. Thus, I conclude
that the large variation between the paid admission days and the free admission day is
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likely driven by the change in admission cost between the free and regular admission
days, rather than by some other seasonal factor.

Although there is no significant difference between average values of the cars that
entered on the two admission days, the coefficient representing the correlation between
car value and free admission remains statistically significant at the 1% level, even when
controlling for day (see Table 7). The estimated parameter -/,287, is very similar to the
reported estimate from the initial regression model and indicates that the cars that entered
the park on the free day were, on average, worth $1,287 less than those which entered the
Saturday following the free day (see Figure 7).

Figure 7: Average Car Value
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As stated earlier, the data collected on the Saturday prior to the free admission
day only represents a small fraction of the cars that entered the park that day. Due to
technical difficulties, I was unable to collect data from the morning hours on that day.
While the data collected on the free day and “post free day” represent all the cars that
entered the park between the hours of 7:30am and 5:30pm, the data collected on the first
control day only represent those cars that entered the park between the hours of 2pm and
Spm. To adjust for bias that may occur due to the incongruence of hours during which
data was collected, I include an additional control variable for time of day. I used the
recorded the time of entry for each car to create a dummy variable for each hour of the
day. Running the same regression with the added time-of-day control, I find that the same
results remain. With the added time-of-day control, the above-mentioned parameter
remains almost identical and is statistically significant at the 1% level (see Table 7). I run
an additional regression with dummy variable controls for morning, afternoon, and
evening. With both hour-specific and time range controls, I find that time of day of car
entry is not significantly correlated with the type of car entering the park (see tables 7, 8,
9). Because temperature is highly correlated with time of day, I extrapolate that the types
of cars entering the park are also not correlated with temperature.
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In addition to testing for differences in average car value between the free and
paid admission days, I regress estimated car year on day to measure the difference in car
age between the free and paid admission days. I find that the cars that entered Arches
National Park on the free day were also, on average, .892 years older than those cars that
entered the park on paid admittance days (see Table §). Similar to the above-mentioned
finding regarding car value, I find no statistically significant difference in car age
between two control groups. The average estimated year of the cars on both paid
admission days was the same: 2013 (see Figure 8). The similarity in car ages across both
control days this indicates that the cars that entered the park on the two control days
represent similar populations. This again provides evidence in support of the assumption
that the observed variation in car age between free and non-free days is driven by
difference in admission cost and not by some other unobserved variable. The parameter
that describes the relationship between free admission and car year remains statistically
significant and at the 1% level. When controlling for variation across days, I find that the
cars that entered the park on the free day were still, on average, nearly a year older than
the cars which entered on the other two days (See Table 8).

Table 6: Car Year with Admission Iterations

() 2) 3)
Free-day -0.892%**  _(0.901***  -(0.847***
(0.215) (0.22) (0.218)
Preday -0.0718
(-0.391)
Morning -0.209
(-0.428)
Afternoon 0.182
(0.43)
Hour Controls X
Constant 2013%** 2013%** 2013%**

(0.129)  (0.138) (0.399)

Observations 2,808 2,808 2,808
R-squared 0.006 0.006 0.007
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Figure 8: Average Car Year
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When considering the difference in average value between cars that entered the
park on free and paid admission days, it is important to consider the extent to which this
variance is driven by depreciation. As the results confirm, cars that entered the park on
the free day were worth, on average, $1,274 less than cars that entered the park on paid
admission days. However, these cars were also nearly a year older on average. Therefore,
it is possible that the difference in car value demonstrated is driven primarily by car age.

In order to better understand the correlation between age and value for the cars
used in my model, I run a simple regression. I generate a new variable age derived from
each car’s year subtracted from the current year, 2018. Then, I regress age on value to
estimate the extent to which depreciation affects car value. My results highlight an
estimated $1,099 decline in value with each year that passes after a car is produced (see
Table 9). Although I recognize that this result provides an imprecise estimate for the
impact of aging on car value, it allows me to better identify the key drivers behind the
observed difference in car value across days. By dividing the approximated age
coefficient in my age-value model by the free-day coefficient for my value model,
(1,099/1,274) 1 find that approximately 86% of the difference in car value across days is
driven by car age. This would indicate that age is the chief driver behind the observed
difference in car value between free and paid admission days. This finding also suggests
that a relatively smaller 14% of this variation is due to other differences between the cars
that entered the park on these days such as differing makes, models, and car types.
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Table 7: Car Value with Age

(1)
Age -1,099.247***
(23.574)
Constant 21757.56%**
(181.228)
Observations 2,520
R-squared 0.463

I run an additional regression to compare the fuel efficiency of cars across days.
For this regression, I use a fuel efficiency measure, which comes from calculating the
combined average city and highway fuel efficiencies for each car (“Used Cars & Used
Car Prices”, 2018). I find that there was no statistically significant difference in fuel
efficiency between the three days in which data was collected (see Table 10). This
indicates that, although the cars that entered the park on the free day tended to be older
and less valuable than the cars that entered the park on the regular admission days, there
is no significant difference in terms of fuel efficiency level of these cars. Adding the
dummy control for the first regular admission day, I find that average fuel efficiency does
not vary across any of the days in any statistically meaningful way (see Table 10).

Table 8: Average Fuel Efficiency (MPG) with Admission Iterations

(1) (2) 3)
Free-day -0.397 -0.454 -0.331
(0.295) (0.302) (0.3)
Pre-day -0.46
(0.512)
Morning -0.483
(0.569)
Afternoon -0.136
(0.57)
Hour Controls X
Constant 23.92%** 23.98%** 24 20%**
(0.169) (0.181) (0.527)
Observations 2,520 2,520 2,520
R-squared 0.001 0.001 0.001
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In addition to testing for trends in car value, age, and fuel efficiency, I also
compare the distribution of specific types of cars between days. One of the ways I do this
is by running a logit regression model to compare the percentage of cars classified as
“luxury vehicles” which entered the park on the free admission day to the percentage
which entered on the full-price admission day. After running the logit model, I assess the
marginal effects at the means. I find no statistically significant difference in the
percentages of cars categorized as “luxury vehicles” between the free and regular
admission days. There is also no statistically significant difference in distribution of
luxury cars between the two paid admission days (see Table 11). The OLS regression
reports similar findings (see Table 11, model 3). Although the cars that entered the park
on the paid admission days were, on average, younger, higher value cars than those that
entered on the free day, they did not represent a higher proportion of luxury vehicles. It is
important to note that only a very small percentage, 5% of the total cars classified as
“luxury vehicles.” It is possible that failure to detect a correlation between admission and
luxury vehicle status is due to the small sample size and lack of statistical power.
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Table 9: Luxury Vehicle Logit Model with Percent Change at Means

(1) Logit (2) Logit (3) OLS
Free-day -0119 -.0125 -.0122
(.011) (0.011) (.010)
Pre-day -.0049 -.0051
(.018) (.018)
Constant S2.692%xx D 696Kk (QT02%H*
(0.098) (0.105) (0.006)
Observations 2,664 2,664 2,664

Table 10: Foreign-made Vehicle Logit Model with Percent Change at Means

(1) Logit (2) Logit (3) OLS

Free-day -0587*#%  _0.0634%**  -.0634%%*
(0.020) (0.021) (0.021)
Pre-day -0.0379 -0.0379
(0.036) (0.036)

Constant 0.236%** 0.255%%** 0.5634%**
(0.048) (0.052) (0.013)

Observations 2,598 2,598 2,664

I run a similar model to test for the difference in country of origin of cars. My
logit model reveals that for each car entering the park on the free admission day, that car
is approximately 6% less likely to be of foreign origin that its counterparts entering the
park on a regular paid admission day. This result is statistically significant at the 1% level
(see Table 12). By comparing the actual distribution of the country of origin of cars
between free and paid admission days, I find that a higher percentage of the cars that
entered the park on the free day were American-made: 50.0% as compared to 44.12% of
American-made cars that entered on the paid admission days. The percentage of German
and Japanese cars between days is comparable, though slightly lower for the free
admission day: 5.01% as compared to 4.18% for German cars, and 41.24% as compared
to 39.56% for Japanese cars. The gap for South Korean cars between days is slightly
more dramatic: 8.29% of paid admission cars compared to 5.45% of free admission cars.
The percentages of British, Italian, and Swedish cars are comparable across free and paid
admission days (see Figure 9).
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Figure 9: Country of Origin
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The results from my analyses provide evidence to support my hypothesis that cars
that entered park on the free day vary from those that entered on full price admission
days. I find that the cars that entered Arches National Park on the national parks free
admission day were, on average, lower value and older than those which entered on the
full-price admission days. I also find that a smaller percentage of the cars which entered
the park on the free day were foreign-made. It is plausible to conclude from these results
that the cars entering the park on the free day represent a different demographic than
those entering the park on regular paid admission days.
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4. Conclusion
4.1 Findings

Through my price responsiveness analysis, | find that visitation at national parks
has become increasingly responsive to changes in admission price over the last decade.
Although total park attendance has increased to all-time highs over the past five years,
this has not been the case at all parks. Admission price is negatively correlated with
attendance over the past twelve years. This indicates that the parks which experienced the
greatest increases in entrance fee price did not experience the same magnitude of rise in
attendance as the parks at which fees remained relatively constant. The evidence suggests
that potential park visitors were deterred from attending the parks at which fees
increased. These visitors may have substituted away from the most expensive parks and
instead selected to attend parks with lower fees or may have chosen to avoid parks
altogether. The question then arises: who are these potential park visitors? Who is being
excluded from parks due to fee increases?

Evidence suggests that people of a lower income bracket may be more responsive
to changes in cost of admission to parks than are people of higher incomes. In my
demographic responsiveness analysis, I find that the cars that entered Arches National
Park on the national parks free admission day were, on average, worth $1,274 less than
cars that entered the park on paid admission days. In addition, I find that these cars were
nearly a year older, on average, than the cars that entered the park on the Saturdays prior
to and following the free day. Although not every car that entered the park on the free
admission day was worth less than every car that entered on the paid admission days, a
greater proportion of these cars represent older, cheaper makes than those that entered on
the paid admission days. Because of this, I find it plausible to assume that the cars that
entered the park on the free admission day represent a different population than the cars
that entered on the regular paid admission days.

Due to budget constraints, low income families and individuals are more likely to
drive cheaper, older cars than people of a higher income bracket. In addition, lower
income families and individuals are more likely to drive American-made cars than
wealthier people who, statistically speaking, more frequently drive Asian and German-
made cars. Thus, the greater percentage of the lower valued, older cars that entered on the
free day likely represent a greater proportion of lower-income park visitors. The decision
of these low-income visitors to attend the park was likely influenced by the reduced cost
of entry. Many of these visitors are likely families and individuals such as students who
may have been otherwise excluded from attending the park due to budget limitations. For
these individuals, the regular price $30 admission fee exceeds their willingness to pay for
leisure activity. However, these people still value leisure and use of public lands, as
evidenced by the fact that they do choose to attend the park when cost of admission is
low.

Low-income families and individuals experience different budget constraints than
people of higher income brackets. Because of this, their willingness to pay for
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recreational public land use is also different. According to my analysis, low-income
individuals (or at least individuals who drive less-expensive cars) are more responsive to
changes in price from a regular full admission day to a free admission day than are higher
income individuals (or individuals with more expensive cars). This means that although
demand for national parks is relatively inelastic for the majority of the population, it may
be more elastic for this specific subset of the population. This indicates that in producing
a “fair and equitable” fee structure, the NPS must consider the affect that fee increases
may have on lower-income families and individuals who may otherwise be excluded
from enjoying public lands.

4.2 Policy Implications

Given the need for maintenance funding as well as the rapid increase in park
attendance over recent years, it seems the rational response on the park of the National
Park Service to raise entrance fees. Because demand for parks is relatively inelastic,
increasing entrance fees will have a minimal impact on park attendance, and is likely to
increase revenue considerably. From a purely economic perspective, it is in the best
interest of the NPS to raise entrance fees. Entrance fee-generated revenue will be
valuable to parks as it will provide funding for maintenance projects and general park
upkeep.

However, when considering the issue of public land use, it is important to
consider it from a broader perspective. Instead of simply considering the impact of fee
changes on aggregate park visitation, it is important to consider responsiveness of
individuals to park pricing. Although changes in entrance fees may not dramatically
adversely affect total park visitation, evidence from this analysis suggests that they may
disproportionately reduce park visitation by low-income individuals and families. In
order to compensate for this, the NPS could consider implementing a more flexible
pricing structure, adjusted to differences in willingness to pay between low and higher
income households. Identifying such a fee structure will require careful analysis and
experimentation.

There are several challenges that arise in identifying policy solutions for this
issue. First, the NPS must identify a fair way to assess the income level of potential park
visitors. This is nearly impossible to determine at the entrance gate; park employees lack
the time required to inquire about income level and the information required to verify
visitor reports. Therefore, it would be necessary to assess and signal income level prior to
arriving at the park. The most obvious solution to this would be implementing some type
of voucher system to reduce the cost of admission for low-income households. The
challenge then arises of distributing vouchers to qualified candidates. Low-income
individuals are unlikely to apply for national parks scholarships or reimbursements,
especially when such scholarships would require additional paperwork. This is consistent
with behavioral economic literature which studies barriers faced by individuals living
below the poverty line (Bertrand, 2006). One potential solution would be to distribute
vouchers based on tax information. This information is already available at the federal
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level and provides an accurate reporting of income for each household. It is possible
therefore, that the NPS could issue vouchers based on reported income from tax forms.
These vouchers could be distributed in conjunction with tax returns. Households in lower
income brackets would therefore be given opportunities to attend national parks.

4.3 Further Research

Although this thesis provides new insights for better understanding visitor
responsiveness to entrance fees at national parks, there are many questions left
unanswered. Further research will require additional analysis of price responsiveness
over recent years. This analysis would benefit from including a broader set of parks. This
would allow scholars to draw more definitive conclusions regarding the causal impact of
entrance fees on park visitation rates. In addition to including more parks, research would
benefit from including a wider range of years. Because such little time has passed since
the 2015 fee changes, it is difficult to measure the long-term impact of these changes on
park attendance. Including additional years into the analysis would allow scholars to trace
the impact of recent fee changes with more accuracy and better assess this study’s finding
that visitation is becoming increasingly responsive to price changes.

In addition to improving the visitation responsiveness analysis, further research
should take a deeper look into demographic responsiveness to entrance fees. Such
research could follow a similar approach to this thesis, by analyzing the cars entering
parks on free and regular admission days. However, rather than examining only one
specific park during a one specific time span, further research could examine multiple
parks over a longer time span. Gathering more data would allow us to better understand
overall trends on a national level. By employing a machine-learning technique similar to
that used at Stanford, we could efficiently identify large magnitudes of vehicles and make
predictions about the populations attending national parks. This would allow us to better
target the demographic populations that may be excluded from visiting national parks.
Further research in this area will allow the National Parks system to maintain their goal
of establishing a “fair and efficient” fee structure and of ensuring that public lands are
enjoyed by all.
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APPENDIX

Appendix 1: Data Sample

Table 11: Annual Visitation at Arches NP and Top 5 Most-Visited National Parks (1993-2017)

1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017

Arches

773,678
777,178
859,374
856,016
858,525
837,161
869,980
786,429
754,026
769,672
757,781
733,131
781,670
833,049
860,181
928,795
996,312
1,014,405
1,040,758
1,070,577
1,082,866
1,284,767
1,399,247
1,585,718
1,539,028

Great
Smoky
Mountains

9,283,848
8,628,174
9,080,420
9,265,667
9,965,075
9,989,395
10,283,598
10,175,812
9,197,697
9,316,420
9,366,845
9,167,046
9,192,477
9,289,215
9,372,253
9,044,010
9,491,437
9,463,538
9,008,830
9,685,829
9,354,695
10,099,276
10,712,674
11,312,786
11,338,893

Grand
Canyon

9,283,848
8,628,174
9,080,420
9,265,667
9,965,075
9,989,395
10,283,598
10,175,812
9,197,697
9,316,420
9,366,845
9,167,046
9,192,477
9,289,215
9,372,253
9,044,010
9,491,437
9,463,538
9,008,830
9,685,829
9,354,695
10,099,276
10,712,674
11,312,786
11,338,893

Zion
2,392,580
2,270,871
2,430,162
2,498,001
2,445,534
2,370,048
2,449,664
2,432,348
2,217,779
2,592,545
2,458,792
2,677,342
2,586,665
2,567,350
2,657,281
2,690,154
2,735,402
2,665,972
2,825,505
2,973,607
2,807,387
3,189,696
3,648,846
4,295,127
4,504,812

Rocky
Mountain

2,780,342
2,968,450
2,878,169
2,923,755
2,965,354
3,035,422
3,186,323
3,185,392
3,139,685
2,988,475
3,067,256
2,781,899
2,798,368
2,743,676
2,895,383
2,757,390
2,822,325
2,955,821
3,176,941
3,229,617
2,991,141
3,434,751
4,155,916
4,517,585
4,437,215

Yosemite
3,839,645
3,962,117
3,958,406
4,046,207
3,669,970
3,657,132
3,493,607
3,400,903
3,368,731
3,361,867
3,378,664
3,280,911
3,304,144
3,242,644
3,503,428
3,431,514
3,737,472
3,901,408
3,951,393
3,853,404
3,691,191
3,882,642
4,150,217
5,028,868
4,336,890

Total 34,116,984 533,285,951 533,285,951 115,815,890 184,513,824 194,741,451
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Appendix 2: Price Elasticity Models

Ln(real fee)
Month

Year
Year*Region

Year*Month

Constant

Observations
R-squared

Ln(real fee)
Month

Year
Year*Region
Year*Month
Constant

Observations
R-squared

Oy

0.446%*
(0.134)

9.856%
(0.386)

4,070
0.410

0y

0.121
(0.085)

10.797%*
(0.232)

8,281
0.390

Table 12: Log Monthly Visitation by Park 2006-2018

@)
-0.012

(0.161)
X

X

9964
(0.605)

4,070
0.743

Table 13: Log Monthly Visitation by Park 1993-2018

()
0.024
(0.121)
X

X

10.0027%+*
(0.605)

8,281
0.730

3
0631
(0.085)
X

X

9.902%*
(0.325)

4,070
0.745

3)
0.076
(0.103)
X
X

X

9.774%%
(0.360)

8,281
0.734

(C))

0.234
(0.141)

11.234%%x
(1.142)

4,070
0.410

“)

-0.024
(0.067)

X

10,747
(.248)

8,281
0.391
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