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HIGHLIGHTS

» Exploring the advantages, disadvantages, and applicability of two text analysis models
« The lexicon model is more suitable for parallel comparison between perceived objects by users
» The Latent Dirichlet Allocation (LDA) model can better capture the characteristics of each individual

perceived object

» Taking advantage of the two models’ strengths is vital for optimizing landscape perception assessment
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ABSTRACT

The booming Internet technology and media have generated large
sets of social media data, with which the social sensing analyses
based on users’ reviews have become a research hotspot and
have been increasingly applied in the study of urban park usage
and perception. However, most existing studies adopt a single
model for text data processing. To fill this gap, this study aims to
compare social media text data analysis methods and assess their
advantages, disadvantages and applicability in park perception
research. The Lexicon-based classification analysis model (lexicon
model) and LDA (Latent Dirichlet Allocation) model widely used

in relevant research were selected. Based on text data obtained
from public reviews of 10 urban parks in Beijing on Dianping, this
study explored the perception topic distribution of each park and

all parks in general, and compared the classification results of
perception topics between these two models. Results show that the
lexicon model is conducive to the parallel comparison of perception

1 Introduction

With the rapid development of Internet technology, people socialize
more and more frequently through online media, while generating
a huge amount of information which provides the data base for

the study of social sensing'!"”. This type of research focuses

on analyzing people’s perceptions of spaces, as well as human
mobility patterns and social relations between individuals by
mining information on human behavioral characteristics contained
in big data™™. With the growth of social media data in recent
years, there has been a gradual increase in research on analyzing
geospatial sentiment perceptions®. The social media data can

be mainly divided into three categories: check-in data, image data
with geolocation, and text data; and the methods commonly used

in early research were the analysis of arrival rate and motivational
preference identified by the check-in data”™™", as well as the
perceived sentiment analysis based on image data contents and
their geolocation"""*, In recent years, as the intuitive expression
of sentiment by text data has been gradually recognized, there has
been increasing research on perception analysis through text data

[16]~[1

mining ]. For Instance, in social perceptlon anaIYSlS research,
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frequency between parks, while the LDA model can directly reflect
each park’s characteristics and visitors’ perception preferences;

the combined use of the two models can optimize park perception
assessment. Results from the two methods reveal that visitors to
urban parks in Beijing focused more on their social recreation needs
and visual aesthetics brought by the natural landscape, as well as
conditions of the transportation facilities and the consumption in the
parks. This research can provide optimization suggestions for the
selection and use of social media text analysis methods, and a basis
and guidance for park construction and management improvement.
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objects mainly include public sentiment on hot topics and response

1~[22]

to risks and disasters””"*?|, as well as the perception of using

public facilities, especially the post-occupancy perception of scenic

[23]~[26]

areas and urban green spaces™”'"*? As a type of important

public open space, urban parks provide residents with services
such as access to nature, recreation, relaxation, and leisure®**",
Thus, researchers are attaching more attention to studying park
perception through text data, i.e., analyzing the post-occupancy
perception of visitors to guide and lay the groundwork for urban
park construction and renewal.

Methods to analyze social media text data typically include
word frequency analysis and semantic analysis®*~?*, The
advancement of text mining technology has made it possible to
build text analysis models to explore the internal laws and topics
in text data, and topic models have become the basis for perception
analysis and satisfaction evaluation. Commonly used topic models
for text analysis include the Lexicon-based classification analysis
model (“lexicon model” hereafter)™”, K-means model®*®”}, Latent
Dirichlet Allocation (LDA) model®, Naive Bayes model®"", Linear
Regression and Logistic Regression models™”, Random Forest and

[41]

Decision Tree models'™, etc. Most existing studies tend to adopt a

LANDSCAPE ARCHITECTURE FRONTIERS / PAPERS



single model for text data processing in perception analysis without
exploring the advantages and disadvantages of different models and
their applicability.

This study aims to compare social media text data analysis
methods and reveal their applicability in park perception research.
Since the lexicon model and LDA model are widely used in research
on the perception of scenic spots and urban parks, they were
chosen for comparison. Most lexicon models first semantically
analyze high-frequency words in the text obtained, then establish
a corresponding lexicon according to an existing standard system
to classify different words and expand the lexicon to make it more
complete, and finally further classify and analyze the text content
according to the optimized lexicon*”**, The LDA model is a
machine learning-based model, mainly used for topic extraction
and classification in text analysis'**""*”., This study focuses on
following questions: when analyzing social media texts related to
park perception, what are the differences between the process and
analysis results of lexicon model and LDA model? What are the
advantages and disadvantages of the two models? On this basis,
we further explore approaches to utilizing both models to provide
guidance for urban park planning to summarize the applicability of
text analysis methods in park perception research.

2 Data Processing and Research Methods

2.1 Study Area and Data Sources

Covering an area of approximately 16,410 km®, Beijing has a
permanent resident population of 21.89 million by 2020, 1,050 parks
of various types, and a total park green space area of 357.2 km®.*" As
a super first-tier city with rapidly advancing Internet technology, its
residents frequently use social media, providing mass data for this
study.

Dianping was chosen as the source of text data. It is one of the
highly influential social review platforms in China with a large
number of reviews, and the number of active users is increasing
year by year. Meanwhile, the growing active participation of users
enhances the accuracy of the review data”®". This study used the
Request module in Python to obtain all the text review data and
reviewer information from April 2006 to September 2020 in the
catalogue of Beijing parks on Dianping and selected the top 10
urban parks, ranked by the number of reviews, as the objects of
study (Table 1).

To ensure the accuracy of the model analysis, the study pre-
processed the contents of the acquired text data. Firstly, delete
short reviews"" with less than 50 characters. After that, Beijing
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Garden Expo Park had the least reviews (6,531 pieces), based on
which we randomly selected the same number of reviews for the
other 9 parks using the SPSS software and finally obtained a total of
65,310 reviews.

In this study, jieba (a Chinese word segmentation tool) in Python
was used to process data. Compared with other similar tools,
jieba has the advantage of generating a customized lexicon,
resulting in more accurate and effective word segmentation,
and the adaptation of language environment®". In the next step,
we cleansed the data by filtering out meaningless symbols and
words™®, utilizing a lexicon of Chinese stop words that combined
and deduplicated words from several lists including the HIT
(Harbin Institute of Technology) Stop Word List. Considering the
semantically similar Chinese words, the HIT-CIR Tongyici Cilin
(Expanded) was used to substitute synonyms in the segmentation
results to improve the accuracy and processing efficiency of the
model™®. Finally, a manual screening was conducted to adjust
the segmentation and synonym replacement results based on the
actual use of the park and the perception contents. In this study,

Table 1: Overview of the selected parks

No. Name Area (hm?) Number of reviews
1 Yuanmingyuan Park 350.0 17,805
2 Yuyuantan Park 129.4 17,698
3 Fragrant Hills Park 188.0 13,825
4 Jingshan Park 23.0 13,628
5 Beijing Shiyuan Park 503.0 11,923
6 Chaoyang Park 288.7 11,750
7 Beijing World Park 53.3 11,338
8 Olympic Forest Park 680.0 10,673
9 Badachu Park 332.0 9,889

10 Beijing Garden Expo Park 513.0 8,736




there were instances of inappropriate synonym substitution, such
as replacing “cherry,” “daffodil,” or “begonia” with “chamomile
tablet,” and “Haidian District” or “Chaoyang District” with “Baiyun
District.” In this case, we kept the original words and deleted the
substitutions.

2.2 Research Methods
2.2.1 Lexicon-based Perception Topic Classification Model

This study adopted the model for classifying and evaluating
landscape service-based urban park perception topics proposed by
Zhifang Wang et al. in 2021, as its validity has been proven and its
overall performance was excellent*”. Landscape service research
focuses on the comprehensive effects of landscape patterns and
functions, and the spatial process and relationship between
service providers and demanders. Thus, considering that parks
are a type of important urban green space landscape, this model
can effectively reflect tourists’ perceptions and evaluations of the
parks'?. In this study, we conducted a structured processing of the
pre-processed text data with Python and extracted high-frequency
words, manually classified these words to build a Chinese lexicon
for landscape service perceptions, expanded the lexicon both using

the Word2vec word embedding model and manual additions®?,

and finally classified each word into different perception topics.
According to existing literature®’™” 9 topic classifications of
urban park perception categorized by landscape services were
identified (Table 2)™*%.

The next step was to match the obtained text data of reviews
related to park perception with the lexicon to identify words used
in the reviews, then extract the perception topics covered in each
review, and finally calculate the perception frequency of each
topic. The frequency was determined by the ratio of the number of
reviews related to a perception topic to the total number of reviews
for a park™:

Fi=N/M, (1)

where F; is the perception frequency of topic i, N; is the number of
reviews for a park mentioning contents of topic i, and M is the total
number of reviews of the park.

2.2.2 LDA-based Perception Topic Classification Model

As an unsupervised language processing model that
automatically analyzes texts, LDA quickly extracts topics from
unstructured texts (i.e., documents) to realize the dimensionality

Table 2: Topic classifications and example words from the lexicon of urban park perception based on landscape services

Topic Contents

Example words from the lexicon

Environmental improvement

Air quality improvement, microclimate regulation, noise

Humidity, exposure, freshness, wind and sunshine

Biodiversity Animals, plants

Swan, holly, dead wood, birdsong and floral fragrance

History and culture

Cultural and historical values, cultural heritage, historical sites

Qing Dynasty, relics, art, Dragon Boat Festival

Aesthetic appreciation Scenery, beauty, inspiration

Flowers, photography, attractive, unpleasant

Education Popularization of science, education

Knowledge, learned, knowledgeable, ignorant

Religion Religious worship, belief, refuge

Rituals, Buddha beads, Taoism, enlightenment, marriage seeking

Physical and mental recovery Relaxation, stress release, mind restoration

Soothing, beautiful, downcast, cheerful

Recreational activities Outdoor activities, sports

Walking, boating, hiking, ball games

Social interaction

Social integration, interaction between individuals

Mom, dad, friends and relatives, gatherings
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reduction of documents™. In this model, a document consists

of multiple topics in a certain probability distribution. Similarly,
each topic consists of multiple words in a certain probability
distribution. The larger the probability value is, the more closely
related the set and its components are®®”®”), The LDA model
calculates probability distributions of both “document-topic” and
“topic-word,” so as to classify document topics and corresponding
words (keywords).

This study utilized the gensim toolkit of Python to invoke the
LDA model for topic analysis of the text data. Determination of
the number of topics (K value) needs to consider the granularity
of the topic, the interpretability of the topic content, as well as
whether it is convenient for comparative analysis. In this study, we
first calculated the Coherence score of different numbers of topics,
which can effectively represent the degree of similarity between
keywords in a topic—a higher Coherence score indicates that the
model is more effective in analyzing this number of topics!®"~1¢?,
Then, topics with high coherence scores were manually selected to
determine the appropriate number of topics conducive to desired
modeling results. After this, the actual weight (i.e., the perception
frequency) of each topic was calculated as follows.

1) Determine the number of topics as A, and the total number
of reviews as V;

2) Calculate the expected probability 7, of K topics in each
review, i.e., F, = 1/K;

3) Obtain the actual probability of the jth topic in each review
as F; by the LDA model (j = 1, 2, 3, .., K), and compare the values of
F;and F;

4) Count the number of reviews in which F; > F;as A;;

And 5) obtain the actual weight of the jth topic as Q; = A;/N.

Based on the analysis results, the topics of each park were
named by three researchers specializing in landscape architecture,
considering both the keywords and the corresponding high-
weight review text. Meanwhile, “noisy” topics were removed due
to their low weight and weak correlation of content.

2.2.3 Correlation Analysis of Topic Distribution

The study conducted a correlation analysis on the distribution
of varied perception topics obtained from the two models. The
distribution of these topics in each review text is a dichotomous
variable, with results of “yes” (“1”) or “no” (“0”). Thus, we
calculated the Phi coefficient in SPSS for the correlation test,
mainly utilizing the 2-by-2 contingency table of binary variable
values. As shown in Figure 1, when the values are mostly
distributed on the main diagonal, it means that the correlation
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1. Phi coefficient contingency table

between different variable distributions is high and the
coefficient can be calculated by equation (2):

— N11Ngo—N10No1
JN11+N10)(N11+Ng1)(N19+Noo) (No1+Noo)

P

(2)

where X and Y denote values of the two variables (“1”/“0”), N,;,
Ny, Ny, and N, for numbers counted for different values of the
variables, and @ for the correlation coefficient of the two variables’
distribution. A module related to the Phi coefficient in SPSS was
used for data analysis. When the significance level is less than 0.05
and the @ value approaches 1, it indicates a stronger correlation
between the two topics.

2.2.4 Semantic Analysis of Topic Contents

This study utilized Python for word frequency analysis of the
review texts and illustrated the high-frequency words via word
clouds, where the size of the words indicates their frequency. These
illustrations can effectively visualize the main contents of the
selected review texts, while analysis of word frequency for review
texts from each park can help reveal corresponding perception
topics.

2.3 Technical Route

Based on the review text data of 10 parks in Beijing from
Dianping, this study conducted text analysis with two types of
models to explore the perception topic distribution of each park
and all parks in general and compared the classification results of
perception topics between these two models. The specific technical
route is shown in Figure 2.

3 Research Results and Analyses

3.1 The Lexicon Model Facilitating Parallel Comparison
Between Parks
Benefitting from manual presets, the Lexicon model covers
relatively comprehensive and well-defined topics. Results of each
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park’s perception analysis were confined to the lexicon contents,
which is conducive to further interpretation of the results and
the parallel comparison of perception frequency and differences
between parks.

Statistical results of the topic classification using the
lexicon model show significant differences between parks on
visitors’ perception frequency of different topics (Fig. 3). The
total perception frequencies of Yuanmingyuan Park (3.40) and
Olympic Forest Park (3.40) were relatively the highest, while
those of Beijing World Park (2.90) and Chaoyang Park (2.97)
were the lowest. The largest difference between varied topics’
perception frequencies existed in the Olympic Forest Park—
0.88 for recreational activities and 0.02 for religion. In addition,
among the perception topics of all the parks, recreational
activities and aesthetic appreciation were comparatively more
frequently perceived by visitors, while education and religion
were less frequently perceived. Yuanmingyuan Park, Badachu
Park, Jingshan Park, and Chaoyang Park showed a higher
perception frequency in history and culture (0.68), religion
(0.45), aesthetic appreciation (0.79), and social interaction
(0.60) than other parks, respectively. Moreover, the topic
of education in Yuyuantan Park and Badachu Park was less
frequently perceived than in other parks.
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2. Technical route of the research flow chart
3. Differences between parks on visitors’ perception frequency of different topics
shown in the lexicon model

LANDSCAPE ARCHITECTURE FRONTIERS / PAPERS

™~ © Zhenyu Shang, Kexin Cheng, Yuging Jian, Zhifang Wang

w © Zhenyu Shang, Kexin Cheng, Yuqing Jian, Zhifang Wang



Table 3: Topic analysis results for each park based on the LDA model

3.2 The LDA Model Highlighting Each Park’s Characteristics
The perception analysis results from the LDA model show

significant differences between perception types of the 10 parks Park Number of topics Coherence score
and reviews from social media highly reflected each park’s
landscape characteristics and visitors’ perception preferences. Yuanmingyuan Park 10 0-5611
After the review text data were processed by the LDA model, Yuyuantan Park 10 05216
the appropriate number of topics for each park was determined
according to their Coherence score (Table 3), after which the Fragrant Hills Park 9 0.6049
topics were named considering their interpretability and “noisy”
topics were removed. For instance, in the results of Beijing Jingshan Park 9 0.6334
Garden Expo Park, we identified a topic as a noisy one as its

. “ . » o« » » o« Beijing Shiyuan Park 9 0.5829
keywords include “arrive soon,” “check,” “sun umbrella,” “turn
left,” “kite festival,” “excellent,” “wait for the bus,” “Gate 3,” “fully, Chaoyang Park 10 0.5845
“department,” etc., which contained very vague perception
contents, and had a relatively low weight of 0.016. The final Beijing World Park 6 0.6577
distribution of topics varied from park to park (Table 4).

Table 4 shows that there were mainly 8 or 9 topics perceived Olympic Forest Park 10 0.5046

by visitors in each park. Yuanmingyuan Park, Yuyuantan Park,

. . . Badachu Park 9 0.6385
and Olympic Forest Park had the most topics, while Beijing
World Park had the least. In terms of the perception contents, Beijing Garden Expo Park 8 05411
although variation existed among all the parks, some topics

Table 4: Perception topics for each park based on LDA model
Yuanmingyuan Park Yuyuantan Park Fragrant Hills Park Jingshan Park Beijing Shiyuan Park

Topic 1 Transportation and tickets Epidemic Hiking activities Cultural heritage Natural landscape

Topic 2 Cultural relics Cherry blossom festival Park Introduction Historical change Service facilities

Topic 3 Garden landscape Lupine view Transportation and tickets Park introduction Social activities

Topic 4 Natural landscape Cherry blossom view Experiential perception Featured flowers Pavilion experience

Topic 5 Historical perception Tickets and consumption Cultural landscape Featured constructions Park introduction

Topic 6 Patriotic education Natural landscape Education and learning Surrounding landscape Music festival

Topic 7 Park introduction Transportation facilities Natural landscape Epidemic Service experience

Topic 8 Lotus flowers Park introduction The Forbidden City vision Transportation and tickets
Topic 9 Featured ice-cream Leisure and entertainment

Topic 10

Continued
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Table 4: Perception topics for each park based on LDA model

Chaoyang Park Beijing World Park Olympic Forest Park Badachu Park Beijing Garden Expo Park
Topic 1 Transportation and tickets Transportation and tickets Leisure sports Worship activities Featured gardens
Topic 2 Service experience Collective memory and Transportation facilities Leisure facilities Aesthetic experience
perception
Topic 3 Parent-child activities Park introduction Social activities Buddhist landscape Activity experience
Topic 4 Leisure and entertainment Performances Night show Gatherings Transportation facilities
Topic 5 Book market Featured landscapes Sporting activities Hiking activities Cultural activities
Topic 6 Park introduction Summer and Autumn view Park introduction Leisure activities
Topic 7 Temple fair Spring view Collective memory and Park introduction
perception
Topic 8 Spring activities Park introduction Transportation facilities
Topic 9 Epidemic
Topic 10 Gatherings

like transportation (including information on buses, subways,
parking lots, etc.) can be found in most parks. In addition, together
with the word frequency analysis (Figs. 4, 5), it can be seen that
some perception topics were expressed differently depending

on each park’s characteristics, such as the spring cherry blossom
landscape in Yuyuantan Park versus the autumn foliage landscape
in Fragrant Hills Park. Moreover, topics related to festivals reflected
characteristic perception results, such as the Spring Festival temple
fair in Chaoyang Park, the band performance in Olympic Forest
Park, and other types of gatherings.

An overall perception analysis of the review text data from all
the 10 parks by the LDA model identified 10 topics. Among these
topics, the perception frequencies of transportation and tickets
(0.60), spring view (0.53), collective memory and perception (0.52),
and social activities (0.48) were higher than that of hiking activities
(0.30), cultural history (0.29), gatherings and performances
(0.26), autumn view (0.20), religious culture (0.14), and featured
constructions (0.11). This implies that visitors to urban parks
in Beijing prioritized their social interaction needs and visual

aesthetics brought by the natural landscape, as well as conditions of
the transportation facilities and the consumption in the parks.

3.3 Similarities and Differences of the Lexicon Model and LDA
Model
3.3.1 Similarities in Perception Topics Between the Two Models
As can be seen from the results of the overall perception
analyses of the 10 parks, topics of recreational activities and
aesthetic appreciation from the lexicon model, as well as topics
of transportation and tickets, spring view, collective memory and
perception, and social activities from the LDA model were most
frequently perceived. It shows that visitors to these parks paid
more attention to whether their own social recreation needs and
aesthetic needs (by enjoying the natural landscape) were satisfied.
Meanwhile, they cared about the status of transportation facilities
and consumption in parks.
Correlation can be found from the distribution of the 9
perception topics used in the lexicon model and the 10 topics
generated from the LDA model. The results of the correlation
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4. Word cloud for reviews related to Yuyuantan Park

analysis of these topics between the two models are shown in
Table 5.

Among the perception topics obtained from the LDA model and
the lexicon model, there were strong correlations between spring
view and environmental improvement, biodiversity, recreational
activities, and aesthetic appreciation; religious culture and history
and culture and religion; hiking activities and religion; autumn
view and aesthetic appreciation; social activities and recreational
activities and social interactions; collective memory and perception
and education; cultural history and history and culture, aesthetic
appreciation, and education. In addition, the topic of physical
and mental recovery in the lexicon model, as well as topics of
transportation and tickets, featured constructions, and gatherings
and performances from the LDA model had weak correlations with
other perception topics (Fig. 6).

Results from both models revealed visitors’ special attention to
the landscapes of nature and cultural history, as well as recreational
activities. Besides, results from the LDA model reflected a
comprehensive perception of different natural landscapes and
sightseeing activities, such as seasonal landscape perceptions that
include botanical landscapes, aesthetics, and excursion activities.
Meanwhile, the LDA model classified recreational activities into
more specific topics, such as gatherings and performances and
hiking activities. Different from the clear classification of topics
in the lexicon model, the LDA model generated topics with less
distinct differences. For example, it might be difficult to effectively
differentiate between visitors’ leisure activities and appreciation
activities.
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5. Word cloud for reviews related to Fragrant Hills Park

3.3.2 Differences in Perceived Contents Across Topics Under the
Two Models

Various types of visitors’ perception topics were presented
significantly different across parks under the two models. In terms
of the results of individual parks, it can be found from Table 2
and Table 4 that a significant difference existed between visitors’
perceived topic types obtained by the LDA model and those related
to urban parks concluded from the literature review. Firstly,
the perception topics extracted by the LDA model were distinct
in different parks. For example, worship activities and hiking
activities were only presented in one or two parks. Secondly, topics
obtained by the LDA model were mostly those with high perception
frequency, excluding the low-frequency ones. Thirdly, these finely
classified topics explicitly represented characteristics of each park
and covered more contents than what were included in the lexicon
model. One example was that in Yuyuantan Park, cherry blossom
and related activities were frequently perceived by visitors—for
the topic of the cherry blossom festival, there was a review that
“it’s so crowded, affecting the viewing experience,” while for the
topic of cherry blossom view, a visitor reviewed that “they are very
beautiful; the wind blows and cherry blossoms fall.” In contrast, the
lexicon model was able to obtain all the given perception contents
(Fig. 3), even when the topics were perceived less frequently.
However, the perception topics and contents covered were limited
by the range of the lexicon, resulting in an emphasis on visitors’
perception of landscape services that were manually selected and
neglect of their perception of the surrounding environment and
landscape elements. For example, transportation conditions and
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Table 5: Correlation analysis of the park perception topics between two models

LDA Transportation Spring Featured Religious Hiking Autumn Social Collective memory  Cultural Gatherings and
Lexicon and tickets view  constructions culture activities view activities and perception history performances
Environmental 0.012 0.172 -0.088 -0.019 0.045 0.095 0.011 -0.054 -0.030 -0.059
improvement
Biodiversity —** 0.200 -0.049 —kx -0.126 0.039 -0.088 0.020 0.041 0.008
History and -0.076 -0.066 0.148 0.126 -0.050 -0.053 -0.131 0.049 0.248 —**
culture
Aesthetic -0.063 0.121 0.024 0.024 -0.078 0.125 -0.123 0.031 0.153 -0.057
appreciation
Education -0.026 0.069 0.141 0.045 -0.067 -0.050 -0.044 0.104 0.101 0.009
Religion 0.023 -0.070 0.010 0.182 0.183 -0.020 -0.038 -0.049 -0.051 0.046
Physical —** 0.067 -0.063 -0.036 0.082 0.032 -0.002 0.017 -0.024 -0.050
and mental
recovery
Recreational 0.082 0.130 -0.100 -0.030 0.034 0.010 0.113 -0.081 -0.062 0.009
activities
Social 0.063 0.045 -0.043 -0.073 -0.025 -0.092 0.259 0.028 -0.157 0.050
interaction
NOTE

** means P > 0.05, i.e., there is no significant correlation between the two topics of perception.

Lexicon model LDA model . . .
M Transportonandicka ticket prices were frequently seen in the results of the LDA model
, —_— ///' but never in that of the lexicon model.
Biodiversity Z .

\}\\\\’?\f\ \ . \\, — Spring view

SO SN \‘ \\ e
R

History and culture

4 Discussion

4.1 Advantages and Disadvantages of the Two Models in

Aesthetic appreciation

Analyzing Perception Texts for Parks
The comparative analysis shows that there was a significant

Education

difference in the classification of perception topics between

M. the lexicon model and the LDA model. Specific advantages and

disadvantages of the two models can be summarized based on the

6. Sankey diagram showing the connection between different topics from the two
models

o~ © Zhenyu Shang, Kexin Cheng, Yuqing Jian, Zhifang Wang
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Table 6: Advantages and disadvantages of the lexicon model and LDA model applied to park perception analysis research

Research subject

Lexicon model

LDA model

Perception topic Advantages 1) Clear topic classification to make the topics different from each More comprehensive, real-time reflection of visitors’
classification other and with specific contents perception contents
2) Effective identification of perception contents with limited
attention
3) Analysis results available for parallel comparison between parks
Disadvantages Little consideration of the actual use of the park, resulting in a 1) Lack of sensitivity to low-frequency perception
possible lack of perception contents topics due to failing to extract perception contents
less frequently mentioned
2) Incapability of making parallel comparison
between parks
Perception content Advantages Precise identification of the perception contents, covering topics 1) Emphasis on the park characteristics, by a detailed
identification with low perception frequency classification of the perception topics with high
awareness level
2) Clear perception contents to ensure quick
identification of the topics
Disadvantages 1) Words extracted basing on the lexicon, for which the analysis Relatively blurred boundaries between perception
results rely heavily on the completeness of the lexicon topics
2) Further manual interpretation of specific perception contents
required
Scope of Advantages Suitable for regional-scale, multi-park perception analysis and inter- More effective perception analysis for individual
application park comparison, with a comprehensive lexicon that can be adapted parks
to different research objects
Disadvantages Higher requirements for the lexicon to make it adjustable Ambiguous results for regional-scale, multi-park

perception analysis, making manual interpretation
difficult

classification of park perception types, identification of perception
contents, and the scope of model application (Table 6).

4.2 Application Suggestions for Combining the Two Models
Based on the research results, a possible optimizing strategy

is to expand lexicon contents of the lexicon model, including

the perception topics and words identified by the LDA model.

For example, the LDA model identified high-frequency words

depicting perception contents like transportation facilities outside

parks and tickets. These words can be added to the lexicon by

Word2vec.
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To improve their applicability, we may combine the two models,
allowing for their respective characteristics and advantages. When
carrying out perception analysis of parks at the regional scale,
the lexicon model can be used to analyze the current situation
and provide a basis for the construction, management, and
improvement of the parks; then based on these results, we can
select perception topics that require further assessment by the
LDA model. For the perception analysis of individual parks, start by
using the LDA model to identify the park’s characteristics and items
that draw visitors’ attention, then conduct a more comprehensive
analysis with a lexicon model optimized based on these results to



identify any problems and propose corresponding suggestions for
park improvement.

5 Conclusions

In recent years, research on social sensing analysis has paid more
attention to the use of spontaneous reviews from big data, aiming
to extract valuable information through semantic analysis. The
accumulation of social media data and the continuous optimization
of analysis methods have enriched the research contents of social
sensing, better reflecting the sentimental and cognitive situation of
users’ interaction with space. Differing from the earlier studies that

64][65
(641851 ' more and more

[66][67]

focused on scenic spots and tourist destinations
current research surveys smaller-scale urban parks utilizing

a variety of methods for data analysis. However, there is a lack of
comparative studies on these methods and exploration of their
applicability. To fill the gap, this study employed two commonly used
topic analysis models for text data, i.e. the lexicon model and the
LDA model, to analyze the same research objects separately, explore
the differences in the application of the two models in researching
visitors’ perception of urban parks, and finally clarify each model’s
strengths, weaknesses, and optimization paths. The results can not
only guide the construction and management of urban parks but
also provide a reference for relevant research on social perception
through text analysis.

There are still some limitations in this study. In terms of data
sources, the review text from Dianping provides little information
for user profiles, making the analysis difficult to fully reflect visitors’
perceptions of urban parks. In addition, the unsupervised LDA
model cannot control the classification results. In response to this
problem, there have been improved semi-supervised and supervised

(68169 which need to

machine learning topic classification models
be further explored. Finally, in addition to the two models studied
in this research, there are many other text classification models
based on big data and different algorithms, each with its advantages
and disadvantages. Future research also needs to probe into these

characteristics.
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