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This "Hashtagor" project is a mobile application which can synthesize hashtags
from a tweet for users on Twitter. We have found that it was sometimes difficult for a
user to create an appropriate hashtag for the target tweet since words in the hashtag
might not be related to the tweet. Moreover, the hashtag may not be a currently
popular hashtag on Twitter in Thailand. As a result, we have developed a mobile
application running on the iOS operating system to solve the problem.

There are two main functions in the application; the first function is to generate
hashtags from a user's tweet. The other function is to recommend trending hashtags,
which are mostly related to the user’s tweet.

We have evaluated our application in two folds. For the generating hashtags
function, we have asked 100 students from the Faculty of Science, Chulalongkorn
University, for the satisfaction of the results. The results show that 70% of the testers

are satisfied with the generated hashtags results. The other evaluation is for the

trending hashtags model; the results show that we achieve validation recall rate at

76.51%.
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CHAPTER I
INTRODUCTION

1.1 Background and rationale

For humans, social interaction is an indispensable issue. Because human is a
social animal that needs to communicate with each other. Communication tools have
evolved from a dove, a letter, fax, to the era of social networking that plays a vital role
in communication nowadays. Especially in Thailand, the country that has the highest
average number of daily hours spent on the internet among countries in the world [1].
The most current applications are Facebook, Twitter, and Instagram which are also used
by a variety of age groups. At present, communication among people becomes more
complicated. Apart from the information from a conventional media source, an ordinary
user can also provide his or her information to the public. These overwhelming data
make it challenging to find a suitable piece of information for the target social groups.
Therefore, a hashtag or # symbol is created to help people with a common interest in
information on the same topic. Another application of a hashtag is helping people to
find the trending topic at that time. For example, hashtags are heavily used in a message

v
o

(or Tweet) from Twitter. A tweet, “asalnifumendniia suerwilisndn 2 3 dw #usun™ has a
hashtag “usun” which users can click on the hashtag to see other tweets with the same

hashtag from other people.

Sometimes, finding an appropriate hashtag is not easy. Since users may use
any words in a hashtag, the selected words may not be suitable for the tweet content.
Moreover, the user created hashtag may not be popular, which make it difficult for
other people to discuss the same topic [2]. Different users may come up with different
hashtags although their tweets are on the same topic. However, if users know the
popular hashtags or hot issues on Twitter at that time, they can create a new hashtag
that is related to their tweets. The new hashtag may become a new trending hashtag.
From the stated problems, our application provides a user with hashtags based on the

tweet content from the following two processes:



1. The synthesis of hashtags based on messages in the user's tweet.
2. The selection of related hashtags that are currently in the top 100 trending topics in
Thailand tweet.

1.2 Objectives
1. The application must be able to generate new hashtags and recommend
trending hashtags in the Thailand region.
2. The application must be easy to use, support iOS and be able to copy user’s

selected results to the clipboard.

1.3 Scope
1. Only supports the iOS operating system.

2. Can copy input messages with selected hashtags to the clipboard.
3. Use messages in Tweet that are trending in Twitter Thailand.

4. Use only Thai or English text.



1.4 Project Activities

Table 1.1 Project Activity

Activity

2018 2019

1. Study theory on
Deepcut[3],
Tweepy[4], Pandas[5],
TensorFlow[6], and

Word2Vec[7]

2. Collect data

3. Analyze data and
develop the model

4. Study on creating an

application

5. Design and develop
the application

6. Test, discuss and

conclude the results

7. Prepare documentation

1.5 Benefits

1.5.1 Benefits of the project from a user aspect

1. Save time in the selection or creation of a hashtag.
2. Can be used for marketing purpose.

3. Enjoy the program.

4. Make the message more popular.

5. Make users know topics that are currently popular on Twitter.



1.5.2 Benefit for students who implement this project.

1. Gain knowledge and understanding of work procedures. Practice
thinking, analyzing, working in a structured manner. Know how to
work as a team with discipline, punctuality, and responsibility for
work.

2. Gain experience in developing a mobile application on iOS operating
systems, including the knowledge on natural language processing.

3. Understand how to extract data from Twitter using the API.

4. Develop skills in Python programming and learn how to use

different libraries.

1.6 Report Outlines

Chapter 2 introduces the theories, technologies, techniques, algorithms, and tools that
are used in this project.

Chapter 3 shows storyboard; software design and software specification of the
application including tools and library that are used in this project.

Chapter 4 shows the details of the datasets used, model testing results and application

testing results.

Chapter 5 concludes the project.



CHAPTER 11
RELATED WORKS

This chapter introduces the readers to the theories, technologies, techniques,

algorithms, and tools used in this project.

2.1 Word Embedding — Skip - Gram Model

There are 2 purposes of skip-gram [8]. The first one is to characterize a selected
word, phrase, or sentence based on other words, phrases, or sentences around it. The
other purpose is to represent each word in a corpus as a vector which aims to calculate
the probability of the word showing up around another word. So, the similarities of each

pair of words can be calculated by its vector.

2.2 Long-Short Term Memory

Long Short-Term Memory (LSTM) networks (see Figure 2.1) [9] is an improved
version of recurrent neural networks. LTSM is a variant of RNNs, but the structure
inside each node of hidden layers is different from a vanilla RNN. LSTMs implement
each node of RNNs to remember inputs over a long period. It is similar to the memory
because it can write, read and delete information. There is a gated cell to determine
whether or not the network will store information based on its weights, which mean the
importance of information. The gates in an LSTM range from 0 to 1 because of a

sigmoid function.



Figure 2.1 LSTM

From: https://machinelearning-blog.com/2018/02/21/recurrent-neural-networks

2.3 Quora Question Pairs using Siamese Manhattan LSTM

Siamese networks [10] are networks that have sub-networks. They perform well
on similarity tasks and have been used for tasks such as sentence similarity, face
recognition, etc. So, Siamese Manhattan Long Short-Term Memory is a Siamese
network using LSTM and Manhattan distance (see Figure 2.2).

Quora Question Pairs is an active Kaggle Competition, which challenges
participants to classify whether question pairs are duplicated or not. Elior Cohen [11]
implemented the model called Siamese recurrent architectures for learning sentence
similarity [10] for the competition and achieved an 82.5% accuracy rate on the
validation data. Moreover, the 1st rank of the competition adopted this model to

implement their model.



Figure 2.2 Siamese Manhattan LSTM Model

From: https://medium.com/mlreview/implementing-malstm-on-kaggles-quora-question-pairs-
competition-8b31b0b16a07

2.4 Generating News Headline with Recurrent Neural Networks

Konstantin Lopyrev et al. [12] describe an encoder-decoder Recurrent Neural
Networks (RNNs) with Long Short-Term Memory networks(LSTMs) and attention to
generate headlines from the text of news articles. Notedly, <eos> is an end-of-sequence

symbol.

2.4.1 Model

Figure 2.3 Encoder-decoder neural network architecture

From: Generating News Headlines with Recurrent Neural Networks, pg 1.



They used the encoder-decoder architecture (see Figure 2.3). The architecture
includes two parts, an encoder, and a decoder. The inputs as texts are fed into the
encoder part. Each word of the text is first passed through an embedding layer
transforming the word into a representation, and it is then passed through a multi-layer
neural network.

The decoder takes input from an output of a hidden unit which comes from the
last word in the text of the encoder part. The input of the current unit at the decoder part
accepts each output from the previously hidden unit, and the decoder then computes the
probability through a softmax layer, and the attention described in the next subsection.

Finally, they used a beam-search decoder algorithm to generate words of a
headline one at a time, at each step showing the scores meaning the probability from

each of beam samples.

2.4.2 Attention

Attention is a technique which helps Recurrent Neural Network recognize some
characteristics of the input. This attention is usually used when each unit is getting
output in the decoder. The attention calculates a weight for each output word over each
input word to decide how much attention or importance should be spent to that input
word. Then, the weights are used to calculate a weighted average referring to the context
which is an input for a softmax layer.

They experiment with an attention mechanism called simple attention (see
Figure 2.4). We also choose this mechanism to implement in our decoder part. They
divide the hidden units of the last Long Short-Term Memory layer into two sets: one for
calculating the attention weight using 50 units, and another for calculating the context

using 550 units.



Figure 2.4 Simple attention

From: Generating News Headlines with Recurrent Neural Networks, pg 3.

2.4.3 Dataset

They train the model with English Gigaword dataset which is retrieved from the
Stanford Linguistics department. This dataset includes news articles from 6 major news
agencies in several years consisting of a headline and paragraphs. There are 5.5M news

articles words with 236M words in the training data.
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2.5 React Native

2.5.1 React Native

React Native is a mobile application framework developed by Facebook [13].
React Native can build mobile applications using only JavaScript. It uses the same
design as React [14]. React Native uses the same fundamental user interface (UI)
building blocks as regular iOS and Android apps, so the applications built by React
Native are not mobile web applications, but a native app. React makes it easy to create
interactive Uls using declarative components. A developer can design a simple view for
each state and React will efficiently update and render components whenever data
changes. Codes will be more predictable and more comfortable to debug with
declarative views.

Furthermore, React Native lets us build an application faster than building from
scratch. Instead of recompiling, we can reload an application immediately. We can even
run new codes while retaining the application state. Finally, it is simple to mix React

Native codes with native codes if we need to optimize some aspects of the application.

2.5.2 State, Props and Lifecycle

State and Props [15] are two types of data that control a component. The state is
internal to a component, while props are passed to a component. So the state is used
within components to keep tracking of information. Props are immutable so components
receive props from their parent and props should not be modified inside the component.
All class-based components will re-render [ 16] themselves whenever they receive props

or their state or context changes.

2.5.3 React Navigation
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React Navigation [17] is born from the React Native community's requirement
for an extensible, yet easy-to-use navigation resolution written entirely in JavaScript.
React Navigation is extensible at every layer. We can write our navigators or even
replace the user-facing API. Furthermore, platform details look-and-feel with smooth

animations and gestures that are completely customizable.

2.6 Expo SDK

Expo is a set of tools, libraries, and services we use to build native iOS apps in
a short time. The Expo SDK [18] is a set of libraries written natively for each program
which provides access to the device's system functionality from JavaScript. The SDK
is designed to smooth out differences in platforms as much as possible, which makes
the project very transferrable because it can run in any native environment containing
the Expo SDK. Expo also affords UI components to handle a diversity of use-cases that
almost all apps will cover but are not built into React Native core, e.g., icons, blur views,

and more.

2.7 Client/Server Architecture

Client/Server Architecture [19] is a model which shows how data and processing
are distributed across a variety of components that can be implemented on a single
computer. A client is any process that requests specific services from server
processes. A server is a process that provides requested services for clients. Both clients
and servers can reside in the same computer or different computers connected by a
network. Data in an interactive database has to be accessible from various locations.
Because servers can be copied, it may also be used when the load on a system is mutable.

The maximum gain of this model is that servers can be distributed across a network.



CHAPTER 111
APPLICATION

This chapter shows storyboard, software design and software specification of

the application including tools and library that are used in this project.

3.1 Storyboard and Software Design

3.1.1 Splash page

Splash page (see Figure 3.1) displays the application name while loading the
application. We use a splash page to let the user know that our application is loading
in case it takes time loading application to calm down the user.

Figure 3.1 Splash page
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3.1.2 Operation page

Operation page (see Figure 3.2) is an input page that consists of a text box (see
number 1 in Figure 3.2) and an operation button (see number 2 in Figure 3.2). We use
almost the entire screen for a text box with text "Input text here" inside text box to let
the user know that they can input text here and can see the entire input so the user can
check or edit text easily. Moreover, there's only one button under the text box "operation
button" whose icon is an application logo that has a Hashtag symbol inside means hitting

this button to get hashtags.

Figure 3.2 Operation page
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If the user does not input any text on the text box but hit operation button, the

application will show message dialog "Please input text" (see Figure 3.3).

Figure 3.3 Please input text message dialog
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Alternatively, if the input text does not have a word in corpus, the application

will show message dialog "Miss word ..... in corpus” to notice (see Figure 3.4).

Figure 3.4 Miss word message dialog
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Alternatively, if the input text is too long, the application will show message

dialog "Text is too long" to notify the user (see Figure 3.5).

Figure 3.5 Text too long message dialog example
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After entering text (see Figure 3.6) and pressing the operation button the

application will be processing the Hashtags that correspond to the message.

Figure 3.6 Inserted input example
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3.1.3 Results page

After pressing the operation button, the application will return 6 Hashtags (see

Figure 3.7) shown below the operation button as a checkbox list.

Figure 3.7 Results page example

The first three hashtags are the Hashtags that are processed from the text only,
and the latter three hashtags with fire icon are the popular Hashtags at that time and are

consistent with the input messages.
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User can select and deselect multiple desired Hashtags. The selected Hashtags
have a check icon and are shown on the textbox following input text which is similar to
a standard format on twitter (see Figure 3.8). User can copy the text and the selected

Hashtag to the clipboard by clicking the Copy button (see number 1 in Figure 3.8).

Figure 3.8 Selected hashtags example

The application will show message dialog “Copied to clipboard!” when the

copying process finished (see Figure 3.9).



Figure 3.9 Copy to clipboard example

20
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Furthermore, user can continue to use the application to discover other hashtags

by editing the text in the textbox and hit operation button as usual (see Figure 3.10).

Figure 3.10 Continue using example
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3.2 Dataflow diagram

We use state in React-native. Whenever a state is changed, the application will
re-render components that are consistent with the state. So, we will set a state every
time the user hit the operation button or have an interaction with our application to call
our function. From the dataflow diagram in Figure 3.11, when the user gives input text,
the application will show input text. When user hit the generation button and the input
state is not null, the application will call a function that fetches the input from the text
box and send it to the server. The application then receives hashtags in JSON format.
Then, the application will transform it to a string type and show it in the form of a
checkbox list. The textbox updates the input from the user with selected hashtags
instantly no matter the user checks or unchecks any hashtag in the checkbox list. Finally,
whenever the user hits the copy button, the application will copy the input text with

selected hashtags to the clipboard.

input text

Y

show input text

fetch input text

hit tion butt
User = post hashtags as JSON format Hashtagor's Server

show checkbox list of hashtags Hashtagor's

Application

y selected hashtag

Y

show input text with selected hashtag

hit copy button

Y

copy input text with selected hashtag to clipboard

J

Figure 3.11 Hashtagor's dataflow diagram
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3.3 Usecase diagram

Hashtagor’s usecase diagram shown as figure 3.12 and have tables to describe

each case shown in table 3.1 to 3.4

Figure 3.12 Hashtagor's usecase diagram



Table 3.1 Usecase: Submit an input text

Use case name
Actors
Precondition

Postcondition
Flow of events

Table 3.2 Usecase: View list of hashtags

Use case name
Actors
Precondition
Postcondition
Flow of events

24

Submit an input text
User
The user types an input text in the text
box.
The system receives the input text.
1. The user clicks an operation
button.

View list of hashtags

User

The user submits the input text.

The system represents a list of hashtags.
1. The user views a list of hashtags.

Table 3.3 Usecase: Select or deselect hashtags

Use case name
Actors
Precondition
Postcondition

Flow of events

Select or deselect hashtags
User
The user views a list of hashtags.
The system gets a list of selected
hashtags.
1. The system updates a list of
selected hashtags.

Table 3.4 Usecase: Copy the input text with selected hashtags

Use case name
Actors
Precondition

Postcondition

Flow of events

Copy the input text with selected
hashtags
User
The user views a list of hashtags.
The input text and selected hashtags
were copied to the clipboard.

1. The user copies the input text

with selected hashtags.
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3.4 Software Architecture

Figure 3.13 Software Architecture

We use client/server architecture as shown in Figure 3.13 because from
this architecture; several users can access to server at the same time using this

architecture.

3.5 Software Specification

3.5.1 Input/Output Specification

1. Input: English or Thai (less than 300 characters)
2. Output: three generated hashtags and three most trending hashtags

3.5.2 Functional Specification

1. Be able to generate proper hashtags from the input (tweet).
2. Be able to match the most three trending hashtags based on the input (tweet).

3. Be able to copy input text with selected hashtags to the clipboard.

3.6 Back End
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3.6.1 Preprocessing

According to the project proposal, we successfully collected tweets and hashtags
with Tweepy [4] from Twitter. We have cleaned and segmented (with Deepcut [3])
these data. So, in this preprocessing stage, we created a vocabulary and trained word
embedding to represent a particular word as a vector using Word2Vec in gensim [7]
(Skip-Gram model). After that, we converted a word to a vector and vice versa using

the encoding and decoding processes.

3.6.2 Models
3.6.2.1 Sequence to Sequence Model

This model is for generating hashtags function. The architecture of the
Sequence to Sequence Model is the same as Figure 2.3. From the figure, we
apply this model by replacing the input (description) with a representation of
tweets and replacing the output (headline) with a representation of hashtags, and

here is our model (see Figure 3.14 and Figure 3.15).



Figure 3.14 Sequence to sequence model

27
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Figure 3.15 Visualization of Sequence to Sequence Model for generating hashtags

1. Encoding

Hyperparameters

Hyperparameters are maxlent (maximum of tweet length) = 30, maxlenh
(maximum of hashtag length) = 15, vocab_size (fixed vocabulary size) = 40000,
dimension (dimensions of embedding matrix) = 300, activation_rnn_size
(nodes from top LSTM layer which will be used for activation) = 40 and rnn_size
(nodes from LSTM used for prediction and activation) = 512

The input data (X) is made from maxlent tweet words followed by <eos>
(end-of-sequence symbol) followed by maxlenh hashtag words followed by <eos>.
If a tweet/hashtag is shorter than maxlent/maxlenh, it will be left-padded with zero
value. If the complete text is longer than the maximum length, it will be right-clipped
to the maximum length. Labels (Y) are the hashtag words followed by <e0s> and right-

clipped or left-padded to maxlenh.
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Neural Network Layer

Embedding layer: We set the maxlen to 45 words and train a vector
representation that transform the text of 40000 vocabulary inputs into a 300-d vector.

Long Short-Term Memory (LSTM) layers: We use 512 nodes (or rnn_size)
for prediction and activation (according to the hyperparameter section mentioned
before).

Dropout layer: To prevent overfitting.

Simple Context layer: This layer implements an attention mechanism following
section 2.4.2. We use activation_rnn_size hidden units for calculating the
attention weight, and another rnn_size - activation_rnn_size for
calculating the context.

Time Distributed layer: To configure the last LSTM layer before wrapping
Dense layer to return sequences.

Activation layer: We use “softmax function” to obtain the probability of the

neural network.

2. Decoding
We use “Beam Search Decoding Algorithm” to predict the possible

output words of its sample.

Algorithm

While there is a sample that do not reach eos:
1. Calculate word probability for all samples (predicted by the
model).
2. The total score for every sample is the sum of -/og of word
probability (sum of negative log-likelihood).
3. Find the best (lowest) scores from all possible samples.

4. Append the new words to their appropriate sample.



3.6.2.2 Trending Hashtags Model
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We adapt the Siamese Manhattan Long Short-Term Memory Model [10]

by comparing the similarity between a hashtag and its tweet instead of two question

sentences. Here is our model (see Figure 3.16 and Figure 3.17).

tweet_input: InputLayer

input: | (None, 85)

output: | (None, 85)

has

htag_input: InputLayer

input:

(None, 85)

output:

(None, 85)

.

/

embedding_layer: Embedding

input: (None, 85)

output: | (None, 85, 300)

LSTM: LSTM

input:

(None, 85, 300)

output:

(None, 50)

manhattan_distance: Lambda

input:

[(None, 50), (None, 50)]

output:

(None, 1)

Figure 3.16 Trending Hashtags Model

Figure 3.17 Visualization of Trending Hashtags Model
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Hyperparameters

Hyperparameters are max_seq_length (maximum of tweet and hashtag
length) = 85, dimension (dimensions of embedding matrix) = 300 and
hidden_node (LSTM layer) = 50

The tweet input data (X1) is made from tweet words followed by <e0os> and
the hashtag input data (X2) is made from hashtag words followed by <eos>. If a
tweet/hashtag is shorter than max_seq_length, it will be left-padded with zero
value. If the complete text is longer than the maximum length, it will be right-clipped
to the maximum length. Labels (Y) are integers (0’s or 1’s) showing whether the tweet

input and the hashtag input are related (label as 1) or not (label as 0).

Model layers
Embedding layer: We set the max_seq_ length to 85 words and train a vector

representation that transform the text of 158252 vocabulary inputs into a 300-d vector.
LSTM layers: We wuse 50 mnodes (or rnn_size) for prediction.
Manhattan distance (Output layer): To calculate similarity between hashtag and tweet

according to this equation,

expo_neg_nanhattan_distance = exp(-sum(abs(tweet_input — hashtag_input)))

Finally, we use the score (Manhattan distance) from the model to ranking the

top trending hashtag.



CHAPTER 1V
RESULTS

This chapter shows the details of the datasets used, model testing results and

application testing results.

4.1 Model Testing Results

4.1.1 Hashtags generating model

We scraped 283511 tweets from 14 September 2018 to 8 November 2018. We
split the dataset into 233511 rows for training and 50000 rows for validation and testing.

The example is shown in Figure 4.1.

Figure 4.1 Dataset example
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We directly tested with human to see if the generated hashtags are related to the
text as an input or not. Figure 4.2 and Figure 4.3 show some hashtags and scores which

were generated and evaluated by the model.

Figure 4.2 Hashtags and scoresl
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Figure 4.3 Hashtags and scores2

4.1.2 Trending hashtags model

We get a dataset 590827 pairs of tweets and hashtags, and we divide tweets and
trending hashtags pairs into two inputs and one output as a label of each pair whether it
is trending or not, then there 0's and 1's equal to 380392 rows and 210435 rows

respectively. The data example is shown in Figure 4.4.
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Figure 4.4 Data example

We train on 400000 samples, validate on 100000 samples and test on 90827 samples.

Figure 4.5 Model recall
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Figure 4.6 Model loss

Figure 4.5 and Figure 4.6 show the results on the train and validation sets after
training 50 epochs. We choose the final model at epoch 32 which the validation sets
reach the lowest loss score (0.12168) and achieve recall rate at 76.51%.

The final model achieves recall rate at 55.47% on the test sets.
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4.2 Application Testing Results

The results show that the mobile application can receive input from users'
mobile and successfully get the results as hashtags as desired (see Figure 4.7 and Figure

4.8).

Figure 4.7 Before hit operation button example.



Figure 4.8 Result after hit Operation button example
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Moreover, the application can copy text with selected hashtags to the clipboard

(see Figure 4.9).

Figure 4.9 Result after hit Copy button example



CHAPTER V
CONCLUSION

This chapter has the conclusions of this report and provides a suggestion for

further study on this topic.

5.1 Conclusion

We have implemented a mobile application on the iOS platform using the React
Native framework. Our application can recommend new hashtags and trending hashtags
that are related to the given tweets to a user. From the results of the mobile interface
application, everything is working as expected. However, the results from the trending
hashtags model are not as good as we expect because of the limitation of computation
cost and time. So, the models need to be trained for a more extended amount of time to
get better parameters or weights to achieve the better output. The application also works
as we expect but the only share button to Twitter gets stuck which we aim to fix it in

the future.

5.2 Suggestion

1. We have found that Expo does not support the share feature. The future
update should replace this library with other libraries that support iOS 11 and
upper.

2. Request for an apple developer account and deploy this project on apple store
so the user can download the application from the app store.

3. The current fixed vocabulary size on Sequence to Sequence model for
generating hashtags is too small. If we increase the fixed vocabulary size, the
model may achieve a better recall.

4. Performance of the word embedding is crucial in the trending hashtags
model. We need to prepare more data to get better embeddings. One way to

achieve such performance is to add more sentences to the training set.
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5. Expo has conflicts with React Native Link. Further improvement may require

switching from using Expo to using Native language for iOS.
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APPENDIX B
USER’S MANUAL

1. Start with a splash page
After running Hashtagor then the application will display a splash page (see

Figure B.1) while loading, please wait a minute.

Figure B.1 User’s manual: Splash page
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2. Welcome to an operation page
In this page (see Figure B.2) a user can input text in the message box (see number
1 in Figure B.2), and when a user finish inputting the text (see Figure B.2), please hit

an operation button (see number 2 in Figure B.2).

Figure B.2 User’s manual: Operation page component
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Then the application will be processing the Hashtags that correspond to the

message.

Figure B.3 User’s manual: Inserted input example
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If the user does not input any text on the text box but hit an operation button the

application will show a message dialog "Please input text" (see Figure B.3).

Figure B.4 User’s manual: Please input text message dialog
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Alternatively, the input text does not have a word in corpus application will

show a message dialog "Miss word ..... in the corpus.” to notice (see Figure B.5).

Figure B.5 User’s manual: Miss word message dialog
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Alternatively, if the input text is too long, the application will show a message

dialog "Text is too long" to notice (see Figure B.6).

Figure B.6 User’s manual: Text too long message dialog example
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3. Welcome to results page
After pressing the action button, the application will calculate all the 6 Hashtags
(see Figure B.7).

Figure B.7 User’s manual: Results page example

The first three hashtags will be the Hashtag that is processed from the text only
and the latter three hashtags with fire icon will be the popular Hashtag at that time and

are consistent the input messages
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User can select and deselect multiple desired Hashtag. The selected Hashtag will
have a check icon showing that selected and show on textbox after text input the same

as a standard format on twitter (see Figure B.8).

Figure B.8 User’s manual: Selected hashtags example
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Users can copy the text and the selected Hashtag to the clipboard by clicking the
Copy button. (see Figure B.9).

Figure B.9 User’s manual: Copy to clipboard success example
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Furthermore, User can continue to use the application to discover others hashtag

by editing the text in the textbox and hit operation button as usual (see Figure B.10).

Figure B.10 User’s manual: Continue using example
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