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A B S T R A C T   

Understanding the economic value of ecosystem services is necessary to facilitate sustainable land use man
agement, and to inform policy and decision making. However, valuing and monetizing ecosystem services re
mains challenging. Benefit-transfer and non-market valuation methods typically rely on administrative data and 
surveys, but this is time consuming, limited, and requires much more resources. Social media and other types of 
big data provide accessible and georeferenced data that can be incorporated into valuation approaches. We use 
recreation as an example and the Tahoe Central Sierra Initiative (TCSI) project area in California as a case study 
to explore the usefulness of such data in estimating travel costs that form an integral part of determining the 
value of recreational ecosystem services through the travel cost model. We estimated 6,951 person user days of 
recreation from 2,245 visitors who uploaded photographs to the Flickr photo-sharing application between 2005 
and 2019. We used metadata from the images to infer visitor origins and estimate trip distance and costs of travel 
for visitors that took day trips (<500 miles (~800 kms) roundtrip) to the area. Our results show that the most 
demand for recreational opportunities in the TCSI came from domestic visitors, particularly those from California 
and Nevada who took day trips. On average, visitors spent $156 per single day trip. The total cost of travel for 
recreational visits to the TCSI for the period was $491,500 (an average of $32,800 per year). However, when 
adjusted to align with actual visitation, the travel costs could range from $1.35 to $1.84 billion per year. Esti
mating recreational use and highlighting the travel cost for recreational opportunities illustrates how crowd
sourced data can refine valuation approaches such as the widely used travel cost approach, which may fill in data 
gaps in valuing ecosystem services.   

1. Introduction 

Natural landscapes provide numerous benefits to people, including 
recreational opportunities that are linked to improved physical health as 
well as psychological and emotional well-being (Bratman et al., 2019; 
Remme et al., 2021; Wolsko et al., 2019; Russell et al., 2013; Sandifer 
et al., 2015; Daily, 2021; Daily and Ruckelshaus, 2022). Nature-based 
recreation, for example, is believed to be the fastest-growing sector of 
the recreation and tourism industry globally and generates about $600 
billion annually for the global economy (Sonter et al., 2016; Balmford 
et al., 2015), with increased visits to forested regions during the COVID- 
19 pandemic (Fagerholm et al., 2021). Illustrating the economic value of 

ecosystem services, and recreation in particular, generated by natural 
areas can provide a powerful incentive for their conservation (Bilmes 
and Loomis, 2019; Montagnini et al., 2022; Mayer and Woltering, 2018; 
Shrestha et al., 2007; Gnedenko, 2021; Hale et al., 2019; Quesnel Seipp 
et al., 2023). 

Although studies quantifying ecosystem services are rapidly growing 
(Wood et al., 2020; Zhang et al., 2021; Paracchini et al., 2014; Mayer 
and Woltering, 2018; Sinclair et al., 2018; Hermes et al., 2018), valuing 
and monetizing the recreational benefits of landscapes remains a chal
lenge. This is largely due to a lack of indicators and associated data that 
approximate the value of recreation benefits (Bowker et al., 2009; Mayer 
and Woltering, 2018), which poses a challenge in informing 
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management or policy actions that would prioritize recreational bene
fits. Natural recreational resources are environmental goods and ser
vices which belong to non-marketed goods and services; thus they do not 
have actual market prices as they are not traded in normal markets 
(Bigirwa et al., 2021; Ezebilo; 2016). As such, ascertaining the net 
economic value of recreation is typically conducted through non-market 
valuation techniques such as contingent valuation, travel cost, choice 
experiments, and hedonic pricing (Mäntymaa et al., 2021; Rogers et al., 
2019; Sánchez et al., 2021). Typically, for economic valuation, the net 
economic value or consumer surplus of a good or service, i.e., the dif
ference between the individual’s maximum willingness to pay as defined 
by the individual’s underlying demand for the good or service and the 
total amount that they pay, is used (Bowker et al., 2009). Consumer 
surplus is inferred from revealed preference data or directly estimated 
using stated preference data, where people state their maximum net 
willingness to pay within constructed market conditions via surveys 
(Rosenberger, 2018; Kubo et al., 2020). 

The travel cost method, based on welfare estimates typically from 
preferences revealed in survey responses, is the most well-established 
and commonly used method for the valuation of recreational benefits 
(Parsons, 2003; Bartczak et al., 2008; Sinclair et al., 2020; Sardana et al., 
2016; Lankia et al., 2015; Parsons et al., 2021). The method relies on 
detailed data about trip characteristics and visitation numbers to an area 
as a measure of the demand for recreation. A key assumption in this 
method is that the return cost of travel (including associated fees) 
incurred from a visitor’s home to a site is a proxy or shadow price for the 
value of the recreational experience (Ghermandi and Sinclair, 2019; 
Teles da Mota and Pickering, 2020; Rashidi et al., 2017; Parsons, 2003). 
However, traditional administrative data and direct observations 
commonly relied on, including the amount and character of visitors as 
well as the spatial and temporal extent of recreational activities (Wood 
et al., 2020; Oteros-Rozas et al., 2018), are usually site specific, time 
consuming, expensive, and limited in both spatial coverage and content 
richness, with fewer travelers captured during surveys. 

Technological advancements have created many streams of fine- 
scale big data (e.g., social media data) as billions of posts, including 
text, videos, and geotagged images with a wealth of spatial and temporal 
metadata from millions of users, are uploaded to different platforms 

(Richards and Friess, 2015; Hale et al., 2019; Hausmann et al., 2018; 
Clemente et al., 2019; Lee et al., 2019). This data and techniques, such as 
machine learning, are increasingly being used in the field of ecology, 
and in particular, the mapping and modeling of ecosystem services 
(Manley et al., 2022). Several studies have found georeferenced, pub
licly accessible social media data to be a good proxy for mapping rec
reational ecosystem services in natural areas and a useful source of data 
for predicting the home locations of visitors with good accuracy (Wood 
et al., 2013; Wood et al., 2020; Sonter et al., 2016; Sinclair et al., 2020). 
Some studies have demonstrated that estimates relying on Flickr data 
reasonably compare to primary survey results from other sites (Keeler 
et al., 2015; Ghermandi, 2018; Sinclair et al., 2018). This provides an 
opportunity to explore how these techniques and data can be incorpo
rated into the valuation of ecosystem services, for example, with the 
widely used travel cost method. The travel cost method is a promising 
approach that could bolster research on recreation and its values, 
particularly in areas considered too costly or difficult for traditional 
monitoring. Although there is emerging research utilizing crowdsourced 
data, including social media and mobile phone data, to value recreation, 
the inclusion of such data to fill data gaps in valuation approaches is still 
in its infancy (Sinclair et al., 2018; Sinclair et al., 2020; Ghermandi, 
2018). 

The objective of this study is to explore the use of social media data in 
estimating recreational use as well as travel costs, which form an 
important component in valuing recreational ecosystem services. Using 
the Tahoe Central Sierra Initiative (TCSI) prototype project area in 
California as a case study, we illustrate how easily available social media 
data provides a spatially refined and low-cost data source for estimating 
use and associated travel costs that can improve data gaps in the travel 
cost method for valuing recreational services provided by nature. We 
specifically integrate data extracted from geotagged photographs 
uploaded to Flickr between 2005 and 2019 in the TCSI to illustrate how 
crowdsourced data is a powerful tool for overcoming current limitations 
of ecosystem service valuation approaches, including data availability, 
uncertainty in valuation, and challenges in connecting the biophysical 
and social aspects of ecosystem services to value the socio-ecological 
system as a whole. 

Fig. 1. A) Location of the TCSI within the state of California and forest restoration projects being undertaken in the area, b) the United States Department of 
Agriculture (USDA) forest service national forest boundaries as well as locations of urban areas in the TCSI. 
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2. Materials and methods 

2.1. Study area 

The TCSI is a pioneering 2.4-million-acre (~9,700 km2) landscape- 
level forest restoration effort under the Sierra Nevada Watershed 
Improvement Program (California Tahoe Conservancy, 2019). Fig. 1 
illustrates the location of the project, which brings together innovative 
planning, investment, and management tools for multiple restoration 
initiatives and collaboratives to improve the health and resilience of the 
Sierra Nevada (Sierra Nevada Conservancy, 2021). Recent land cover 
estimates from the California Department of Forestry and Fire Protection 
(CALFIRE) Fire and Resource Assessment Program (FRAP) (2015) show 
that the area is predominantly conifer forest (68.2%), with hardwood 
forests, shrublands, and water accounting for 8.8%, 8.5%, and 6.6%, 
respectively. The area is also covered by barren (4.1%), herbaceous 
(2.1%), urban (1.1%), wetland (0.4%), and agricultural (0.2%) lands. 
The forested landscapes and watersheds of the area provide significant 
fish and wildlife habitat and are a recreational playground for millions 
of visitors all year round (Sierra Nevada Conservancy, 2021). For 
example, an estimated 8 to 14 million annual visitors recreate in the 
Lake Tahoe region and form the foundation of the Lake Tahoe Basin’s $5 
billion economy (Tahoe Regional Planning Agency, 2021; Sierra Nevada 
Alliance, 2021; The Sierra Nevada Ally, 2021; California Tahoe 
Conservancy, 2021). 

2.2. Data 

Despite the limitations of social media data, including restricted 
access to Application Programming Interfaces (APIs) for some platforms 
such as Facebook, Twitter, and Instagram, underestimation of actual 
visitor estimates, assumptions about the motivations for sharing pho
tographs, biases around accessibility to and participation in social media 
(Wood et al., 2013; Toivonen et al., 2019; Hausmann et al., 2018; Muñoz 
et al., 2020; Ciesielski and Stereńczak, 2021; Mancini et al., 2018), so
cial media data can be a rapid and readily accessible source of data for 
ecosystem service research. We wrote Python scripts to connect to 
Flickr’s API and downloaded geotagged photographs taken between 1 
January 2005 and 31 December 2019 in the TCSI. We ended our 
photograph search in 2019 to avoid the effects of COVID-19-related 
travel restrictions (i.e., stay at home orders, lockdown orders) on rec
reational visits. We chose Flickr because of easy access to the public 
content through its API as well as its popularity among nature photog
raphers (Ruiz-Frau et al., 2020) and studies mapping recreation and 
other ecosystem services (Muñoz et al., 2020; Keeler et al., 2015; 
Ghermandi, 2018; Sinclair et al., 2018; Wood et al., 2013; Wood et al., 
2020; Mancini et al., 2018; Richards and Tunçer, 2018). Based on our 
query, we downloaded all available public photographs, and metadata 
including the longitude and latitude, date, and time the photograph was 
taken, as well as the photographer’s origin based on the location listed 
on their online profiles. We excluded urban areas from the analysis to 
measure recreation in natural landscapes outside cities. To do this, we 
filtered the Flickr records using a U.S. Census Bureau (2020) urban area 
shapefile to discard any record in a location with an urban area. To avoid 
double-counting of photographs and problems of having users that 
uploaded many or few images from a single visit being counted differ
ently, we calculated Photo-User Days (PUDs) for the TCSI. One PUD at a 
location represents one unique photographer who took at least one 
photo on a specific day within the area based on the date and location 
where the content was created along with the photographer’s unique 
identifier (Wood et al., 2013). 

2.3. Estimating cost of travel to the TCSI 

Here, we estimate the travel cost, a key element of the travel cost 
model, a popular method used to estimate the value of recreational 

benefits generated by ecosystems (Ward and Loomis, 1986; Parsons, 
2003; Bartczak et al., 2008; Sinclair et al., 2020; Sardana et al., 2016; 
Lankia et al., 2015; Parsons et al., 2021). The travel cost method is based 
on the idea that even if there is no explicit price for recreation, an in
dividual visiting a recreation site is willing to pay for traveling to the site 
and back and forgoes working time that has monetary value (Amoako- 
Tuffour and Martínez-Espiñeira, 2012; Bowker et al., 2009; Czajkowski 
et al., 2019). There are several variants of the travel cost method, 
including single site models focusing on the valuation of a single rec
reational site and those that focus on multiple recreational sites using 
random utility models (Sinclair et al., 2020; Parsons, 2003). Our analysis 
estimates the return travel cost incurred from a visitor’s home to a site, 
which can then be used in the travel cost model to estimate the net 
economic value or consumer surplus of the recreational service (Parsons, 
2003). As such, the estimated cost of travel to the TCSI was estimated as 
the return trip cost to visit the TCSI, including the opportunity cost of 
time. Time costs are a function of travel time and the opportunity cost of 
time, which is evaluated at one-third of the wage rate (Baerenklau, 
2010; Sardana et al., 2016). Smith et al. (1983) highlight that the 
appropriate valuation of time devoted to recreation trips depends on the 
nature of the time constraints facing each individual, including the op
portunity cost of time, which depends on the types of trips undertaken 
(e.g., long vacations versus weekend excursions) and on the individual’s 
available leisure time. While most travel cost method estimates are 
limited in scope because they require user participation and often rely 
on traditional administrative data and direct observations to obtain data 
on the amount and characteristics of visitors, here we illustrate how 
crowdsourced visitor information from Flickr can be used. Previous 
travel cost method studies, including Sinclair et al. (2018), Sinclair et al. 
(2020), Parsons (2003), and Sardana et al. (2016), have typically only 
considered day and single-purpose trips to avoid the multiple destina
tion and multi-purpose trip problem. Multipurpose and multi- 
destination trips yield a biased estimate of the recreation benefits of a 
site as some proportion of a person’s total trip travel cost and travel time 
are incurred for other purposes not related to nature-based recreation 
(Loomis, 2006; Parsons, 2003). Single-purpose trips thus fit the travel 
cost model, as all travel expenses can be attributed to creating the rec
reation experience. We estimated the distance traveled to visit the 
location in the TCSI site for each visitor based on the home location 
stated on their Flickr profile. The user’s first photograph from their first 
visit to the TCSI was used as the point to which they would travel. We 
considered day trips and single-purpose trips as those that are under 500 
miles (~800 kms) round trip (which predominately originate from 
California and Nevada) and assumed car to be the preferred mode of 
transport for these visitors based on estimates from English et al. (2018) 
who determined the probability of flying versus driving using reported 
travel mode choices from a national telephone survey. Their results 
suggest that for driving distances under 500 miles, travelers almost al
ways drive, and for driving distances greater than 1,500 miles (~2,400 
kms), travelers fly roughly 85 percent of the time. As such, for visitors 
whose round-trip distance from their origin to the first location they 
visited in the TCSI is under 500 miles, we used the most efficient route as 
identified using the “osrmTable” function in the “osrm” R package (R 
Core Team, 2022) to calculate travel distance. To estimate the travel 
cost, we used Eq. (1) adapted from Sardana et al. (2016): 

Travel Cost = Distance × Cost + 0.33 ×
Income
2000

×
Distance
40mph

(1) 

In Eq. (1), Distance is the round-trip distance from the visitor’s origin 
to a destination in the TCSI. Using the travel distance, Cost was calcu
lated as the average vehicle operating cost (including fuel and mainte
nance) per mile for a typical sedan-type car for each year as defined by 
the American Automobile Association (https://exchange.aaa.com/). 
Additionally, the time costs are a function of travel time estimated by 
dividing the round-trip distance by an average speed of 40mph 
(~64km/h) (Rosenberger and Loomis, 1999; Sardana et al., 2016). 
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Income was estimated as the median income for the place, county, or 
state of origin and extracted from 2010 U.S. Census Bureau data using 
the “censusapi” package in the R statistical computing software (R Core 
Team, 2022). Following Sardana et al. (2016), the wage rate was esti
mated by dividing the proxy income per annum by 2,000 based on a 40- 
hour week for 50 weeks in a year. Similarly, the opportunity cost of time 
was estimated as one-third (0.33) of the wage rate, a commonly used 
figure in the literature (Sinclair et al., 2018; Sardana et al., 2016). To 
factor inflation, we adjusted the income to 2019 dollars following the U. 
S. Census Bureau methodology, which uses the Bureau of Labor Statis
tics’ (BLS) Consumer Price Index Research Series (CPI-U-RS) to adjust 
for changes in the cost of living (U.S. Census Bureau, 2021). CPI-U-RS 
values are available for the period 1947 to 2020 (Appendix 1) and we 
chose 2019 to coincide with the last year of data collection from our 
Flickr dataset. For example, the 2010 values were adjusted by a factor of 
1.18% to 2019 dollars as follows: 

Adjusted estimate = 2010 estimate ×
(

2019 CPI − U − RS(376.5)
2010 CPI − U − RS(320.4)

)

(2)  

2.4. Improving the recreational travel cost values 

Social media data might not capture all recreational visitors, 
considering that not all visitors will post photographs of their visits 
online (Hausmann et al., 2018). To overcome this challenge, here we 
show how the mean recreational visitor estimates derived from the 
National Visitor Use Monitoring Program (NVUM) for each national 
forest can be used to adjust social media-based travel cost estimates. 
Through the NVUM, the USDA Forest Service produces estimates of the 
volume of recreation visitation to National Forests. Each National Forest 
Service unit participates in the NVUM on a regular 5-year schedule, and 
visitation is estimated for the entire unit for the entire year, with roughly 

23,000 recreation visitors surveyed (English et al., 2020). The survey 
data are used to estimate the average spending of visitors, which is 
combined with NVUM visitation figures to estimate total visitor 
spending at the forest level. For each National Forest within the TCSI 
shown in Fig. 1 (Tahoe National Forest, Eldorado National Forest, Plu
mas National Forest, and the Lake Tahoe Basin Management Unit), we 
obtained descriptive information about visitation, including trip 
spending connected to the visits. Depending on the National Forest in 
the TCSI, the NVUM visitation is available for the years 2005, 2007, 
2010, 2012, 2015, 2017, and 2020. Like the Flickr data, we did not 
consider any NVUM data after 2019 to limit the influence of COVID-19- 
related travel restrictions on our analysis. As such, we obtained NVUM 
data for the period 2005–2017 for the TCSI for this analysis and were 
particularly interested in NVUM estimates of the average number of 
people that visited the TCSI to recreate annually. Using this information, 
the annual adjusted travel cost estimates for the TCSI were estimated as 
the annual total travel cost values based on the Flickr data (Travel cost) 
scaled by the ratio of the annual visitors to the TCSI from the Flickr data 
(Flickr visitors, i.e., the actual number of people that posted photographs 
to Flickr) and the mean annual number of recreational visitors to the 
TCSI from the NVUM database (NVUM visitors) for the TCSI: 

NVUM Adjusted travel cost estimate = Travel cost ×
NVUM Visitors
Flickr Visitors

(3)  

3. Results 

3.1. Characteristics of visitation 

From the Flickr data, we obtained a unique dataset of approximately 
81,500 photographs taken in non-urban areas of the TCSI between 2005 
and 2019 by 5,000 users. 6,951 PUDs were obtained from 34,737 images 

Fig. 2. Spatial and temporal distribution of the Flickr visitation data: a) country origins of the visitors to the TCSI, b) distribution of domestic visitors by state of 
origin, c) visitor locations within the TCSI, and d) temporal distribution of the PUDs. 
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associated with 2,245 visitors whose origin was stated with an accuracy 
sufficient to designate the city, county, state, or country of residence. 
Most visitors (88%) originated from the U.S., while international visitors 
were mostly from the United Kingdom (3%), Canada (1.5%), and Ger
many (1.2%) (Fig. 2a). Within the U.S, most visitors were from the states 
of California (65%), Nevada (5%), and Washington (3.4%) (Fig. 2b). The 
years 2012 and 2013 had the highest number of visitors, accounting for 
718 and 755 PUDs, respectively, while the least number of visits were 
associated with 2005 and 2019 (131 and 235 PUDs, respectively) 
(Fig. 2c). Most visits were in the months of July and August, with 793 
and 771 PUDS, respectively (Fig. 2d). On average, visitors originating 
within the U.S. traveled 1,266 miles round trip (~2,000 kms) to the 
TCSI, with most visits (78%) being single day trips. However, most 
visitors from California and Nevada traveled <400 miles (~640 kms) 

round trip. The average length of stay for overnight trips observed was 3 
days. 

3.2. Estimates from the travel cost analysis 

The total travel costs associated with recreational visits to the TCSI, 
including opportunity costs for travel, for the period 2005–2019 based 
on the Flickr travel cost analysis for round trips less than 500 miles 
(obtained from 3,153 PUDS) was $491,500 (2019 dollars). The average 
travel cost for these single day trips was $156 per trip. We observe 
differences in these values across the different years. For example, 2012 
and 2013 have the most amount of travel costs ($50,700 and $51,000, 
respectively) while 2005 and 2006 have the least travel costs ($9,500 
and $16,300) (Fig. 3). 

Fig. 3. Annual travel costs to the TCSI.  

Table 1 
NVUM based recreational visits and trip spending in national forests located within the TCSI.  

National Forest Survey period Average visitation Trip spending ($) Average party spending ($) 

Eldorado National Forest 2007, 2012, 2017 1,200,000 62,000,000 410 
Lake Tahoe Basin Management Unit 2005, 2010, 2015 7,700,000 1,000,000,000 1,450 
Plumas National Forest 2005, 2010, 2015 357,000 19,000,000 185 
Tahoe National Forest 2005, 2010, 2015 1,600,000 94,000,000 210 

Total  10,857,000 1,175,000,000 560  

Fig. 4. NVUM adjusted annual travel costs for the TCSI.  
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3.3. NVUM adjusted travel costs for the TCSI 

The travel costs associated with recreation in the study area 
increased significantly when adjusted using reporting from the NVUM 
and recreational values from National Forests between 2005 and 2017. 
During this time, on average, 10.8 million people visited national forests 
located in the TCSI area (Fig. 1b) to recreate annually. These visitors 
spent about $1.18 billion during their trips, with an average spending 
per party of $565 (Table 1). Like the visitation data from the Flickr 
images (Fig. 2c), the Lake Tahoe Management Basin had the highest 
number of recreational visits in the TCSI. 

Scaling the Flickr based travel cost estimates using the average 
annual NVUM recreational value (Eq. (3)) allows us to improve the 
limited Flickr visitation data and estimates of the travel costs associated 
with recreational activities in natural lands of the TCSI shown in Fig. 3. 
The ratio or difference between the Flickr and NVUM estimates is 
greatest for the years 2005, 2006, and 2019, which also happen to be the 
years with the lowest amounts of visitation based on the Flickr data 
(Fig. 2d), and lower for 2011, 2012, and 2013, where we have higher 
visitation rates from the Flickr data. Our NVUM adjusted total travel 
costs across the period of analysis (2005–2019) based on the day trip 
data are $25 billion, and Fig. 4 shows the distribution of the adjusted 
annual travel costs (average = $1.7 billion per year). 

Although the distribution of these adjusted annual values looks 
different from Fig. 3, 2012 and 2013 still have the highest annual esti
mates ($1.84 and $1.78 billion, respectively), while 2018 has the 
smallest value of $1.35 billion. 

4. Discussions and conclusions 

Informed by the growing body of research focusing on social media 
data to understand cultural ecosystem services such as recreation, we set 
out to develop a social media-based approach to estimate travel costs 
associated with recreational ecosystem services. While several studies 
have used social media to map recreational services (Manley and Egoh, 
2022; Wolsko et al., 2019; Wood et al., 2013), not many have used it to 
fill data gaps that can improve our estimation of the monetary value of 
those services, for example, using the travel cost method. Non-market 
valuation approaches such as the travel cost method rely on limited 
administrative data and surveys (Bowker et al., 2009), but with the 
emergence of big data, social media offers a rapid and readily accessible 
indicator of how and where people interact with nature, and a valuable 
resource for estimating the fine-scale and location-specific travel costs 
that form an important aspect of how we estimate the recreational 
values of landscapes. Wood et al. (2013), for example, observed that the 
number of people who visit a location annually is related to the number 
of photographs taken in the same area and uploaded to the Flickr 
database at 836 visitor attractions worldwide. As such, approaches that 
take advantage of such emerging data sources are critical in filling 
existing data gaps as they capture a wide variety of information not 
typically captured in surveys or which could be time consuming to 
collect. Such data informs economic valuation models that are impor
tant for developing efficient land and forest management policies that 
improve forest health to deliver these recreational services to different 
beneficiaries (Shrestha et al., 2007). 

Social media data has been used increasingly in the mapping and 
modeling of ecosystem services, but not so much in filling in data gaps in 
the valuation of these services. In this study, we show that social media 
data is a powerful tool available for use in ecosystem service research 

with the ability to fill data gaps and improve our valuation methods, for 
example, in estimating travel costs for the travel cost model. Based on 
information from approximately 81,500 images posted to Flickr be
tween 2005 and 2019 (Fig. 2c), our results show that the total travel 
costs associated with recreational activities in the TCSI for the period of 
analysis (2005–2019) could be anywhere between $491,500 and $25 
billion (annual average = $32,800–$1.7 billion). Although this range of 
values is consistent with findings from the NVUM, which estimated 
approximately $1.18 billion a year in trip costs (Table 1), our unadjusted 
total travel costs from the Flickr data ($491,500) are way lower than the 
NVUM estimate of $1.18 billion a year and the reported multi-billion- 
dollar economy sustained by recreation in the area (Tahoe Regional 
Planning Agency, 2021; Sierra Nevada Alliance, 2021; The Sierra 
Nevada Ally, 2021; California Tahoe Conservancy, 2021). However, this 
is not surprising considering the low volume of the input data from 
Flickr used in the analysis when compared to NVUM survey estimates. 
This limitation of Flickr as well as other social media data has also been 
documented in prior research findings (Wood et al., 2013; Toivonen 
et al., 2019; Hausmann et al., 2018; Muñoz et al., 2020; Ciesielski and 
Stereńczak, 2021; Mancini et al., 2018). For example, Wood et al. (2013) 
and Toivonen et al. (2019) highlight that while social media data are 
helpful for predicting visitation with moderate certainty, the number of 
social media posts is less than the total observed user days on the 
ground. In their analysis, Wood et al. (2013) found that Instagram ac
counts for 3–4% of total observed user days, while posts on Twitter and 
Flickr represent less than 1% of the observed user days. Although Flickr 
has limited user numbers and lower post frequencies than Instagram and 
Facebook, it allows easy access to public content through its API, unlike 
Instagram and Facebook, which have increasingly restricted content 
access (Ruiz-Frau et al., 2020). Despite this, our average per person per 
single day trip values from this analysis ($156) are lower than NUVM 
trip cost estimates, which range between $210 and $1,450 per party in 
the TCSI. This also suggests that although social media data is helpful to 
estimate use and travel costs that inform the valuation and management 
of recreational opportunities, particularly in areas with limited survey 
data, there is need for further research to understand how visitation 
estimates based on social media data can be improved. Here, for 
example, we mean adjusted the annual travel cost estimates based on the 
Flickr data with NVUM data (Eq. (3)). Doing this increased our total 
travel costs to the TCSI from $491,500 to $25 billion for the period 
under analysis. These results go to show that while Flickr is useful, it 
does not account for the dispersion of people recreating across the 
landscape, and there is still need to refine social media-based visitation 
estimates that inform valuation methods and provide improved esti
mates of the recreational value of landscapes. 

In addition to estimating travel costs for recreational visits, this 
analysis also establishes the demand for recreational opportunities in the 
TCSI and illustrates that the patterns of domestic and international 
tourists differ. In line with findings from previous studies, including 
Duane (1996), our results have shown that there is demand for recrea
tional opportunities in the TCSI from visitors originating within the state 
of California as well as the neighboring states of Nevada and Washington 
(88%). Additionally, most of these visitors make day trips, and this is 
particularly important for encouraging local and state officials to ensure 
access to various areas within the TCSI. According to Loomis and Keske 
(2012), local residents, or day trippers, provide consistent travel to 
recreation areas that may remain unchanged even during times of eco
nomic recession. Leh et al. (2018) found a significant relationship be
tween the time cost and the number of visitors and that the increase in 
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visiting time resulted in a reduction in the number of visitors. For locals, 
it might be easier to access this area at a lower cost than for international 
visitors, who must fly thousands of miles to come to the area. These 
results are particularly important in understanding and addressing the 
value of current intense wildfires on recreational services, as studies 
(Gellman et al., 2022; Bawa, 2017; Duffield et al., 2013; Kim and Jakus, 
2019; White et al., 2020) have shown drops in recreational demand due 
to smoke and bad air quality from wildfire outbreaks. 

Although social media data has been used for ecosystem service 
research, it is not without limitations (Wood et al., 2013; Toivonen et al., 
2019; Hausmann et al., 2018; Muñoz et al., 2020; Ciesielski and Ster
eńczak, 2021; Mancini et al., 2018), and this affects ecosystem service 
valuation approaches such as the travel cost method that rely on visitor 
estimates and travel costs from such data. Firstly, unlike field surveys, 
social media data is based on inference considering that the motivation 
for sharing photographs is not known and the initial purpose of social 
media is not for ecosystem services research. Additionally, approaches 
such as ours relying on social media data assume that a visit to the area is 
only for the purpose of recreation and do not account for the people who 
travel through the area to recreate in other places. Duane (1996), for 
example, highlights how many foreign visitors appear to travel through 
the Sierra region as part of more extended holidays originating in either 
Los Angeles or San Francisco and terminating at the other, often passing 
through the area as part of a larger trip that will include either Yosemite 
National Park or the Lake Tahoe region, Death Valley National Park, and 
Las Vegas, Nevada. Dorwart et al. (2009) also highlight that the occur
rence and density of photographs of nature can provide an indicator of 
public interest in nature in that location, but there is a disconnect be
tween such an indicator and a measure of cultural ecosystem service 
value. A further limitation of relying on social media data, more spe
cifically a single photograph platform (in our case Flickr), is the 
assumption that each visitor travels alone, which adds to the fact that 
the number of observations provided is sometimes too low to adequately 
represent visitor rates in natural areas. Social media might underesti
mate the actual visitation as a smaller proportion of people visiting parks 
and other recreation locations may post images to Flickr (Hausmann 
et al. 2018). Additionally, there are biases inherent in the social media 
data due to issues of accessibility to and participation in social media. 
Most social media platforms are dominated by younger, wealthier, and 
more highly educated people, and different demographic groups use 
different platforms (Smith and Anderson, 2018; Oteros-Rozas et al., 
2018; Richards and Tunçer, 2018). Oteros-Rozas et al. (2018) also 
highlight that social media data is subject to market decisions and 
corporate strategies. For example, our period of increased visitation in 
2012 and 2013 might be due to major improvements that popularized 
Flickr in late 2012. Yahoo! launched Flickr 2.0, the iPhone application 
that Flickr users had wanted for years with improved features, as well as 
an Android version of the application with more storage in 2013 
(Shoam, 2021). 

Findings from this analysis have shown that, despite limitations, 
social media data can be a rapid and readily accessible source of data for 
ecosystem service research. To improve valuation approaches that rely 
on visitation, future studies can build on this work and use such data to 
improve estimates of visitation trends across space and time. For 
example, studies can explore how to include data from multiple social 
media data streams, especially popular streams such as Facebook, 
Instagram, and Twitter that have better data but restricted access 
through their APIs. Also, studies can expand the work further to estimate 
the demand curve and consumer surplus (Parsons, 2003). Additionally, 
studies can utilize new methodologies based on artificial intelligence 
and deep-learning approaches such as machine learning that have 
emerged to maximize the utility of crowdsourced data and expand 
ecosystem service modeling capabilities. There is also the potential to 
incorporate big data and social media data to study and improve the 
valuation of many other cultural services as well as other ecosystem 
services, including provisioning and regulating services across various 

scales and management contexts. Such studies are timely, and improved 
approaches will be useful for informing ongoing efforts to leverage 
increased funding for forest restoration and to support goals that seek to 
strengthen America’s forests, boost wildfire resilience, combat global 
deforestation, and retain forest ecosystems as well as sustainable sup
plies of forest ecosystem services and benefits for years to come (The 
White House, 2022). 
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Appendices  

Appendix 1 
Annual average Consumer Price Index Research Series (CPI-U-RS) for 
2005–2019.  

Year CPI-U-RS 2019 adjustment factor 

2005 286.9 1.31 
2006 296.2 1.27 
2007 304.6 1.24 
2008 316.3 1.19 
2009 315.2 1.19 
2010 320.4 1.18 
2011 330.5 1.14 
2012 337.5 1.12 
2013 342.5 1.1 
2014 348.3 1.08 
2015 348.9 1.08 
2016 353.4 1.07 
2017 361 1.04 
2018 369.8 1.02 
2019 376.5 1  
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