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and designers due to its methodology; whether in the form of research that aims solely at
i emotion analysis or as an integrated layer within broader research endeavors. The aim of
i this article is to explain this field in the analysis of urban emotions as modeling methods in
order to identify the position of this field in urban studies by examining the importance of
i emotion and the methods of its study in the city.

ETHODS: This research used the supervised machine learning approach and

analyzed the sentiments of tweets related to eight major cities in Iran. The data
i collection consists of 930 tweets that were collected in a period of 10 years from 2011
gto 2022. Initially, over 5000 tweets were collected, and during the tagging process, 80%
i of them were excluded due to their limited relevance to the city, emphasizing tweets
irelated to urban space. The name of cities and tourist areas were searched to establish a
i balance between positive and negative data. The tweets are downloaded through Twitter
gstreaming APl and the metadata along with the text, including the number of retweets,
inumber of likes and tweet ID, language and location. The data sets have been used for
i machine training after standard and normalization steps. In this research, the ratio of
{training data to testing data is 80 to 20. According to the supervised approach, the data
were labeled by the researcher with three negative, neutral, and positive labels, and where
i the researcher had doubts, the opinions of two other experts were used. In general, both
i machine learning and deep learning have been used. In order to check the validity of the
model and to test it, the confusion matrix has been used.

INDINGS: Firstly, the machine was trained based on 3 algorithms that were used in
{8 many research related to text sentiment analysis. Based on the test results presented
i on the confusion matrix, the accuracy of the trained machine in determining the polarity
i of the text in three polarities was defined. Among the three used algorithms, support
i vector machine and random forest have performed better than other algorithms. Given
gthat the model’s highest accuracy was approximately 70%, deep learning was employed
i to train the machine in order to assess the potential for achieving improved results. In the
i following, machine learning with a convolutional neural network algorithm and a hybrid
i algorithm were considered. At first, the machine was trained using a convolutional neural
gnetwork. The results of the accuracy of the model showed that the model is predictable
by up to 75%. Next, an attempt was made to improve the predictive accuracy of the
imodel by writing a hybrid algorithm based on the convolutional neural network. The
{architecture of this network is such that two types of data are considered as input to the
%neural network, text data and other features in the data set, including location, number
§of retweets, number of likes, city codes and searched content (as metadata). Therefore,
ibased on this input and output (classification based on the polarity of the text by the
iresearcher), the machine was trained and finally tested. As depicted in the structure of
ithe hybrid algorithm, the significance of the text is assigned a weight of 90%, while the
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?importance of metadata is weighted 10%. It should be noted that different percentages
i were given to the importance of each of the inputs and the predictability accuracy of the
i model was checked. As the model test results show, the designed algorithm has improved
the predictability of the machine by 4%.

ONCLUSION: In this article, sentiment analysis based on model-oriented methods -

machine learning and deep learning - was scrutinized, and therefore, while comparing
it with traditional methods and lexical methods, the process of urban sentiment analysis
i was developed and the different levels of the process were described in detail. As stated,
i these methods have many advantages and can be useful for analyzing the current situation
{ or predicting different urban projects. Besides, compared to traditional methods, they are
less expensive, faster and have sufficient accuracy. According to the appropriate capability
i of the trained machine, this machine can predict the polarity of the data. This means that
i by using the text data published in social networks, it is possible to analyze the feelings
i of users. Certainly, when these data are geodatabases, there is also the capability to
i geolocate emotions. This approach allows for a swift, accurate, and cost-effective general
assessment of city spaces. By identifying areas where users perceive negative emotions,
i the reasons can be investigated and addressed accordingly. This research has been
i innovative in two aspects, 1) preparing a collection of data related to the sentiment of
i Persian language users related to the city and 2) analyzing urban sentiment in the country
using machine learning in the field of urban planning and design. Some limitations of this
i research include limited access to all data published on Twitter using Twitter streaming
API; the small amount of available and relevant data; low use of Twitter by users due to
%ﬁltering; and the unavailability of financial resources to prepare and use a larger set of
i data.

i HIGHLIGHTS:

i - In this article, using social networks, a different method for analyzing urban emotions is
i presented which is based on the modeling method- Machine Learning.

- This method, due to its predictive nature and using Big Data, allows auditing at a lower
i cost and faster way.

i - According to the collected data set, this research prepared the Persian data set related to
the city, which indicates the emotional analysis.
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Table 1. Comparison of the experiences of urban sentiment analysis by social networks using lexical and model-
oriented methods

Location Scale

Type and Volume of Data and how
Data are Collected

Purpose

Different from this research

Urban Green

©

%:Z < Space

=D

E-R

s E

[}
City Park
(High Line

Park/ Park 606)

Chicago and New
York, USA, 2015-
2019

Text- Twitter
Using the abundance of 10 days.
Tool for extracting tweets: Rest API.

Data - Twitter
The number of Park 606's tweets: 12952
tweets
The number of tweets of High Line
Park: 165347 tweets

Using the VADER. Dictionary, which
not only examines the polarity, but also

examines the intensity of the feeling.

Comparison of the effect of
labeling methods on
classification results

Sentiment analysis,
Identification of user
activities and their
satisfaction.

Application and comparison of
three different tweet tagging
methods: manual, automatic and
semi-automatic and identifying the
best of them.

Urban space

Image — Instagram

Sentiment classification and

Data visualization based on their

3 10 thousand data which include criteria providing emotional maps  geographic information. Providing
& such as date, post content, number of and emotional changes in two maps, emojiscape and
£ comments, location, latitude and urban space Trendscape
D longitude. Using Picodash to extract
= Instagram data.
2 Using tone analyzer to analyze emotions
@ (Ntshangase, 2018) Presenting data in
Geo JSON format
City Scale Text- Twitter Using the methods of Sentiment classification by semi-
Twitter about the New York area during computational linguistics supervised method and their
Fashion Week on February 6-13, 2014; and GIS science and an spatio-temporal identification.
and in the Boston area; the data of interdisciplinary algorithm  Integration of emotions by sensors,
Marathon event on April 15, 2013 were for extracting semantic- Volunteered geographic
used. spatial emotions. Presenting information and GIS.
3 The metadata of tweets include: the sentiment analysis
& location, time, user 1D, post ID, etc. process as follows:
Using classification algorithms and GIS. 1-Filtering
2-Margin writing
3-Seed selection
4a-Sentiment Classification
4b-Tagging tweets
5-Evaluation
Urban open Image- Twitter and Flickr. Type of Investigating the effect of ~ using 4 experimental dataset and 5
IS space learning: deep learning combining deep features convolutional neural network
I Data type: Twitter data from DeepSent  with Sun and Yolo features  architectures and comparing them,
< (includes 1269 Twitter images)/ Outdoor including GG16, Rosnet 50, initial
4 image data from OutdoorSent dataset module version 3, DenseNet 169
S (includes 40,516 public images available and the network proposed by You
& on Flickr related to Chicago) Using et al. Combining features of Sun
E several neural network algorithms Using (scene understanding and object
O Sun and Yolo to analyze the scene and division) and Yolo (feature of
objects classification global scenes) with deep features.
Two sets of 50 Text - Twitter Investigating the difference Using the propensity score
cities: 309 thousand tweets in 2 months. between users’ feelings of matching process to determine
Declining and Download tweets including user ID, declining and growing cities. samples (100 cities).
g growing cities username, text, longitude, latitude, Analysis following four Using the Urban Attitude Program
Q language and location. criteria: the ratio of positive
g‘ Sentiment analysis based on AFINN to negative scores, the ratio
o) dictionary. of positive to negative
Using Binary Logistic Regression. tweets, the percentage of
Ps_match_multi SAS macro positive and negative tweets.
Optimization Algorithm.
Urban Text - Using the SentiHood data set, Sentiment analysis in Feature-based sentiment analysis
neighbourhood  which includes 5215 sentences related to  localities based on LSTM using SentiHood datasets
) places. algorithm
IS Identify a list of keywords including
= price, safety, shipping location and
3 general for classification. The use of
§ BRAT's annotation tool and choosing

three annotators without expertise.
Using the short-term long-term memory
algorithm
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Table 2. An example of the data downloaded from
Twitter in CSYV file format

#City-Isfahan

Search term

Tweet ID 1534803796555091970
Number of likes 42
Number of retweets 41
Position Iran
Language Fa.
Text Today, a group of farmers of

Zarin City #Isfahan protested
against the closure of
Zayandeh River
https://t.co/OyzMydN8xd
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Table 3. Sample of original text and cleaned text

Sample text

The Milad Tower is also lost in this #air_pollution
https://t.co/j2smPUTBNG

The Milad Tower was also lost again in this air pollution
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Fig. 1. An example of using the zero padding command to equalize the length of sentences
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Table 4. Accuracy of the machine in determining the
polarity of the text in the used algorithms

Algorithm Negative Neutral Positive
polarity polarity polarity
Logistic 68 51 63
Regression
Support Vector 73 57 70
Machine
Random Forest 71 56 68
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input_meta | input: txt_input_cnn | input:
[(None, 9)] | [(None, 9)] [(None, 100)] | [(None, 100)]
InputLayer | output: InputLayer | output:
y 4
meta_dense_1 | input: Embedd_cnn | input:
(None, 9) | (None, 128) (None, 100) | (None, 100, 300)
Dense output: Embedding | output:
A A
meta_dense_2 | input: data_cov_1 | input:
(None, 128) | (None, 64) (None, 100, 300) | (None, 100, 256)
Dense output: ConvlD output:
meta_dense_3 | input: flatten_9 | input:
(None, 64) | (None, 32) (None, 100, 256) | (None, 25600)
Dense output: Flatten | output:
flatten_8 | input: meta_dense_4 | input:
(None, 32) | (None, 32) (None, 25600) | (None, 32)
Flatten | output: Dense output:

o~

/

concatenate_2 | input:
[(None, 32), (None, 32)] | (None, 64)
Concatenate output:
dropout_14 | input:
(None, 64) | (None, 64)
Dropout output:
Y
dens_1 | input:
(None, 64) | (None, 512)
Dense | output:
out_layer | input:
(None, 512) | (None, 3)
Dense output:

Fig. 2. Designed hybrid network architecture
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Fig. 3. Confusion matrix in the designed neural network
algorithm
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40. Manual Annotation 2. Boring

41. Annotation 3. Exciting

42. N-gram 4. Scary

43. Confusion Matrix 5. Consoling

44, Precision 6. Depressing

45. Recall 7. Uplifting

46. Accuracy 8. Dull

47. Pandas, Keras, Sickit-learn 9. Depressing

48. Most frequency 10. Open

49. Clean 11. Inspiring

50. Hazm 12. Inspiring
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