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Evaluation of tourism elements
in historical and cultural blocks using
machine learning: a case study
of Taiping Street in Hunan Province
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Historic districts, as core areas in cities rich in historical, cultural, and aesthetic resources, offer diverse
tourism services to the public. The development of tourism has become a global trend in revitalizing
these districts, and evaluating the tourism elements within them provides an objective and accurate
basis for decision-making in their multifunctional planning. However, traditional evaluation methods
often lack the precision and comprehensive coverage necessary for fine-grained, dynamic studies of
tourism elements in historic districts. To address this issue, the present study proposes an evaluation
model based onmachine learning. Cluster analysis of comment texts is conducted through LDA topic
classification, and sentiment analysis is performedusing theBERTmodel to extract key indicators and
sentiment classifications that affect tourism element evaluation. Additionally, IPA analysis is utilized to
explore the relationship between the importance of tourism elements in historic districts and tourist
satisfaction. The main contribution of this study is the development of a quantitative and replicable
evaluationmodel for tourism elements, providing a scientific foundation for both tourismdevelopment
and heritage preservation. The results reveal several key findings: (1) Regional function (RF) is the
dominant factor in evaluating tourism elements, while tourists have a weaker perception of
management and service (MS), which has the lowest weight. (2) A significant interrelationship exists
among topic keywords, with historical culture, the built environment, and local characteristics being
interdependent and integrated. (3) Tourism experience (TE) and historic culture (HC) received the
highest positive ratings, while RF and space accessibility (SA) accounted for a greater proportion of
negative feedback. (4) Despite the high importance of RF, although RF is the most important, it has a
low satisfaction among tourists and is a key factor that needs to be improved. These findings deepen
our understanding of key tourism elements in historic districts and offer fresh perspectives for future
research on historic districts the evaluation and sustainable development of historic districts.

The concept of historic districts originates from theAthensCharter, adopted
by the International Congress ofModernArchitecture (CIAM) in 1933. The
Charter asserts that “buildings and neighborhoods of historical value should
be properly preserved and not destroyed1.” The preservation of historic
districts has been a critical issue in urban planning since the 20th century.
Today, influenced by the value of the experience economy, tourism has
become an effectivemeans of revitalizing historic and cultural districts while

fostering the tourism economy2. As an integral part of cultural heritage,
historic districts are key destinations for cultural heritage tourism. However,
they currently face a range of challenges, including over-exploitation of
tourism resources, over-commercialization, and insufficient appeal to tour-
ists. The root cause of these issues lies in the absence of an effective evaluation
system for the tourismelements of historic districts, which couldhelp correct
the misguided direction of tourism development in a timely manner.
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Tourist element evaluation refers to the objective perceptions and
subjective impressions formed through the two-way interaction between
people and the spatial environment of a tourist destination3. The evaluation
of tourism elements in historic districts reflects their ability to introduce
elements such as historical and cultural charm, tourism services, and sup-
porting facilities to the market, generating economic benefits and social
impacts. This is a crucial research topic for the revitalization of historic
districts. Existing studies on this topic primarily focus on subjects such as
cities4, nature reserves5, villages6, and theme parks7. As tourism in historic
districts has grown, research on this topic has expanded. However, studies
specifically focusing on the evaluation system of tourism elements in these
districts remain scarce. Existing research also lacks a comprehensive con-
nection to the actual experiences of tourists, creating a research gap that this
study seeks to address.

The data sources for evaluating tourism elements still primarily rely
on questionnaires and interviews8–10, which are insufficient for capturing
tourists’ perceptual evaluations of tourism elements across different
locations and times. Existing studies on evaluation systems have mainly
employed qualitative11,12, quantitative13–18, or mixed methods19–23. How-
ever, eachmethod necessitates themanual processing of large amounts of
unstructured data, demanding significant human and material resources.
The evaluation results for tourism elements often depend on assessments
made by tourists and experts. However, this approach is subject to per-
sonal biases, leading to vague evaluation standards, and it fails to establish
a genuine link between the evaluation outcomes and the feelings of the
majority of tourists. As shown by the current state of research, studies on
the evaluation system of tourism elements in historic districts are still
imperfect. There are significant gaps in terms of research objects, data
sources, evaluation indicators, and the accuracy of evaluation results,
which hinder the establishment of a deep correlation between evaluation
findings and tourists’ authentic experiences. Therefore, it is crucial to
develop a new evaluation system for tourism elements in historic districts
to comprehensively assess both the transmission of objective elements and
the subjective historical and cultural perceptions of tourists. This is
essential for promoting the high-quality development of tourism in his-
toric districts.

This study proposes a machine learning-based evaluation method for
tourism elements in historic neighborhoods. Machine learning algorithms
possess strong generalization and self-learning capabilities, allowing them to
continuously learn from large datasets and achieve self-optimization24. The
study effectively integrates the topic modeling ability of the LDA model25

and the deep semantic understanding of the BERT model26 in machine
learning, offering a more scientific and accurate evaluation system for the
tourism elements of historic neighborhoods. The core design ideas are as
follows: First, an evaluation systemfor tourismelements is constructed.This
study leverages the rapid information collection capabilities of machine
learning to gather tourists’ comments on social media about historic dis-
tricts. The aim is to use review data from popular websites to conduct a
comprehensive evaluation of the tourism elements of historic districts,
addressing the limitations of previous studies that rely on questionnaires or
interviews as data sources. The evaluation indices are selected by themati-
cally categorizing the review texts using the LDAmodel. Departing from the
qualitative or quantitativemethods used in prior research,machine learning
is employed to accurately establish evaluation indicators. Second, the eva-
luation of each tourism element in the historic district is based on the
sentiment classification of the review texts. The BERT model is used to
classify the sentiments of the review texts, generating evaluation results that
address the subjectivity and vague evaluation criteria found in previous
studies. Finally, importance-performance analysis (IPA) is used to visually
display theperformance-satisfaction results of each indicator. The IPA four-
quadrant diagram provides a more intuitive representation of tourists’
perceptions of the tourism elements. Specifically, this method resolves
several unresolved issues in prior research:
(1) In data collection and analysis, how can we overcome the time and

regional limitations inherent in manual data collection?

(2) In the design of evaluation indicators, what criteria should be used to
screen the indicators, and how can we ensure a reasonable quantifi-
cation of these indicators?

(3) When scoring evaluation indicators, how can we avoid ambiguity in
the standards and use machine learning methods to calculate accurate
scores?

Related work
The focus of research on evaluating tourism factors
The main objects of tourism element evaluation typically include cities4,
nature reserves5, villages6, theme parks7, and other destinations. For
example, Naoi et al. explored the influence of city tourism brand image,
positioning, and other factors on tourists’ choices through survey research4.
Similarly, Zhang et al. assessed the suitability of nature reserves5, and
Nedeljković et al. evaluated the development potential of rural tourism6. In
comparison with the evaluation of tourism elements at other scenic spots,
the evaluation objectives and focus of historic districts differ. The built
environment of historic districts emphasizes the originality and integrity of
historical culture and the continuity of living culture27. The tourism
experience centers on cultural immersion and unique shopping opportu-
nities, while the economic and social development highlights the local
characteristics of commercial activities and the preservation of cultural
heritage. The evaluation objects of historic districts mainly encompass
architectural and spatial environments28,29 cultural and folklore resources4,30,
and the impact of tourism on the sustainability of heritage sites31–34. For
instance, Giannakopoulou et al. used a questionnaire to explore tourists’
perceptions of the value of traditional built environments29. Similarly,Weng
et al. developed a system of indicators to assess the sustainability of cultural
heritage tourism destinations comprehensively35. While research on the
evaluation of tourism elements has become relativelymature, there remains
a gap in the research on the evaluation system for tourism elements in
historic districts. Given the differences in evaluation objectives and focus
between historic districts and other scenic spots, it is essential to develop a
specialized evaluation system for tourism elements in historic districts.

Data sources for evaluating tourism elements
The data used for evaluating tourism element indexes primarily come from
two types: soft data and hard data. Soft data mainly include questionnaires
or interviews8–10. For example, Al-Hagla et al. used two questionnaires: one
to revealOldSaida’s heritage and its attractiveness to tourists, andanother to
assess the impacts of cultural heritage andurban development projects from
an economic perspective36. Similarly,Cetin et al. identified the problems and
opportunities tourism activities may encounter by evaluating studies and
literaturewhile preserving the original characteristics of the protected area37.
Hard data primarily consists of point-of-interest (POI) data38, user-
generated content (UGC)39, and social media big data40. For instance, Filipe
developed a tourism recommendation system based on users and points of
interest (POIs)38. Jin-Soo et al. analyzed the cross-cultural destination image
ofHongKong’s topfive sourcemarkets basedonUGCdata39, whileHuahua
et al. assessed tourists’ sensory experiences in space through social media
data40. Currently, soft data, primarily represented by questionnaires or
interviews, still dominate the field. These data are often gathered from a
limited group of individuals through actual surveys or observations,making
the results of sample analyses only representative of specific times and
regions. Although hard data is more objective and comprehensive in eval-
uating tourism elements compared to soft data, its application in this field
remains relatively rare.

Research methods for evaluating tourism factors
The research methods used for evaluating tourism elements are generally
divided into qualitative, quantitative, and mixed methods. Qualitative
researchmethods often include techniques such as theDelphimethod11 and
grounded theory12. For example,Ma et al. employed theDelphimethod and
fuzzy mathematics to establish a cultural heritage tourism resource eva-
luation system11. Similarly, Li et al. analyzed online texts to assess the
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tourism experience of the Grand Canal Historical and Cultural Neigh-
bourhood using grounded theory. These qualitative methods primarily rely
on soft data and involvemanuallyfiltering evaluation indicators, whichmay
be influenced by personal experience and bias, thereby compromising the
objectivity of the evaluation. To address these issues, researchers began
adoptingquantitativemethods to ensure greater objectivity in the evaluation
process by using hard data. Quantitative methods commonly used include
cluster analysis (CA)13 the Technique for Order Preference by Similarity to
Ideal Solution (TOPSIS)14, principal component analysis (PCA)15, structural
equation modeling (SEM)16, preference ranking organization method
(PROMETHEE)17, and data envelopment analysis (DEA)18. For instance, Li
et al. applied theGreyClusterMethod todevelopanevaluation index system
for the tourismeconomicdevelopment level inChina13. Zhang et al. used the
TOPSISmethod to assess the competitiveness of tourismdestinations in the
Yangtze River Delta region14, and Cheng et al. developed a provincial
tourismdevelopment potential indexmodel using PCA15. However, a single
quantitative method may overlook complex contextual factors and causal
relationships. To overcome these limitations, researchers have increasingly
used a combination of qualitative and quantitative approaches, such as
analytic hierarchyprocess (AHP)19–22 and importance-performance analysis
(IPA)23. For example, Jiang et al. applied AHP to evaluate the value of six
railway sites on China’s first industrial heritage list19, and IPA has been
widely used in tourism satisfaction assessments, determining the impor-
tance and performance of tourism elements based on tourists’ perceptions
and producing four-quadrant diagrams to assist decision-making. Variants
of IPA, such as IPCA and AIPA, refine these methods by incorporating
modifiers to adjust indicator weights and adjusting results by considering
tourists’ attributes. For example, Boley et al. used IPA to examine residents’
perceptions of sustainable tourism initiatives23. However, both qualitative
and quantitative approaches face challenges when applied to historic dis-
tricts, particularly when dealing with large amounts of unstructured data.
These methods struggle to fully capture the cultural heritage and emotional
responses of tourists and are slow to adapt to new trends in tourism, lacking
precise evaluation criteria.

In recent years,machine learning has emerged as a promising tool, and
experts have started to use methods such as cluster analysis41, neural
networks42, and text mining43 to study tourism elements. For example, Li
et al. applied association rules to conduct cluster analysis on the preference
attributes of inbound tourists at scenic spots41. Li et al. also used the Long
Short-Term Memory (LSTM) neural network to predict tourism flows42.
Haris et al. proposed a semantic extraction method for tourist attractions
based on content analysis and natural language processing techniques43.
Despite the growing use of machine learning, its application in evaluating
tourism elements in historic districts remains relatively limited, particularly
in terms of integrating both thematic modeling and sentiment analysis,
leaving room for further innovation in this area.

Materials and methods
Overview of the study area
The study selectsTaipingOldStreet, oneof thehistoric and cultural blocks
in Changsha City, as the research object (Fig. 1). Taiping Old Street is
located in the heart of the Wuyi business district in Changsha, Hunan
Province, adjacent to the Xiangjiang River. Covering an area of 5.07
hectares, it is one of the best-preserved historical and cultural neighbor-
hoods in Changsha’s ancient city. Its origins date back to the Ming and
Qing dynasties, when it served as an important commercial hub and
cultural exchange center. The street is lined with numerous historical
buildings, featuring small green tiles, horse-head walls, and intricately
carved doors and windows, which together create a distinctive archi-
tectural style. These structures embody rich historical memories and
cultural heritage. This study selects Taiping Old Street as the research
subject for the following reasons.

First, Taiping Old Street exhibits the typical characteristics of a his-
torical district. It has a long history, tracing back to ancient times, and as the
only historical street in Changsha preserved since the Ming and Qing

Dynasties, it embodies the quintessential features of a historical
neighborhood.

Second,TaipingOldStreet holds significant commercial tourismvalue.
Since its renewal and reconstruction in 2006, the street has managed to
preserve its deephistorical and cultural heritagewhile seamlessly integrating
modern commercial elements. This fusionhas created aunique blendwhere
traditional culture and contemporary commerce coexist harmoniously. The
area is home to awide variety of businesses, including traditional local snack
shops, souvenir stores, and handicraft shops, which collectively attract a
large number of tourists.

Third, TaipingOld Street generates a substantial volume of review data
on social media platforms, which can be leveraged for analysis. Changsha’s
Wuyi Business District receives 30 million tourist visits annually, ranking
second among the national core business districts in terms of traffic. As one
of the key tourist destinations, Taiping Old Street benefits from significant
foot traffic, resulting in a wealth of comment data available for analysis.

Fourth, TaipingOld Street faces several challenges common to historic
districts. The sharp increase in tourist numbers has brought notable eco-
nomic benefits but has also led to issues such as traffic congestion, parti-
cularly duringpeak seasons,whichnegatively impacts the visitor experience.
Additionally, the area suffers from an imbalance in its functional develop-
ment, with the catering industry dominating the street. There are also
challenges in balancing commercial development with the preservation of
historical and cultural assets. Some shop owners, in pursuit of profit, have
over-decorated their establishments, and the excessive introduction of
modern commercial elements has compromised the original, simple aes-
thetic of the historic buildings.

Currently, scholars have conducted various studies on Taiping Old
Street, primarily focusing on the distribution of business forms44, quality
evaluation45, and the impact of renewal and renovation46 on the neighbor-
hood. For instance, Xu et al. investigated the community characteristics of
the businesses on Taiping Old Street, analyzed the intrinsic connections
between the businesses, and explored their symbiotic mechanisms44. Sun
et al. employed multi-source data to assess the quality of Taiping Old
Street45, whileWang et al. examined the renewal and renovation of the area
to explore the potential value of the historic district in the development of a
new type of urban space46. However, despite these studies, a comprehensive
and scientific evaluation system for the tourism elements of Taiping Old
Street remains lacking. This study seeks to address this gap by constructing a
machine learning-based evaluation system to deeply analyze the tourism
elements of Taiping Old Street and provide a scientific foundation for the
sustainable tourism development of the historic district.

Research framework
The article presents a machine learning-based analysis method to develop
an evaluation system for historic districts. The first step involves gathering
research data. Using “Taiping Old Street” as the keyword, all visitor reviews
from the evaluation section on the Dianping website are collected. The
second step focuses on data preprocessing. The initial processing includes
tasks such as removing stopwords, adding key terms, and merging syno-
nyms to prepare the data for evaluation index selection and weight calcu-
lation. The jieba Python library is then used to further segment the text,
resulting in DATE1. Subsequently, the data required for sentiment analysis
are also preprocessed. Sentences are segmented by punctuation, and text
data exceeding 10 Chinese characters are selected. The data are then ran-
domly divided into training and test sets in a 6:1 ratio, formingDATE2. The
third step involves analyzing the collected data. First, the optimal number of
topics is calculated based on perplexity scores, and topic clustering is per-
formed onDATE1 using the LDAmodel. This forms the evaluation indexes
for the tourism elements of the historic district, derived from the overall
characteristics of each topic. Theweight of each index is calculated based on
keyword frequency within these topics. Next, sentiment analysis is con-
ductedonDATE2using theBERTmodel, yielding aprobability distribution
of positive, neutral, and negative sentiments for each topic. In the fourth
step, the evaluation results are normalized across two dimensions: the
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weights of the evaluation indicators and theprobability of positive sentiment
distribution. Using the weights to represent importance and the positive
sentiment distribution to represent satisfaction, IPA analysis is applied to
visually illustrate the performance-satisfaction outcomes for each indicator
(Fig. 2).

Data sources and processing
Data sources. This study utilizes reviews of TaipingOld Street fromVW
Dianping (https://www.dianping.com) as the primary data source. VW
Dianping, China’s leading platform for local lifestyle information and
transactions, is also recognized as the world’s first independent third-
party consumer review website. As a professional review platform, it
boasts a large user base and provides comprehensive evaluation data.

Using Python, the comment texts related to Taiping Old Street were
scraped from VWDianping’s review section. The collected data includes
the reviewer’s name, review date, rating score, and review content,
resulting in a total of 8872 initial reviews.

Data processing.
(1) Evaluation indicators and weights section

This study involves crawling review texts related toTaipingOldStreet
from popular review platforms using Python. The initial review texts
are often written in non-standard language and contain a significant
amount of noise; thus, data processing is necessary to enhance the
usability of these texts for machine learning. The data processing
consists of six steps. First, preliminary data processing. The comment

Fig. 1 | Map of the study area.

Fig. 2 | Research framework.
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information is organized and analyzed by removing irrelevant data
such as duplicate comments, advertisements, and unrelated entries,
resulting in a total of 8800 valid comments. Second, remove
unnecessary words. The Jieba library in Python is used to preprocess
the raw data by removing filler words and meaningless terms. Using
theChinese stop-word list, irrelevantwords, quantifiers, adverbs, and
symbols that could affect thematic analysis—such as “haha,” “wow,”
“one,” “all the time,” etc.—are deleted. The data is then further
processedusing the Jieba library.Third, a customthesaurus is created.
Local characteristic words fromTaipingOld Street, such as “ChaYan
Yue Se,” “Sugar and oil” and “Jia Yi’s former residence” are added to
the thesaurus. This enhances the accuracy of word classification and
strengthens the relevance between the vocabulary and the research
object. Fourth, replace near-synonyms. Construct a thesaurus of
near-synonyms, treating all synonyms as equivalent terms. For
example, “Taiping Street,” “Taiping Old Street” and “Old Street” can
be uniformly replaced with “Taiping Old Street,” while “shop” and
“small shop” can be consolidated into “shop.” Fifth, Python’s Jieba
library is used to segment the processed data and extract keywords
from the comment text. Sixth, frequency statistics are conducted on
the segmented data to identify high-frequency topic words and
generate a vocabulary frequency table. Following these steps, a total of
173,811 valid data samples were obtained, referred to as DATE1.

(2) Emotional analysis

In Chinese writing, a complete sentence often contains multiple
elements. For instance, “The food here is quite good, but there are too
many people, you have to queue up everywhere you go, and there is no
resting place.” This single comment addresses the food, environment,
and infrastructure, where the sentiment about food is positive, but the
sentiment about the environment and infrastructure is negative.
Therefore, in sentiment analysis of review texts, it is essential to divide
each review into multiple phrases. The data processing consists of three
steps: first, utterance segmentation. In Chinese texts, punctuation is
commonly used to segment utterances. Thus, this study adopts punc-
tuation marks such as “”, “?”, “!”, and “..” as the basis for text segmen-
tation to ensure maximum correspondence between the topic and the
evaluation content. This method resulted in a total of 84,082 data points
after text segmentation. Second, screening and analysis. Longer state-
ments are more conducive to semantic analysis in connection with the
context, so data containingmore than 10 Chinese characters are selected
as samples for sentiment analysis, resulting in a total of 27,013 entries.
Third, deletion of useless data. Blank, repetitive, and non-sentimentally
inclined comments were removed. After these steps, 25,638 valid sam-
ples containing thematic evaluation content were obtained,
named DATE2.

Research methodology
Evaluation of the construction of indicators. In this study, evaluation
metrics are constructed based on the topics andhigh-frequency keywords
extracted from the LDA topic model, one of the most powerful techni-
ques in text mining for data analysis, latent pattern discovery, and
identifying relationships between data and text documents25. The LDA
topic model is highly effective in analyzing the complex structures of
documents, topics, and words in review texts, revealing hidden topic
patterns and relationships. By using LDA, meaningful evaluation indices
can be extracted from large volumes of unstructured text data, enhancing
the scientific rigor of index selection and reducing the bias inherent in
manual classification. The LDA model uncovers the probability dis-
tribution of topics in review texts, such as those in theVWReviewdataset,
by analyzing the three-tier structure of documents, topics, and words. As
shown in Eq. (1), this analysis process generates a matrix vector con-
sisting of n topics and corresponding m keywords. Each column repre-
sents the probability distribution of each word across the m topics, while
each row represents the probability distribution of each topic across the n

words.
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This article adopts Perplexity, a scientific model used to determine the
optimal number of topics K. Perplexity is a key metric in natural language
processing that measures the predictive power of language models. It has a
solid theoretical foundation and is widely applied in the evaluation of topic
models. The formula for calculating topic perplexity is presented in Eq. (2):

Perplexity ¼ e
�
P

log p wð Þð Þ
N ð2Þ

In this equation, p(w) represents the probability of eachword in the test
set, andNdenotes the number ofwords or the total length of the test set. The
rationale behind this is that when the model has a higher probability of
predicting words in the test set, the perplexity value decreases, indicating
that the model performs better on that test set. In other words, a lower
perplexity suggests that the model’s thematic structure is relatively stable
and the expected error is smaller. A lower perplexity also means the model
can capture the semantic information in the text more accurately, thus
fitting the data better. The effectiveness and importance of perplexity in
topic model evaluation have been discussed in numerous studies. For
example,Hoffman et al. usedperplexity to evaluate the performance of LDA
models on different datasets and demonstrated that perplexity effectively
reflects the degree to which the model fits the data, providing an important
basis for model parameter selection and optimization47. Wallach et al. ela-
borated on the advantages of perplexity as an evaluation metric for topic
models, emphasizing its key role in measuring the relationship between the
model and the data, which provided strong theoretical support andpractical
reference for its use in this study48.

In this study, we calculate the perplexity for different numbers of topics
using the scikit-learn package in Python. The specific results show that the
perplexity is lowest when the number of topics is 7, indicating that this is the
optimal equilibrium point, where the model achieves its best predictive
performance.

The process of constructing the evaluation index is as follows: First,
high-frequency keywords are screened. DATE1 is used as the data sample,
and the trained LDA topicmodel classifiesDATE1 into 7 topics, generating
a “topic-vocabulary”matrix. The selection of high-frequency topic words is
based primarily on word frequency statistics, supplemented by the TF-IDF
index49. The top 10 most frequent words in each topic are selected as high-
frequency candidates, which are then verified using the TF-IDF index. To
ensure low-frequency keywords are not overlooked, a review panel was
established, consisting of experts in the fields of culture and tourism, senior
merchants from Old Street, and frequent travelers. This panel manually
screens low-frequency words associated with themodel-generated topics to
identify potential high-impact indicators50. Additionally, this process was
used to fine-tune the parameters of the LDAmodel, moderately increasing
the weight of low-frequency keywords in subsequent iterations. This
adjustment helps the model adapt more effectively to complex tourism
scenarios, taking into account both high-frequency general terms and low-
frequency specific features.

Next, the evaluation team—comprising culture and tourism experts,
senior merchants, and frequent travelers—generated evaluation indicators
by summarizing the characteristics of the high-frequency keywords in each
topic. For example, topic 1, which is closely related to local snacks, business,
food, shopping, drinks, entertainment, and other factors, highlights the
basic needs of tourists and is therefore categorized as “Regional Function.”
Similarly, the topics of topics 2 through 7 were described as follows: Spatial
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Accessibility, History and Culture, Environmental Features, Local Char-
acteristics, Management Services, and Tourism Experience.

Evaluation indicator weights. In this study, the weights of the topics are
determined based on the frequency of the corresponding keywords
within the “topic-vocabulary”matrix. The high-frequency keywords are
then summarized to derive feature words that represent the content of
each topic. The weight of each topic is calculated using Eq. (3).

Ik ¼
nk;jP
k nk;j

ð3Þ

In this formula, Ik represents the weight of the topic, nk,j is the number
of occurrences of the keyword associated with the topic in document dj, and
thedenominator is the total occurrences of all keywords indocumentdj. The
weights of each topicwere calculated usingEq. (3) basedon the results of the
seven topics identified by the LDA model.

Sentiment analysis. In this study, the BERT model is employed to
conduct sentiment analysis, offering deeper contextual sentiment capture
compared to traditional natural language processing (NLP) techniques
such as Word2Vec, CNN, RNN, and Bi-LSTM51. The BERT model
consists of an input layer, a Transformer encoder layer, and an output
layer. First, comment text from DATE2 is processed, with each piece of
data transformed into a sequence of word embeddings, starting with
[CLS] tags and ending with [SEP] tags. This sequence is then passed
through BERT’s Transformer encoder to extract deep contextual
semantic information. Specifically, the model takes as input the

embedding containing the [CLS] token (X0) and the text sequence
embeddings (X1 to XN). These inputs are then encoded through BERT’s
multi-layer Transformer structure to generate high-level feature repre-
sentations. Finally, the output layer uses a softmax function to transform
the encoded representations into probability values for each classification
result, indicating the likelihood of each sentiment category (Fig. 3).

After this process, the model can accurately identify the emotional
tendencies of the comment text and classify the text into three categories:
positive, negative, and neutral emotions. Finally, subject satisfaction is cal-
culated based on the classification results, with the calculation formula
presented in Eq. (4).

Pk ¼
wp × P þ wn ×N þ wneg ×Neg

T
ð4Þ

Where P represents the number of positive comments, N is the number of
neutral comments, Neg is the number of negative comments, and T is the
total number of comments for a given topic. Theweights for each sentiment
are defined as:Wp = 1 for positive comments,Wn = 0 for neutral comments,
andWneg =−1 for negative comments. DATE2 is used as the data sample
for sentiment analysis, with the data classified according to the keywords of
the topics in eachpiece of data before the analysis.Using theLDAmodel, the
keywords of each topic are identified and matched with the corresponding
comments from DATE1. This keyword matching determines the relevant
topic for each comment. For example, in DATE2, if a comment states, “The
sugar and oil here is super delicious,” the keyword “sugar and oil” can be
located in DATE1. Based on this match, the comment is classified into the
corresponding topic.

Fig. 3 | Sentiment analysis framework.
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The IPA method of analysis. Importance-Performance Analysis (IPA)
is used to gain detailed insights into the performance of tourism elements
on Taiping Old Street. IPA was first introduced by Martilla and James in
199752. Its fundamental concept is to assess the importance of various
factors influencing user satisfaction and to evaluate the actual perfor-
mance of these factors as experienced by users. The goal is to identify the
strengths and weaknesses of the evaluated elements. The IPA four-
quadrant diagram provides a clear visualization of both the development
priorities for tourism factors in Taiping Old Street and the level of user
satisfaction with these factors, based on users’ evaluations. In this ana-
lysis, the weight of each topic is considered as “Importance,” as shown in
Eq. (5), while the distribution of topic satisfaction is represented as
“Performance,” as in Eq. (6). “Importance” is used as the horizontal
coordinate, and “Performance” is used as the vertical coordinate. The
methods for calculating “Ik” (Importance) and “Pk” (Performance) were
introduced in Eqs. (3) and (4) in the previous section. To establish the
four-quadrant graph, the average values of “Importance” and “Perfor-
mance” serve as the dividing lines for the horizontal and vertical axes,
respectively. Based on these axes, the IPA diagram divides the evaluation
indicators into four quadrants: Advantage, Opportunity, Vulnerable, and
Patch. This allows for a visual representation of the performance satis-
faction of each tourism element.

Importancek ¼ Ik ¼
nk;jP
k nk;j

ð5Þ

Performancek ¼ Pk ¼
wp × P þ wn ×N þ wneg ×Neg

T
ð6Þ

Model performance evaluation. To evaluate the validity and reliability
of the constructed model, we employed a cross-validation approach. The
dataset was divided into seven equal subsets. In each iteration, one subset
was selected as the validation set, and the remaining six subsets were used
for training. The model was trained on the training data, and evaluation
metrics were computed based on the validation set. This procedure was
repeated such that each subset was used as the validation set once. The
final performance metric was determined by averaging the evaluation
results from all iterations. In this study, we primarily used four evaluation
metrics: Accuracy, Precision, Recall, and the F1 score. Accuracy is defined
as the proportion of correctly predicted instances out of the total number
of samples. Precision refers to the proportion of true positive predictions
among all predicted positive samples. Recall represents the proportion of
true positives among all actual positive instances, and the F1 score is the
harmonic mean of Precision and Recall53, which is calculated using the
following formula:

Accuracy ¼ TP þ TN
TP þ TN þ FP þ FN

ð7Þ

Precision ¼ TP
TP þ FP

ð8Þ

Recall ¼ TP
TP þ FN

ð9Þ

F1 ¼ 2× Precision ×Recall
Precisionþ Recall

ð10Þ

In this study, the following terms are used to define the model’s per-
formance: TP (True Positive) represents the number of samples that are
actually positive and predicted as positive by themodel;TN (TrueNegative)
refers to the number of samples that are actually negative and predicted as
negative by the model; FP (False Positive) denotes the number of samples
that are actually negative but predicted as positive by the model; and FN
(False Negative) represents the number of samples that are actually positive

butpredictedasnegative by themodel. The results of the cross-validation for
both the LDA and BERT models are presented in Table 1.

The results show that the LDA model achieves high accuracy and F1
score in topic classification, indicating its effectiveness in clustering review
texts and accurately identifying the topics of different tourismelements. The
BERT model also performs well in sentiment analysis, with high accuracy,
recall, and F1 scores, demonstrating its ability to accurately assess the sen-
timent of the texts and provide a better understanding of tourists’ evalua-
tions for precise classification.

Results
Evaluation indicators and weights
The results from the Table 2 experiment show that users’ evaluation topics
of Taiping Old Street are diverse and varied. These topics not only
encompass material and spatial aspects, such as physical function, spatial
accessibility, environmental features, and local characteristics, but also
include subjective topics like history and culture, management services, and
tourism experiences.

As shown in Table 2, RF has the largest number of keywords and the
highest weight of 0.412. This topic primarily focuses on the regional func-
tions of historic blocks, with keywords related to commerce, food and drink,
and shopping, indicating that these functions hold a dominant position in
the text. The EC follows, with a weight of 0.269, encompassing the city’s
environmental features, particularly elements such as streets, architecture,
and historical and cultural aspects. The SA, HC, LC, and TE have relatively
moderate weights. The SA emphasizes the importance of spatial accessi-
bility, with keywords focused on transportation and location, especially
concerning the metro and walking. The HC keywords highlight historical
buildings and cultural sites, while LC keywords concentrate on local cuisine
and culture. The TE reflects the tourist experience, particularly aspects like
nightlife, travel experiences, and the business atmosphere, which mainly
represent tourists’ subjective feelings towardTaipingOld Street. TheMShas
the smallest weight of 0.009, primarily related to management and service,
with keywords focusing on price, service quality, and facilities.

The analyses basedon the keywords corresponding to each topic reveal
an uneven distribution of different topics in the comment texts. The results
indicate that keywords under the RF, HC, EC, and LC topics, such as
“Snacks” (RF1), “TaipingOld Street” (HC1, EC1), and “StinkyTofu” (LC1),
are the primary focus of discussion, with word frequencies of 8879, 9255,
and 5649, respectively, and percentages of 0.511, 0.0532, and 0.0325. In
contrast, other keywords received relatively little attention. The keywords in
each topic exhibit a typical long-tail distribution, with the word frequency
and percentage of each topic demonstrating the characteristic of “a few core
elements dominating” (Fig. 4).

Relationship between evaluation indicators
When analyzing the keywords of each topic, significant cross-correlations
were identified, reflecting the interdependence and integration of urban
functions and characteristics (Fig. 5). TheRF andLCboth include keywords
related to commerce and food, such as “stinky tofu” “Cha Yan Yue Se” and
“Wen He You” Similarly, the HC and EC topics encompass keywords for
historical sites and cultural places, including “Taiping Old Street” “Jia Yi’s
Residence” and “Wen He You” This crossover indicates that history and
culture are not confined to specific cultural topics but are deeply embedded
in the city’s environmental characteristics, influencing its overall appear-
ance. The SAandECalso intersect in geographic location and spatial layout,
exemplifiedby landmarks like “WuyiSquare.”AlthoughMSandTEcontain
fewer overlapping keywords, those related to management and services,

Table 1 | The results of cross-validation

Model Accuracy Precision Recall F1

LDA 0.75 0.72 0.70 0.71

BERT 0.82 0.80 0.78 0.79
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such as “price,” “service quality” and “facilities” are indirectly reflected in
the TE.

Sentiment analysis of tourism elements
Sentiment analysis of topic. The sentiment analyses derived from the
test set revealed the following results: positive comments totaled 3052,
negative comments amounted to 273, and neutral comments reached
948. The final calculations are summarized in Table 3. The remaining
training set was utilized to validate the sentiment distribution of the test
set, confirming its reasonableness.

The results show that “TE” and “HC” received the highest positive
ratings,with 82.28%and77.44%of positive feedback, respectively, reflecting
a high level of recognition from tourists. In terms of neutral evaluations,
“SA” and “LC” received relatively highproportions of neutral feedback,with
29.84% and 24.17%, respectively, while “RF” also had 24.01% of neutral
evaluations. Regarding negative feedback, “MS” and “RF” received themost
negative ratings,with14.29%and7.40%, respectively.Overall, the sentiment
analysis indicates that the “TE” and “HC” elements of TaipingOld Street are

the most praised by tourists, while the “SA” element performs poorly and
requires further optimization.

Sentiment analysis of keyword. The sentiment analysis graph of high-
frequency keywords for each topic in the evaluation text of Taiping Old
Street reveals significant differences in sentiment distribution across
tourists’ comments (Fig. 6). First, in the RF and LC topics, keywords
related to food, such as “Snacks” and “Stinky Tofu” received highly
positive evaluations, far exceeding neutral and negative assessments.
However, for the keyword “Business” despite having 19 positive ratings,
there were also 11 neutral and 8 negative ratings. In the SA, keywords
like “Pedestrian Flow” and “Walk” which pertain to infrastructure,
exhibited a higher percentage of neutral and negative comments. In the
HC and EC topics, keywords related to culture and history, such as
“Taiping Old Street,” “History,” and “Culture” garnered the majority of
positive feedback. The analysis of the MS topic indicated that negative
and neutral sentiments were more pronounced in comments con-
cerning “Price” with keywords like “Garbage” and “Service” also

Table 2 | Topic and weight

Topic Feature words Number Weight Top 10 keywords Code Top 10 keywords Code

1 Regional function (RF) 71,546 0.412 Snacks RF1 Wen He You RF6

Stinky tofu RF2 Shopping RF7

Business RF3 Drinks RF8

Good food RF4 Sugar and oil RF9

Cha Yan Yue Se RF5 Commercial museum RF10

2 Space accessibility (SA) 6779 0.039 Wuyi Square SA1 Avenue SA6

Pok Tsz Street SA2 Traffic SA7

Subway SA3 Walk SA8

Pedestrian flow SA4 Not far SA9

Location SA5 Huangxing Road SA10

3 Historic culture (HC) 6664 0.038 Taiping Old Street HC1 Grain stack HC6

History HC2 Stone Archway HC7

Culture HC3 Changhuai well HC8

Jia Yi’s former residence HC4 Mingji Palace HC9

West Archway HC5 1911 revolution HC10

4 Environmental characteristics (EC) 46,800 0.269 Taiping Old Street EC1 Scenic spots EC6

Street EC2 Old brand EC7

Architecture EC3 Wuyi Square EC8

History EC4 Memory EC9

Jia Yi’s former residence EC5 Liberation West EC10

5 Local characteristics (LC) 19,701 0.113 Stinky tofu LC1 Sugar and oil LC6

Local characteristics LC2 Plum vegetable button Patty LC7

Network red punch card LC3 Fireworks LC8

Cha Yan Yue Se LC4 Crayfish LC9

Wen He You LC5 Fire palace LC10

6 Management and service (MS) 1494 0.009 Price MS1 Renovation MS6

ID card MS2 Parking MS7

Ticket MS3 Garbage MS8

Sanitation MS4 Free visit MS9

Service MS5

7 Tourism experience (TE) 20,827 0.120 Many people TE1 Fun TE6

Night TE2 Delicious TE7

Lively TE3 Dazzling TE8

Quaint TE4 Atmosphere TE9

Queue TE5 Business atmosphere TE10
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reflecting a certain proportion of negative sentiment. In the TE topic,
keywords such as “Night,” “Lively,” and “Delicious” which describe the
overall atmosphere and experience, received nearly all positive com-
ments, while keywords like “Queue” and “Crowded” revealed a
dichotomy in attitudes.

Meanwhile, based on the co-occurrence frequency of keywords from
different topics in the same comment text, it was found that RF and LC, as
well as EC and HC, demonstrated strong correlations in positive, neutral,
and negative comments (Fig. 7). This reflects the close interconnection of
these elements in visitors’ feedback.

Fig. 4 | The numbers and percentages of the top 10 keywords for the topic. a Regional function. b Space accessibility. cHistoric culture. d Environmental characteristics.
e Local characteristics. fManagement and service. g Tourism experience. h Evaluation index.

Fig. 5 | Top 10 keywords count and weight distribution.
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IPA analysis
Based on the results of the IPA analysis, this study offers a detailed classi-
fication and summary of the tourism elements of TaipingOld Street (Fig. 8).
The findings indicate significant variation in the performance of these ele-
ments concerning tourist satisfaction and importance, allowing them to be
categorized into four distinct quadrants.

The tourism element that falls into the first quadrant is EC, indicating
that tourists’ attention and satisfaction with this element are high. This
suggests that EC is a core strength in the tourism experience of Taiping Old
Street, which should be maintained and strengthened. The environment of

Taiping Old Street provides a positive experience for tourists. The tourism
elements that fall into the second quadrant are TE and HC, which are
relatively less important, although theyperformwell in terms of satisfaction.
This means that, while these elements bring high levels of satisfaction, they
are not widely recognized or valued by tourists in the current tourism
experience. The elements in the third quadrant are LC, MS, and SA, which
have some shortcomings in terms of satisfaction, even though they are of
relatively low importance to tourists. Located in the fourth quadrant is RF,
which represents a disadvantage in the overall tourism element evaluation
system. This element has the high importance, yet satisfaction is at a low

Table 3 | Topic evaluation distribution

Tourism elements Positive Neutral Negative Total Performance

Number Percentage Number Percentage Number Percentage

RF 917 68.59% 321 24.01% 99 7.40% 1337 0.612

SA 291 64.81% 134 29.84% 24 5.35% 449 0.595

HC 357 77.44% 80 17.35% 24 5.21% 461 0.722

EC 485 74.05% 139 21.22% 31 4.73% 655 0.693

LC 621 68.85% 218 24.17% 63 6.98% 902 0.619

MS 70 76.92% 8 8.79% 13 14.29% 91 0.626

TE 311 82.28% 48 12.70% 19 5.03% 378 0.773

Total 3052 71.43% 948 22.19% 273 6.39% 3052

Fig. 6 | Top 10 keywords evaluation distribution.

Fig. 7 | Relevance of Evaluations to the topic. a Positive evaluations. b Neutral evaluations. c Negative evaluations.
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level. This finding suggests that the lack of regional functionality may be a
major factor affecting the overall tourism experience in Taiping Old Street.

Discussion
Theoretical contributions to the evaluation of tourism elements
The theoretical contributions of this study are reflected in four key aspects:
the research object, data sources, evaluation indexes, and the accuracy of the
evaluation results. (1) With regard to the research object, while the eva-
luation of tourism elements in general has become relatively mature, there
remains a significant gap in evaluating tourism elements specific to historic
districts. Unlike other scenic spots, historic districts place particular
emphasis on historical and cultural elements, which are a key focus for
tourists. Therefore, this study employs machine learning techniques to
evaluate tourismelements inhistoric districts, aiming to address this gap. (2)
Regarding evaluation data sources, soft data—primarily obtained through
questionnaires or interviews—still dominate. These data are often derived
from small sample sizes based on surveys or observations, resulting in
findings that are only representative of specific times and regions. Although
harddata offers amoreobjective and comprehensive approach to evaluating
the research object, its use in tourism element evaluation remains limited.
This study aims to address this limitation by utilizing text data from reviews
on popular review websites, providing a more comprehensive evaluation of
tourism elements in historic districts. (3) In terms of the methodology for
evaluating indicators, most existing studies rely on the Delphi method or
incorporate qualitative research techniques, such as grounded theory, to
conduct detailed systematic categorization. While these methods are sci-
entifically valid, they face challengesdue to the large volumeof unstructured
data, which complicates semantic analysis and the widespread adoption of
methodologies. To overcome this limitation, this study employs the Latent
Dirichlet Allocation (LDA)model, amachine learning technique, to classify
topics in social media comments, thereby informing the determination of
evaluation indicators. This approach enhances the scientific rigor of indi-
cator selection and mitigates the biases inherent in manual categorization.
(4) Previous evaluation results often lack an objective basis. Both qualitative
and quantitative methods in earlier studies still rely heavily on scoring by
tourists or experts. These scoring systems, typically on a 1-5 scale, are often
vague, with terms such as “excellent,” “good,” “average,” “bad,” and “very
bad,”which fail to provide precise data support. To address this, the current
study categorizes sentiment in review texts using the BERT model, which
analyzes sentiment tendencies across various topics in detail. Compared to
traditional methods, the bidirectional structure of the BERTmodel enables
more accurate sentiment analysis, offering a stronger representation of
evaluation results.

This study introduces two key innovations compared to previous
studies on the application of machine learning to tourism element evalua-
tion: (1) Combination of LDA and BERTModels: This study integrates the
LDA model with the powerful semantic feature extraction capabilities of
BERT to analyze review texts for sentiment tendencies. The framework not

only identifies important keywords but also considers the overall semantics
and context of the reviews, improving the accuracy and comprehensiveness
of sentiment recognition. (2) Exploring Correlations Between topics and
Keywords: Unlike earlier studies that focused solely on the importance and
satisfaction of individual keywords, this study explores the correlations
between topics and keywords. This analysis compensates for the limitations
of previous studies by providing a deeper understanding of tourists’ atten-
tionandemotional tendencies toward tourismelements. It alsouncovers the
underlying drivers behind these evaluations. In theory, this study proposes a
new evaluation method based on machine learning, while in practice, it
offers more comprehensive strategic suggestions for the innovative
enhancement of tourism elements.

Practical implications for enhancing the visitor experience
This study provides a comprehensive evaluation of the tourism elements of
TaipingOld Street and offers practical suggestions for enhancing the tourist
experience. Based on the evaluation results, the following strategies are
proposed:

In the RF topic, According to the IPA analysis, the RF topic, although
frequently mentioned in the overall review text, has a low satisfaction level.
This finding suggests that the lack of regional functionality may be a key
factor negatively impacting the overall tourism experience at Taiping Old
Street. While RF-related mentions are common and sentiment toward it is
generally positive, this indicates that local businesses and catering services
are major attractions for tourists. However, the catering function currently
dominates over the other tourism functions by a largemargin. Therefore, to
enhance the functional experience, the first step should be to reduce the
redundancy of catering services and promote amore balanced development
of the six tourism elements: food, accommodation, transportation, tourism,
shopping, and entertainment. It is also essential to eliminate online shops
that are not aligned with the local culture and clearly define the industry’s
entry and exit mechanisms. Furthermore, the tourism experience can be
enriched by developing a regional food brand54, which would improve
tourist satisfaction by connecting local food offerings with regional
characteristics.

In the SA topic, improving transportation and accessibility is crucial to
enhancing the tourism experience, particularly given the low satisfaction
levels in this area.Thefindings indicate that “pedestrianflow” and “walking”
are the primary sources of negative feedback. Therefore, clearer directional
signs and rest areas should be installed at popular attractions and public
transport hubs to alleviate the negative experiences caused by congestion.
Additionally, collaborating with transport providers to increase the fre-
quency and accessibility of public transport services during peak tourist
seasons will help reduce congestion and improve overall accessibility. Fur-
thermore, the rational layout of tourism-related businesses should prioritize
areas with high traffic accessibility and concentrations of tourism elements,
especially food, beverage, and shopping businesses, which tend to have
higher customer flow and should therefore be located in these areas.

Fig. 8 | Evaluation metrics IPA analysis.

https://doi.org/10.1038/s40494-025-01641-x Article

npj Heritage Science |           (2025) 13:30 11

www.nature.com/npjheritagesci


In theHC topic, tourists show less interest in the historical and cultural
aspects, reflecting the over-commercialization phenomenon in the neigh-
borhood, which threatens the integrity and originality of local history and
culture. Authenticity, which refers to how tourists perceive and appreciate
the historical and cultural resources of a destination, plays a crucial role in
shaping their experience55. Research has shown that authenticity is tied to
both tourists’ understanding of intangible heritage and the quality of tan-
gible heritage, which significantly influences their overall experience56.
Therefore, enhancing the impact of history and culture should involve a
comprehensive approach that combines both tangible and intangible
heritage. A multifaceted display of history and culture is essential to
strengthen tourists’ perception and identification with these elements. First,
a diversified presentation of historical and cultural elements should be
prioritized. Utilizing innovative AR visualization techniques57 and experi-
ence design can offer a more immersive and interactive exploration of the
history, culture, and architectural details of historic districts. For example,
digital tours of architecturally significant heritage sites, such as Jia Yi’s
former residence, can be facilitated through heritage digitization
technology58, while historical storytelling59 and intangible cultural heritage
experiences60 can further enrich the cultural experience and deepen visitors’
engagement. Second, for architectural sites with lower historical sig-
nificance, such as the Taiping Granary, which are less frequently perceived
by tourists, a more community-oriented approach can be adopted. These
sites can be repurposed for public use and connected to local functions.
Organizing traditional cultural ceremonies and festivals61 within the
neighborhood can help restore the connection between the site and its
indigenous heritage.

In theEC topic, tourists are particularly concernedwith environmental
factors such as buildings and streets. Therefore, local authorities should
prioritize the preservation of local architectural heritage, ensuring that these
structures become key attractions for tourism in historic districts. Addi-
tionally, the cleanliness and greenery of the streets should be enhanced by
increasing the frequency of street cleaning, implementing stricter waste
management policies, and planting more trees and flowers to improve the
area’s aesthetics. Furthermore, efforts shouldbemade to control noise levels,
particularly in areas with high tourist traffic, to create a more pleasant and
welcoming environment for visitors.

In the LC topic, the high-frequency keywords are strongly associated
with food. Therefore, the tourism experience can be enhanced by estab-
lishing a regional food brand54, which can increase visitor satisfaction by
linking food with local characteristics. Additionally, local merchants and
artisans should be supported in promoting and selling traditional handi-
crafts, as well as developing other products that highlight local features,
beyond just specialty foods. Finally, cultural heritage protection regulations
should be enforced to prevent the loss of local identity due to over-
commercialization.

In the MS topic, “Price” generates a significant amount of negative
sentiment, reflecting the tourism board’s insufficient control over pricing.
Local tourism authorities should regularly monitor and assess commodity
prices to ensure they remain within reasonable market levels. Additionally,
training programs should be implemented for tourism staff to improve their
service skills and customer service awareness, including courses on effective
communication, problem-solving, and handling customer complaints.
Furthermore, a feedbackmechanism should be established to allow tourists
to easily report issues and provide suggestions for improvement.

In the TE topic, keywords such as “many people” and “quaint”
appeared. These negative descriptions of the site’s atmosphere significantly
impacted tourists’ travel experiences.Meanwhile, keywords like “night” and
“delicious” under the TE topic suggest that night tourism and culinary
experiences are key factors in enhancing tourist satisfaction. Atmosphere
provides the foundation for an immersive tourism experience and is an
essential factor in improving the overall experience62. In tourism, ambience
is understood as a by-product that emerges from the space and events, and it
is shaped by all tourism elements working together. Atmosphere originates
from both human and non-human activities in the area, each with a unique

rhythm, providing tourists with distinct visual, auditory, and olfactory
sensations63. Therefore, to enhance the tourist experience, designers can
focus ondeveloping specialty tourism to elevate the area’s atmosphere. First,
a variety of night-time cultural tourism venues, such as special snack night
markets and 24-hour bookstores, should be developed in the historic dis-
trict, closely integrating themwith local characteristics and culture to create
a unique brand for night tourism64. Second, organizing tourism-related
ceremonial activities that combinehistory andculture can stimulate tourists’
sense of awe, sanctity, and identity65. Finally, improving supporting facilities
that enhance the atmosphere—such as architecture, decoration, color,
lighting, sound, andmusic—can further enrich the experience. For example,
playing appropriate music or setting off fireworks in certain areas can
amplify the atmosphere of the tourism environment.

Limitations and future research
The evaluation system proposed in this study has some limitations that
should be addressed in future research.

(1) Regarding the data source, while user-generated review data offers
an irreplaceable advantage, it primarily reflects a large number of visitor
evaluations, covering various tourism elements such as dining, accom-
modation, shopping, and sightseeing experiences during tourists’ visits to
Taiping Old Street. This data provides a valuable window into tourists’
immediate, subjective experiences. However, due to the specificity of the
study area and the age distribution concentration of the evaluation popu-
lation, it is challenging to develop a comprehensive set of indicators that can
represent all potential tourism elements of the historic district. The active
users on review platforms tend to be younger consumers, enthusiastic about
sharing their travel experiences, and this group typically has specific pre-
ferences and aesthetic views. As a result, it is difficult to fully represent
tourists of different ages, regions, and travel purposes. For instance, elderly
tourists may prioritize leisure facilities and barrier-free access, while family
tourists are more concerned with child-friendly rides and safety features.
These aspects may not be adequately captured in the available review data.
Additionally, the objectivity of Dianping data can be influenced by factors
such as merchants’ promotional activities, where some businesses may
encourage customers to provide high ratings, or individual users may post
extreme negative comments due to unresolved disputes, distorting the
authenticity of the reviews. Thismix of commercialmarketing and personal
emotions can compromise the data’s reliability, weakening its ability to
accurately represent the overall tourism ecosystem. Future research could
expand the data sources and study area by incorporating social media, field
surveys, andother data systems, allowing for amore comprehensive analysis
of tourism elements in historic districts across multiple aspects, levels, and
timeperiods. This expansion could include a combinationof user-generated
content (UGC)39, social media big data40, POI data66, geospatial big data67,
field trip data68, and survey data69 to form a multi-source database for
analyzing and evaluating tourism elements from diverse perspectives. Data
from different sources are cross-validated to ensure consistency and relia-
bility. For specific tourism elements in historical and cultural neighbor-
hoods, such as the use of barrier-free facilities and the demand for children’s
play areas, targeted questionnaires or field observation programs can be
designed to ensure these elements are adequately included in the evaluation
system. (2) The analysis in this study focused solely on textual data,
neglecting the valuable insights that emoticons and images embedded in the
review text can provide. Future research could enhance the tourism element
evaluation system by further developing and applying deep learningmodels
to detect tourism elements and evaluate sentiment from emoticons70,71 and
photos72. (3) As an evaluation system study, this study primarily examined
the relationship between tourism elements and sentiment classification.
Future studies could include additional variables such as time, location73,
gender74, and income level75 to enrich the factors considered in evaluating
tourism elements. (4) The tourism elements in this study were primarily
evaluated around Taiping Old Street in Changsha City, which limits the
direct generalizability of the findings and the framework to some extent. In
future research, we plan to expand the study area to include a broader range
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of historical and cultural neighborhoods for comparative analysis, aiming to
further validate and refine the framework to enhance its applicability across
different scenarios. Additionally, we will actively explore how the frame-
work can be adjusted and optimized according to the characteristics of
different neighborhoods, ensuring its adaptability to diverse historical and
cultural environments.

Conclusion
This study proposes a comprehensive evaluation system for tourism
elements in historic districts usingmachine learningmethods, providing
a scientific basis for the subsequent optimization of these elements. The
analysis focuses on Taiping Old Street as a case study, utilizing data from
Dianping.com, a leading local life information platform in China. For
indicator selection and weight calculation, the tourism elements iden-
tified in the evaluation texts are categorized using LDA topics. This
process yields seven evaluation indicators: RF, SA, HC, EC, LC, MS, and
TE. Theweights of these indicators are calculated based on the frequency
of keyword appearances. In terms of sentiment analysis, the BERTmodel
enables precise categorization of sentiments related to the evaluation
indicators of tourism elements in historic districts, ultimately presenting
their importance and satisfaction visually in an IPA four-quadrant
diagram. This method addresses the shortcomings of previous manual
data collection techniques, facilitating a more accurate selection of
evaluation indicators and improving the reliability of weight assignment
and scoring. The findings reveal that EC garners much attention from
tourists and achieves higher satisfaction compared to other elements. TE
and HC also perform well in terms of satisfaction, although their
importance is relatively lower. Conversely, LC, SA and MS rank low in
both importance and satisfaction. Notably, RF has low satisfaction
despite its high importance. Therefore, prioritizing improvements in RF
is essential for better meeting tourist needs and enhancing the overall
tourism experience at Taiping Old Street. These results can guide urban
planners and tourism managers in targeting future development efforts
to enhance visitor satisfaction, with a focus on optimizing elements in
vulnerable and disadvantaged areas to improve the overall experience in
the historic district.

Data availability
The datasets supporting the conclusions of this article are included within
the article.

Abbreviations
RF Regional function
SA Space accessibility
HC Historic culture
EC Environmental characteristics
LC Local characteristics
MS Management and service
TE Tourism experience
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