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Abstract:

Cultural ecosystem services (CESs) are the intangible benefits that humans receive from nature,
resulting from the interplay between biotic nature and abiotic nature (Gray, 2011). And very
often, the intangible dimensions hold greater significance for individuals compared to material
benefits (Kobryn et al., 2018). Lakes are highly valued for CESs because they provide
opportunities for recreational activities, aesthetic experiences, spiritual enrichment, and
reflection (Blicharska et al., 2017). Lake CESs are intricately linked to water quality, where
sedimentation, nutrients, and bacteria affect people's perceptions and interactions with the water
body (Keeler et al., 2012). However, our understanding of lake water quality's influence on CESs
remains limited, hindering effective management strategies to enhance the economic and social
values of lakes. Water-related CESs research is also constrained at broader scales (e.g., national
scale) due to measurement challenges, undermining research generalizability.

We hypothesized a connection between lake water quality and CESs, with water quality
influencing CESs through recreational behaviors and visitor sentiment. To test this, we coupled
big data from Google Review and National Lake Assessment to investigate water quality effects
on CESs and visitor sentiment across 85 U.S. lake-front public parks. We implemented five
analytical steps: (1) Collecting geographic data of 85 public-owned lakes and identifying
lake-front parks using Google Place API, (2) Obtaining ~40,000 relevant text reviews with
Python Crawler, (3) Filtering Google reviews related to lake CESs through content analysis with
keyword labels, (4) Deriving positive, neutral, and negative sentiments from lake-related
user-generated content using Google Cloud Natural Language API, and (5) Identifying
associations between key water quality indicators and CESs-related visitor sentiment with a
Bayesian multinomial model. Our results showed that CESs provided by lakes were significantly
affected by multiple water quality indicators. Higher chlorophyll-a concentration and APHA
color value increased negative sentiments toward lake CESs, while higher total phosphorus
unexpectedly associated with increased positive CESs-related visitor experiences, possibly due
to higher productivity. Our findings have implications for lake management, advocating targeted
planning to promote harmony between human well-being and ecological health in lake
ecosystems. Moreover, analysis of user-generated text contents for sentiment evaluation can
yield valuable information regarding user satisfaction and memories of scenes, and thereby
facilitate lake management practices aimed at fostering sustainable local economic development.

Keywords: Cultural Ecosystem Services; Visitor Sentiment; Water Quality; Content Analysis;
Sentimental Analysis; Big Data.



1. Introduction

Lakes play a crucial role in human well-being in many regions by providing a diverse
range of ecosystem services, e.g., water supply, irrigation, hydropower production, flood control,
climate regulation, and a wide variety of cultural ecosystem services (CES) (Allan et al., 2017,
Ho and Goethals, 2019, Hogeboom et al., 2018). Lakes provide ample opportunities for
recreational activities like boating, swimming, fishing, and bird watching, among others (Allan et
al., 2015, Angradi et al., 2016, Angradi et al., 2018b, Ghermandi and Fichtman, 2015, Sterner et
al., 2020). Furthermore, they offer aesthetic experiences, educational opportunities, as well as
inspirational, spiritual, or symbolic benefits (Figueroa-Alfaro and Tang, 2017, Hossu et al., 2019,
Schirpke et al., 2021a). Although water quality cannot be viewed exclusively as an ultimate
ecosystem service (Keeler et al., 2012), it constitutes a crucial component of numerous
ecosystem services, especially CESs such as leisure and human wellness. However, existing
research focused more on the lakes’ ecological ecosystem services related to water quality, while
CES were less studied. This is because research on lakes’ CES, is limited due to the difficulties
in measuring CES across different lake settings (Allan et al., 2015, Sterner et al., 2020). Also,
research on lakes’ CES at regional or broader scales was limited due to the difficulties in CES
measurement across broader scales. To address this gap, this study established a direct linkage
between water quality and lake CES at national scale.

In recent years, researchers focusing on CES have explored the potential of social media
data as a tool for measuring the level of recreational use of natural areas (Heikinheimo et al.,
2017, Levin et al., 2017, Sessions et al., 2016, Sinclair et al., 2020b, Sinclair et al., 2020a,
Tenkanen et al., 2017, Wood et al., 2013). By analyzing the spatio-temporal distribution of social

media data, they have been able to identify patterns in people's preferences for specific



landscapes, landscape features, and ecosystem attributes such as water clarity (Oteros-Rozas et
al., 2018, Sonter et al., 2016, Tieskens et al., 2018). This quantitative approach has been found to
be effective in providing a broad understanding of the level of recreational use of natural areas.
Furthermore, qualitative analysis of social media data has also been used to gain deeper insights
into CES.

By examining user-generated metadata and visual content such as photographs,
researchers have been able to identify the specific features and values that people associate with
natural areas. For instance, the presence of certain species of plants or animals, or the quality of
the landscape or water body, may be particularly meaningful to users. These approaches are
based on the assumption that people post photographs of things they value, which can reveal
their preferences and emotions related to CES (Egarter Vigl et al., 2021, Hausmann et al., 2018,
Hausmann et al., 2020, Langemeyer et al., 2018, Moreno-Llorca et al., 2020, Oteros-Rozas et al.,
2018, Pickering et al., 2020, Richards and Friess, 2015). This has enabled researchers to go
beyond simple measures of use and explore the more complex cultural values associated with
natural areas. As a result, these methods have become increasingly popular in recent years,
providing new ways to assess and understand the value of CES and to inform management and
planning decisions.

Google reviews have been utilized in many fields, such as to examine airport service
quality, restaurant service and customer’s eating experience, etc. Google Map user reviews have
also been used for branding tourist destinations and to predict public perceptions of visiting
places (Huang, et al., 2022). However, the application of social media review data in landscape
and urban planning research is still preliminary. Roberts, Sadler, and Chapman (2017) use

Twitter data to assess the variations in physical activity between different seasons.



Kovécs-Gyori, Ristea, Havas, Resch, and Cabrera-Barona (2018) explore the public emotions of
events like the 2012 London Olympics by analyzing Twitter data. Zhou and Li (2018) investigate
the spatial distributions of Flicker photos and hashtags to understand travel behaviors and
resident-visitor interactions. Chen et al., 2018, Song and Zhang, 2020 assess landscape values
using Instagram photos. However, little research exists to measure sentiments related to CES
from online review data, using the measurements to guide urban planning and design practices.
(Song, et al., 2022).

Our hypothesis is that lake ecosystem services (CES) and their ecological characteristics
are interrelated. In particular, we posit that poor water quality in lakes can adversely affect CES
by increasing the likelihood of visitors experiencing negative emotions during their visits, while
good water quality can conversely increase the possibility of visitors gaining comparatively
positive sentiments. With rich semantic and sentimental information from textual contents on
social media, we could quantify how people value and perceive CESs. We coupled google
review data and National Lake Assessment (NLA) data to examine the effects of water quality on
recreational services in 182 lake-front public parks across the US.

2. Methodology
2.1 Data collection

The dataset used in this study is the Google review from 182 near-lake parks in the
United States from Google Map. The geographic information of the public-owned and
small/medium size lakes are collected through EPA (U.S. Environmental Protection Agency).
Then the near-lake parks are extracted from Google Place API. The information of parks which
are within 5 km from the lake center are collected, then verified manually through ArcGIS. With

the park id, the Google Place Review is collected from crawler. Each record in the data will



contain the following information: the reviewer’s name, review time (rough time, such as “a
month ago”, “a year ago”), review text, rating (1-5), park id, and nearby lake id. It is assumed
that only one lake is accessible in one park, and only parks with sufficient information are
selected.

Three variables: review text, rating, and whether the review includes a water-related
activity are used in this study. There are around 36500 selected text reviews, 17000 of them
mention activities related to water. For the reviews in languages other than English, they are
translated into English. The text data is then cleaned into lowercase English characters only, with
the duplicate and null dropped.

2.2 Data classification

Text reviews were labeled whether it related to lake CES, and we filtered out reviews
relevant to CES with Google Natural language API and regular expression based keywords
matching. The water-related activities keywords are collected from The Compendium of
Physical Activities, and the activities are classified into 5 categories (boating, surfing,
swimming, fishing, seen) based on how close they are related to water.

The review distribution is biased, as the majority of the visitors' perceptions are positive,
and the review numbers of each near-lake park are different, which varies from less than 100 to
over 1000. In order to ensure the classification performance of all the categories, resampling
methods from sklearn resample library is applied to the training set.

2.3 Sentiment analysis

The study utilized sentimental analysis to extract information related to aesthetic

experiences from textual content. To filter out unimportant and less meaningful text, we removed

independent numerals and emoticons. We also discarded semantically meaningless stop words,



such as 'the', 'it', or 'am’, and used two widely-used stop word lexicons - the Natural Language
Toolkit and the Language Technology Platform - for further initialization.

To determine the sentiments associated with user-generated textual content, a
lexicon-based approach is commonly used. This approach summarizes words into positive,
neutral, and negative categories and records expressions for verbs, things, intensifiers, and
modifiers. The proportion of these categories is approximately 4:2:1, with a greater emphasis on
positive words. Machine learning methods are often used in conjunction with large sets of
lexicons to train sentiment classifiers. The study utilized the NLTK library to determine the
sentiment associated with user-generated text. The sentiment extent was captured in two areas:
the sentiment score and magnitude score. The sentiment score quantified the overall emotional
learning of the textual content of individuals within each study unit and was categorized into
three groups: negative (-1), neutral (0), and positive (1).

2.4 Regression analysis of water quality and visitors’ sentiments

We obtained detailed results on critical water quality indicators and related sentiments

through a Bayesian multinomial model. Our model for the multinomial analysis is shown below:

Likelihood: motivators; ~ Multinomial (Ppos;, Pneu;, Pneg;,; 3)

Process model:
Log (Ppos;) = o + B,CHLA, + B,COLOR,; + B;NTL, + B,PTL, + B, TURB;
Log (Pnew;) =y + 6,CHLA, + 6,COLOR,; + 0,NTL, + 6,PTL; + 6, TURB;
Log (Pneg;) = ¢+ A,CHLA, + L,COLOR,; + A,NTL, + ,PTL, + A, TURB;
Ppos;+Pneu; +Pneg;= 1
Where the probability of each type of response, Pposi, Pneui, and Pnegi , at each lake i, is
estimated as a function of these predictors: Chlorophyll-a, color, total nitrogen, total phosphorus

and turbidity represent the average Chlorophyll-a concentration in each lake, the APHA color of



each lake, the total nitrogen, total phosphorus, and the total suspended solids in each lake. All
these predictors are significant indicators of water quality (Egan et al., 2009, Keeler et al.,
2015)). In addition, given that this study examined a large sample of 85 lakes on a national scale,
there were significant challenges associated with collecting water quality data, and the predictors
obtained represent the most comprehensive and reliable available for this study. We also set
non-informative priors for each parameter in the model:
v+ &~ logN (1, 100)
B« 6+ A« ~N(0,10000)

We assessed the significance of a variable is deduced by examining whether the
confidence interval of each coefficient included zero. For categorical variables we assessed
statistically significance by comparing their 95%ClIs, if they did not overlap we considered them

to be different. The implementation of our model was carried out utilizing the RStudio software

(1.4.1717).

3. Results

The correlation between water quality indicators and visitors’ sentiments varied across
different sentiment categories. Specifically, positive and negative sentiments showed significant
correlations with some of the water quality indicators, while neutral sentiment did not exhibit
any significant relationship (Table 1).

Table 1. Coefficient estimates of each parameter from Bayesian multinomial model.

Sentiment Parameters 2.5% 25% 50% 75% 97.5%
category
1 Positive Intercept o -19.76 -6.45 0.12 6.88 20.10
Chlorophyll-a 3, -182.95 -78.87 -12.70 64.34 198.41
Color B, -12.71 21.77 55.75 103.35 211.21
Total nitrogen [3; -195.97 -70.78 2.17 64.40 193.42

Total phosphorus 3, 3.71 46.54 81.26 124.96 234.45




Turbidity B -17317 -44.54 81.26 124.96  234.45
2 Neutral Intercept y -35.13 -25.33 -20.21 -15.37 -5.60
Chlorophyll-a 0, -0.29 0.55 1.48 4.67 25.29
Color 0, -0.19 0.28 0.51 0.84 2.07
Total nitrogen 0, -261.05  -97.03 -39.00 -14.69 0.85
Total phosphorus 0, -3.72 -0.12 0.14 0.56 3.59
Turbidity 0 -18.54 0.38 3.33 9.07 43.47
3 Negative Intercept € -20.50 -7.40 -0.61 6.00 18.33
Chlorophyll-a A, -12.98 9.66 34.16 60.77 107.36
Color A, 43.33 73.31 105.91 130.54 167.08
Total nitrogen A, -61.93 46.86 88.60 133.99 223.57
Total phosphorus A, -74.81 -56.03 -43.16 -33.33 -21.72
Turbidity A 21.24 72.49 109.68 153.72  236.54

Note of Table 1: Significant water quality indicators were highlighted with pink color in this

table. Different letters in parameters within each sentiment category indicated statistical

differences from each other.

Among positive sentiments, only total phosphorus had a significant positive effect on the
likelihood of visitors experiencing positive emotions (Fig.1). This finding was contrary to our
initial hypothesis that good water quality of lakes can increase the possibility of visitors gaining
comparatively positive sentiments. As such, higher levels of total phosphorus were associated

with an increased likelihood of positive visitor experiences, indicating that elevated levels of

total phosphorus in lakes can enhance visitors’ satisfaction with lake CES.



Coefficient distribution of water quality variables vs positive sentiment
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Fig.1 Distribution of coefficients for water quality variables and possibility of gaining positive
sentiments. We extracted all coefficients from 5,000 iterations of our Bayesian multinomial
model. The confidence interval of our result was 95.0%.

Besides, our analysis of negative sentiments revealed that Chlorophyll-a concentration
had significantly positive effects on the likelihood of visitors experiencing negative emotions
(Fig.2). This result supported our initial hypothesis that poor water quality would increase the
likelihood of negative emotional responses related to CES. Specifically, our findings indicate that

higher level of Chlorophyll-a concentration in lakes can reduce people's satisfaction with lake

CES.



Coefficient distribution of water quality variables vs negative sentiment
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Fig.2 Distribution of coefficients for water quality variables and possibility of gaining negative
sentiments. We extracted all coefficients from 5,000 iterations of our Bayesian multinomial
model. The confidence interval of our result was 95.0%.

4. Discussion
4.1 The Importance of Water Quality in Shaping People's Perception of Lake CES

Our study found that the color and turbidity of a water body are highly valued by people
and are perceived as important indicators of water quality, which is consistent with previous
research. For example, Mumbi et al. (2020) found that people rely on sensory factors, such as
water color and odor, to predict water quality and the risk of pollution. Similarly, a study by
Keeler et al. (2015) found that, the color and clarity of water are among the top factors that
influence people's perception of water quality and can significantly affect the lake visitation.
People generally prefer clear and transparent water, which they associate with purity and
cleanliness. On the other hand, water that appears discolored, murky, or cloudy is often perceived

as dirty and polluted, which can negatively affect people's evaluation of the CES that lakes



provide. However, perceived water quality can be quite different from actual water quality,
leading to a discrepancy between visitors' sentiments and the real water quality (Mumbi et al.,
2020, Ochoo et al., 2017). For example, people may perceive the water in a lake as clean and
clear based on its color and turbidity, but the lake may contain high levels of nutrients or
pollutants that can harm aquatic life and affect the quality of the water. As a result, people's
emotional response to the lake may not accurately reflect the actual ecological condition of the
lake.

In addition to water quality, many other factors can potentially affect people's satisfaction
with lake CES. For example, the availability and quality of recreational amenities, such as
boating facilities, picnic areas, and hiking trails, can greatly enhance the visitors' experience and
increase their willingness to return to the lake. The accessibility of the lake, such as its proximity
to urban areas and the ease of getting there, is also an important factor that can affect its use and
popularity among visitors. According to a study by Cao et al. (2022), coastal CES can be
categorized into six categories: recreational services, aesthetic services, amenity services,
knowledge services, naturalistic services, and spiritual services. Although the study focused on
coastal CES, the findings can be applied to lakes as well. Our study of CES is more focused on
its recreational services, aesthetic services, naturalistic services, and spiritual services but lacks
the analysis of amenity services and knowledge services. Therefore, a future step of our study
could involve more lake characteristics, such as the number and type of amenities provided by
lake-shore parks, the quality evaluation of lake shore landscapes, and the accessibility to the
lake. By expanding our scope to include these factors, we can better understand the impact of

water quality on lake CES within a larger framework.



In conclusion, water quality, especially its color and turbidity, is an important factor that
can affect people's perception of lake CES. However, perceived water quality may not accurately
reflect the actual ecological condition of the lake. Many other factors, such as recreational
amenities, accessibility, and other CES categories, can also affect people's satisfaction with the
lake. Therefore, future studies should consider these factors to provide a more comprehensive
understanding of the role of water quality in shaping people's evaluation of lake CES.

4.2 Implications for Lake Management and Visitor Experience

Lake CES and its social and economic benefits. Water quality is the core of lake CES, but
these services are not captured in markets and have proven difficult to quantify (Brauman et al.
2007; Keeler et al. 2012). Lack of information about the value of water-quality benefits can
complicate justifying major spending on improved water quality (Egan et al., 2015). Our findings
supported the argument that water quality can significantly affect visitors’ satisfaction on the
lakes or lake-shore parks and therefore affecting the visitation and evaluation, which could
directly affect local economic development and social and cultural construction. Besides, poor
water quality has higher health risk of waterborne disease for visitors who have primary contact
(e.g., swimming, boating, surfing, and etc.) and secondary contact (e.g., wading, fishing, and
etc.) with water. E.coli and other pollutants in water body could cause several waterborne disease
such as inflammation, GI, and etc. In this way, to improve local economic and social benefits,
and protect visitors from health risk, lake management strategies targeting water quality are vital.
Besides, local governments should take more efforts on water quality regulation policies to
protect the lake CES. All these together would not only benefit the nature and human heath, but

also improve the local tourism and eventually benefit the local economic development.



Lack of information about the value of water-quality benefits can complicate justifying major
spending on improved water quality.

As a natural resource, lake with its CES, provides huge social and economic benefits to
human beings. However, these benefits are highly dependent on the water quality of the lake,
which is difficult to be measured economically and is not captured in markets (Brauman et al.
2007; Keeler et al. 2012). Poor water quality not only affects visitors' satisfaction with the lake
but also poses health risks to those who have primary contact (e.g., swimming, boating, surfing,
and etc.) and secondary contact (e.g., wading, fishing, and etc.) with water (Egan et al., 2015,
Kundu et al., 2013). Waterborne diseases, such as gastrointestinal, respiratory, ear and ocular and
skin or wound infection, can be caused by pollutants such as coxsackieviruses, adenoviruses,
echoviruses, hepatitis A virus, astroviruses and noroviruses in the lake (Sinclair et al., 2009).

To protect the social and economic benefits of Lake CES and ensure the health and safety
of visitors, lake management strategies targeting water quality are essential. Some recommended
management strategies include reducing nutrient pollution and controlling sediment erosion
(Barnett et al., 2019). Governments should also take a more active role in regulating water
quality to protect the lake and its benefits. One effective way to improve water quality is through
the implementation of water-related policies. For example, the Clean Water Act (CWA) has been
successful in reducing pollution in lakes and other water bodies across the United States
(USEPA, 2020). Besides, the implementation of Best Management Practices (BMPs) has shown
promising results in improving water quality of many lakes (EPA, 2018). By implementing
effective policies and BMPs, governments can help ensure that Lake CES remains a valuable

natural resource for generations to come. With these regulatory policies and management



strategies, we can improve the quality of life for local communities, preserve the natural
environment, and promote sustainable economic development.
4.3 Limitation and future study
This study has certain limitations that should be addressed in future research. One limitation is
the lack of weather data, which could have influenced visitors' sentiment towards the lake CES.
However, since there was no precise date in the textual reviews obtained through Google Place
API, we were unable to match the exact weather data with the corresponding reviews, which
limited the accuracy of our results. Additionally, it was challenging to define and explicitly
explain a "neutral" sentiment, which limited our further explanation on our results. Besides,
categorizing sentiments into three categories (positive, neutral, and negative) may not fully
capture the complexity of visitors' experiences and perceptions. Future research could explore
more nuanced ways of categorizing sentiment. To address these limitations, future studies could
incorporate weather data and explore alternative ways of defining sentiments. Furthermore,
adding variables such as lake and lakeshore characteristics, as well as water-related recreational
behaviors, could enhance the model's predictive power.
For the data mining methodology, our next steps are to introduce different technologies in the
natural language processing of the text data. We will also work on exploring how water quality
impacts visitor’s perception through water-related activities by multiple mediation models.
5. Conclusion

Based on the analysis of 85 lake-front public parks in the US, this study established the
linkage between water quality, CES, and visitors' sentiments. Our results provided evidence that
certain water quality indicators, such as APHA color value, turbidity, and total phosphorus, have

significant effects on visitors' sentiments related to CES. While existing research focused more



on the ecological ecosystem services related to water quality, this study emphasized the
importance of the impact of water quality on CES, which provides essential and intangible
benefits for individuals and has economic importance. Through this study, we emphasized the
importance of water quality in visitors’ perception and evaluation of lake CES and highlighted
the potential of user-generated content analysis for CES related sentiment analysis and lake
management practices, which can facilitate sustainable local economic development. Overall,
this research provides evidence to support sustainable planning strategies and water quality

regulations to enhance the CES provided by lakes.
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