
IEEE JOURNAL OF BIOMEDICAL AND HEALTH INFORMATICS, VOL. 24, NO. 10, OCTOBER 2020 2733

Deep Sentiment Classification and Topic
Discovery on Novel Coronavirus or COVID-19

Online Discussions: NLP Using LSTM Recurrent
Neural Network Approach

Hamed Jelodar , Yongli Wang , Rita Orji, and Shucheng Huang

Abstract—Internet forums and public social media, such
as online healthcare forums, provide a convenient channel
for users (people/patients) concerned about health issues
to discuss and share information with each other. In late De-
cember 2019, an outbreak of a novel coronavirus (infection
from which results in the disease named COVID-19) was
reported, and, due to the rapid spread of the virus in other
parts of the world, the World Health Organization declared
a state of emergency. In this paper, we used automated ex-
traction of COVID-19–related discussions from social media
and a natural language process (NLP) method based on
topic modeling to uncover various issues related to COVID-
19 from public opinions. Moreover, we also investigate how
to use LSTM recurrent neural network for sentiment clas-
sification of COVID-19 comments. Our findings shed light
on the importance of using public opinions and suitable
computational techniques to understand issues surround-
ing COVID-19 and to guide related decision-making. In ad-
dition, experiments demonstrated that the research model
achieved an accuracy of 81.15% – a higher accuracy than
that of several other well-known machine-learning algo-
rithms for COVID-19–Sentiment Classification.
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Processing, Topic modeling, Deep Learning.
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I. INTRODUCTION

ONLINE discussion forums, such as reddit, enable health-
care service providers to collect people/patient experi-

ence data. These forums are valuable sources of people’s opin-
ions, which can be examined for knowledge discovery and
user behaviour analysis. In a typical sub-reddit forum, a user
can use keywords and apply search tools to identify relevant
questions/answers or comments sent in by other reddit users.
Moreover, a registered user can create a topic or post a new
questions to start discussions with other community members.
Other users can reflect and share their views and experiences
in response to each of the questions. In these online forums,
people may express their positive and negative comments, or
share questions, problems, and needs related to health issues.
By analysing these comments, we can identify valuable recom-
mendations for improving health-services and understanding the
problems of users.

In late December 2019, the outbreak of a novel coronavirus
causing COVID-19 was reported [1]. Due to the rapid spread
of the virus, the World Health Organization declared a state
of emergency. In this paper, we used automated extraction of
COVID-19–related discussions from social media and a natural
language process (NLP) method based on topic modeling to un-
cover various issues related to COVID-19 from public opinions.
Moreover, we also investigate how to use LSTM recurrent neural
network for sentiment classification of COVID-19 comments.
Our findings shed light on the importance of using public opin-
ions and suitable computational techniques to understand issues
surrounding COVID-19 and to guide related decision-making.
Our investigation was guided by the following specific research
questions (RQ):

RQ1) How can important concepts in NLP methods such as
topic modeling be applied in online discussions to uncover
various issues related to COVID-19 from public opinions?

RQ2) How can we obtain the sentiment polarity of the COVID-
19 comments posted by users reflecting their opinions?

RQ3) What is the comparative performance of various machine-
learning algorithms for sentiment classification of COVID-19
online discussions, and which classification algorithm per-
forms better?

© IEEE 2020. This article is free to access and download, along with rights for full text and data mining, re-use and analysis.

https://orcid.org/0000-0002-0713-3143
https://orcid.org/0000-0003-2219-067X
mailto:jelodarh@gmail.com
mailto:yongliwang@njust.edu.cn
mailto:rita.orji@dal.ca
mailto:schuang6@126.com


2734 IEEE JOURNAL OF BIOMEDICAL AND HEALTH INFORMATICS, VOL. 24, NO. 10, OCTOBER 2020

To address the above questions, we focused on analysing
COVID-19–related comments to detect sentiment and semantic
ideas relating to COVID-19 based on the public opinions of
people on reddit. Specifically, we used automated extraction of
COVID-19-related discussions from social media and a natural
language process (NLP) method based on topic modeling to un-
cover various issues related to COVID-19 from public opinions.
The main contributions of this paper are as follows:

� We present a systematic framework based on NLP that is
capable of extracting meaningful topics from COVID-19–
related comments on reddit.

� We propose a deep learning model based on Long Short-
Term Memory (LSTM) for sentiment classification of
COVID-19–related comments, which produces better re-
sults compared with several other well-known machine-
learning methods.

� We detect and uncover meaningful topics that are being
discussed on COVID-19–related issues on reddit, as pri-
mary research.

� We calculate the polarity of the COVID-19 comments
related to sentiment and opinion analysis from 10 sub-
reddits.

Our findings shed light on the importance of using public opin-
ions and suitable computational techniques to understand issues
surrounding COVID-19 and to guide related decision-making.
Overall, the paper is structured as follows. First, we provide
a brief introduction to online healthcare forums. Discussion of
COVID-19–related issues and some similar works are provided
in section II. In section III, we describe the data pre-processing
methods adopted in our research, and the NLP and deep-learning
methods applied to the COVID-19 comments database. Next,
we present the results and discussion. Finally, we conclude and
discuss future works based on NLP approaches for analysing the
online community in relation to the topic of COVID-19.

II. RELATED WORK

Machine and deep-learning approaches based on sentiment
and semantic analysis are popular methods of analysing text-
content in online health forums. Many researchers have used
these methods on social media such as Twitter, reddit [2]–[7],
and health information websites [8], [9]. For example; Halder
and colleagues [10] focused on exploring linguistic changes to
analyse the emotional status of a user over time. They utilized
a recurrent neural network (RNN) to investigate user-content in
a huge dataset from the mental-health online forums of health-
boards.com. McRoy and colleagues [11] investigated ways to
automate identification of the information needs of breast cancer
survivors based on user-posts of online health forums. Chakra-
vorti and colleagues [12] extracted topics based on various health
issues discussed in online forums by evaluating user posts of
several subreddits (e.g., r/Depression, r/Anxiety) from 2012 to
2018. VanDam and colleagues [13] presented a classification
approach for identifying clinic-related posts in online health
communities. For that dataset, the authors collected 9576 thread-
initiating posts from WebMD, which is a health information
website.

Fig. 1. Example of user-questions about “COVID-19”on reddit.

The COVID-19–related comments from an online healthcare-
oriented group can be considered potentially useful for extract-
ing meaningful topics to better understand the opinions and high-
light discussions of people/users and improve health strategies.
Although there are similar works regarding various health issues
in online forums, to the best of our knowledge, this is the first
study to utilize NLP methods to evaluate COVID-19–related
comments from sub-reddit forums. We propose utilizing the
NLP technique based on topic modeling algorithms to auto-
matically extract meaningful topics and design a deep-learning
model based on LSTM RNN for sentiment classification on
COVID-19 comments and to understand the positive or negative
opinions of people as they relate to COVID-19 issues to inform
relevant decision-making.

III. FRAMEWORK METHODOLOGY

This section clarifies the methods used to investigate the main
contributions to this study, which proposes the use of an unsu-
pervised topic model, with a collaborative deep-learning model
based on LSTN RNN to analyse COVID-19–related comments
from sub-reddits. The developed framework, shown inFig. 2,
uses sentiment and semantic analysis for mining and opinion
analysis of COVID-19–related comments.

A. Preparing the Input Data

Reddit is an American social media, a discussion website
for various topics that includes web content ratings. In this
social media, users are able to post questions and comments,
and to respond to each other regarding different subjects, such
as COVID-19. The posts are organised by subjects created
by online users, called “sub-reddits”, which cover a variety
of topics like news, science, healthcare, video, books, fitness,
food, and image-sharing. This website is an ideal source for
collecting health-related information about COVID-19–related
issues. This paper focuses on COVID-19–related comments of
10 sub-reddits based on an existing dataset as the first step in
producing this model.

B. Removing Noise and Stop-Words

One of the most important steps in pre-processing COVID-
19–related comments is removing useless words/data, which are
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Fig. 2. An overview of the research framework utilized to obtain mean-
ingful results from COVID-19–related comments.

defined as stop-words in NLP, from pure text. Moreover, we also
decreased the dimensionality of the features space by eliminat-
ing stop-words. For example, the most common words in the
text comments are words that are usually meaningless and do not
effectively influence the output, such as articles, conjunctions,
pronouns, and linking verbs. Some examples include: am, is,
are, they, the, these, I, that, and, them.

C. Semantic Extraction and COVID-19 Comment Mining

Text-document modeling in NLP is a practical technique that
represents an individual document and the set of text-documents
based on terms appearing in the text-documents. Topic model-
ing is one type of document modeling approach to semantic
extraction in natural language processing. Latent Dirichlet Al-
location (LDA) [14] and Probabilistic Latent Semantic Analysis
(PLSA) are popular methods of topic modeling. One of the main
strengths of the LDA is that it has a rich internal structure and can
use the probabilistic algorithm to train the model. LDA can have
the effect of dimensionality reduction, suitable for large-scale
corpus. LDA is a probabilistic model where each document in
a corpus is described by a random mixture over hidden topics.
Each of the hidden topics is described by a distribution over
terms. The most important advantage of LDA against pLSI is that
it considers that the text documents in a huge corpus have several
hidden topics which, by-turn, are distributions over terms created
in the documents of the huge corpus. Another benefit of LDA
is that straightforward inference approaches can be supplied on

Algorithm 1: Pre-Processing and Removing the Noise to
Prepare the Input Data.

Input: A group of COVID-19–related comments as
main document context

Output: Text in a string.
1: di = Get data(); getting COVID-19 comments as pure

data.
2: For di.row (all record) ! = last record do
3: di2 = di.cleanData(d_i); removing stop-words, clean

noise
4: di2 = di2.arranged(); processing to arrange dataset.
5: end for
6: return di2 as a string

formerly unseen documents, [15]–[17]. In this section, the aim
of implementing the LDA model is to extract semantic aspects.

For learning LDA, there are various methods, such as Vari-
ational Bayes and Gibbs Sampling [18], [19], which are two
popular techniques based on approximate inference methods
to estimate the parameters of the model. Most researchers,
however, prefer to consider Gibbs sampling methods for learning
LDA models because they are more efficient and simpler than
the other methods [17], [18].

As a third step, we utilized topic modeling based on an LDA
Topic model and Gibbs sampling [20] for semantic extraction
and latent topic discovery of COVID-19–related comments.
COVID-19 comments, however, can depend on various subjects
that are discussed by reddit users. In this step, we can detect and
discover these meaningful subjects or topics. Therefore, based
on the LDA model, we considered a collection of documents,
such as COVID-19–related comments and words, as topics (K),
where the discrete topic distributions are drawn from a sym-
metric Dirichlet distribution. The probability of observed data
D was computed and obtained from every COVID-19–related
comment in a corpus using the following equation:

p(D|α, β)

=
M∏
d=1

(p θd|α)
(

Nd∏
n=1

∑
zdn

p(zdn|θd)p(wdn|zdn, β)
)
dθd (1)

Determinedαparameters of topic Dirichlet prior and also con-
sidered parameters of word Dirichlet prior as β. M is the number
of text-documents, and N is the vocabulary size. Moreover, (α,
θ) was determined for the corpus-level topic distributions with a
pair of Dirichlet multinomials. (β,ϕ) was also determined for the
topic-word distributions with a pair of Dirichlet multinomials.
In addition, the document-level variables were defined as θdd,
which may be sampled for each document. The word-level
variables zdn, wdn

, were sampled in each text-document for each
word [14].

Algorithm 2 describes a general process as part of our frame-
work for extracting latent topics and semantic mining. The input
data consists of the number of COVID-19–related comments as
the context of the document: Line 1 processes the pure-data to
eliminate noise and stop-words based on Algorithm 1. Lines
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Algorithm 2: General Process for Semantic-Comment-
Mining via Topic Model.

Input: A group of COVID-19–related comments as
main document context

Output: A set of topics from the documents as
integer values;

1: Pre-process and remove noise and clean data by
Algorithm 1.

2: for each topic k ∈ {1, 2, . . . , k} do
3: word-probability under the topic of sampling ——

or the word distribution for topic k among
COVID-19–related comments

4: - φ ~Dirichlet(β)
5: end for
6: for each COVID-19-related comments-document

d ∈ {1, 2, . . . , D} do
7: The topic distribution for document m
8: dθ~Dirichlet(α)
9: for per word in COVID-19–related

content-document d do
10: sampling the distribution of topics in the

COVID-19-related comments-documents to
obtain the topic of the word: .Zd ~ Mul(φ)

11: word-sampling under the topic, WdM̃ul(φ)
12: end for
13: end for

2-5 compute the probability of the word distribution from Topic
K[i]. Lines 6-11 compute the probability of the topic distribution
from the COVID-19-Content-Document m [i]. As highlighted in
Equation 1, the variables θ, w are computed for document-level
and word-level of the framework. In more detail, the LDA
handles topics as multinomial distributions in documents and
words as a probabilistic mixture of a pre-determined number
from latent topics. Lines 1-3 of Algorithm 3 show the semantic
mining to extract the latent topics. We then used a sorting
function to determine the recommended highlighted topics.
Because the Gibbs sampling method is used in this step, the
time requested for model inference can be specified as the sum
of the time for inferring LDA. Therefore, the time complexity
for LDA is O(N K), where N denotes the total size of the corpus
(COVID-19–related comments) and K is the topic number.

D. Deep Learning and COVID-19–Sentiment
Classification

Deep neural networks have been successfully employed for
different types of machine-learning tasks, such as NLP-based
methods utilizing sentiment aspects for deep classification [21]–
[26]. Deep neural networks are able to model high-level ab-
stractions and to decrease the dimensions by utilizing multiple
processing layers based on complex structures or to be combined
with non-linear transformations. RNNs are popular models with
demonstrated importance and strength in most NLP works [27]–
[29]. The purpose of RNNs is to use consecutive information,
and the output is augmented by storing previous calculations.

Algorithm 3: COVID-19–Related Comments Mining and
Topic Recommendation.

Input: Importing latent topics from Algorithm 2
Output: Recommended top highlight topics of various

aspects of COVID-19 comments
1: Extract semantic contents, training the LDA Topic

Model
2: Determining the top topics recommended based on the

value of the topic probability of all data.
3: Ranking and sorting the most meaningful topics

recommended of COVID-19 comments
4: return A list of recommended highlight topics

Fig. 3. The framework of a simple LSTM memory cell. Here, as shown,
this structure includes three gates (ft, it, ot), and a memory cell (ct).

In fact, RNNs are equipped with a memory function that saves
formerly calculated information. Basic RNNs, however, have
some challenges due to gradient vanishing or exploding, and
they are unable to learn long-term dependencies. LSTM [30],
[31] units have the benefit of being able to avoid this challenge
by adjusting the information in a cell state using 3 different gates.

The formula for each LSTM cell can be formalized as:

ft = σ (Wfxt +Ufht−1 + bf) (2)

it = σ (Wfxt +Uiht−1 + bi) (3)

ot = σ (Woxt +Uoht−1 + bo) (4)

Where W, U, b are the parameters in the gates and the cell
states. The forget (ft), input (it), and output (ot) gates for
each LSTM cell are determined by these 3 equations, eqs. 2–4,
respectively. Based on Figure 3, in an LSTM layer, the forget
gate determines which previous information from the cell state
is forgotten. The input gate controls or determines the new infor-
mation that is saved in the memory cell. The output gate controls
or determines the amount of information in the internal memory
cell to be exposed. The cell-memory/input block equations are:

C̃t = tanh (Wcxt +Ucht−1 + bc) (5)
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Fig. 4. Structure of the LSTM designed for COVID-19 sentiment clas-
sification.

Ct = it � C̃t + ft � Ct−1 (6)

ht = ot � tanh (Ct) (7)

In which, Ci is the cell state, ht is the hidden output, and
xt is an input vector. σ is sigmoid and � is element-wise
multiplication.

As the last step of this framework, an LSTM model was
utilised to assess the COVID-19–related comments of online
users who posted on reddit, in order to recognize the emo-
tion/sentiment elicited from these comments. We designed two
LSTM-layers and for pre-trained embeddings, considered the
Glove-50 dimension, which were trained over a large corpus
of COVID-19–related comments (Figure 4). The processed text
from the COVID-19–related comments, however, is changed to
vectors with a fixed dimension by converting pre-trained embed-
dings. Moreover, COVID-19 comments can also be described as
a characters-sequence with its corresponding dimension creating
a matrix [32].

IV. EXPERIMENT DETAILS

In this section, we provide a detailed description of the data
collection and experimental results followed by a comprehen-
sive discussion of the results. We assessed 563,079 COVID-
19–related comments from reddit. The dataset was collected
between January 20, 2020 and March 19, 2020 (the full dataset
is available at Kaggle.1 We used MALLET2 to implement the
inference and capture the LDA topic model to retrieve latent
topics. We used the Python library Keras3 to implement our
deep-learning model.

1[Online]. Available: https://www.kaggle.com/khalidalharthi/coronavirus-
posts-in-reddit-platform

2[Online]. Available: http://mallet.cs.umass.edu/
3[Online]. Available: https://pypi.org/project/Keras/

RQ1) How can important concepts in NLP methods such as
topic modeling be applied in online discussions to uncover
various issues related to COVID-19 from public opinions?

To address the first research question above, in this section,
we discovered how we extracted meaningful topics based on
semantic-comment-mining and topic modeling in different is-
sues on COVID-19–related topics, as considered in steps of the
proposed framework. According to Table I and Figures 5–9,
the following observations were made: Topics 85 and 18 had a
similar concept in “People/Infection”. Topic 85 included words
referring to people, such as “people”, “virus”, “day”, “bad”,
“stop”, “news”, “worse”, “sick”, “spread”, and “family”. This
topic is the first ranked topic discovered from the generated
latent topics, in which most users express their opinion and
comment on this issue. Based on Table I and Figure 6(a)in this
topic, the terms “people” and “virus” were the most highlighted
words, with word-weights of 0.1295% and 0.0301%, respec-
tively. Also, we can see the importance of the term “family”
from this topic. In addition, Topic 18 contains the telling words
“virus”, “people”, “symptoms”, “infection”, “cases”, “disease”,
“pneumonia”, “coronavirus”, and “treatment”. Other revealing
words in Topic 18 included “people”, “infection”, and “treat-
ment”. These terms initially suggest a set of user comments
about treatment issues. Moreover, the sentiment analysis of the
terms suggests that negative words were more highlighted than
positive words.

Topic 63 also addresses healthcare and hospital issues with the
most frequent term being “hospital”. Words such as “hospital”,
“medical”, “healthcare”, “patients”, “care”, and “city” were in-
cluded. The terms “hospital”, “medical”, and “healthcare” were
the most highlighted words, with word-weights of 0.0561%,
0.0282%, and 0.0278%, respectively. Other words worth men-
tioning that were seen for this topic were “person”, “patient“,
“staff”, “workers”, and “emergency”. Topic 63 was assigned as
medical staff issues. Topic 4 included words relating to money,
such as ”pay“, ”money“, ”companies“, ”insurance“, ”paid“,
”free“, ”cost“, ”tax“, ”years“, and ”employees". Moreover, the
sentiment analysis of the terms suggested that negative words
were more highlighted than positive words.

Topic 30 covers user’s comments concerning issues related
to “feelings and hopes” and highlight words such as “good”,
“hope”, “feel”, “house”, “safe”, “hard”, “months”, “fine”, “live”,
and “friend”. Moreover, sentiment analysis of terms suggested
that positive words were more highlighted than negative words.
Positive words such as “good”, “hope”, “safe”, “fine”, “kind”,
and “friend”, thus pertain to the phenomenon of “positive
feelings“. For Topic 93, we can see that there was a clear
focus on ”people, age, and COVID issues" with the top words
being “covid”, “young”, “risk”, “fever”, “immune”, “age”,
“sick”, “cough”, “life”, “cold”, “elderly”, and “older”. The
terms “covid”, “young”, and “risk” were the most highlighted
words, with word-weights of 0.0299%, 0.0222%, and 0.0218%,
respectively, and this topic had negative polarity.

Topic 48 also addresses “COVID-19 testing issues” and con-
tains words like “people”, “testing”, “government”, “country”,
“tested”, “test”, “infected”, “home”, “covid”, and “pandemic”.
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TABLE I
TOP 10 TOPICS FROM COVID-19–RELATED COMMENTS ON REDDIT

Fig. 5. Cluster dendrogram of highlight latent topics generated in a COVID-19–related discussion

Based on the results, the terms “people” and “testing” were
the most highlighted words with word weights of 0.0447% and
0.0337%, respectively. Moreover, the opinion words based on
sentiment analysis scored high in negative polarity for Topic
17. The top terms of this topic were “coronavirus“, ”quaran-
tine“, ”stupid“, ”happening“, ”shit“, ”watch“, and ”dangerous“,
thus pertaining to the phenomenon ”quarantine issues“. The
terms ”coronavirus" and “quarantine” were the most highlighted
words, with word-weights of 0.0353% and 0.0346%, respec-
tively.

A. Sentiment and Polarity Results

Sentiment analysis is a practical technique in NLP for opinion
mining that can be used to classify text/comments based on word
polarities [33]–[35]. This technique has many applications in
various disciplines, such as opinion mining in online healthcare
communities [36]–[38].

RQ2) How can we obtain the sentiment polarity of the COVID-
19 comments posted by users reflecting their opinions?

To address the second important question, we obtained the
sentiment of the COVID-19–related comments using the Sen-
tiStrength algorithm [39]–[41]. However, SentiStrength is a free
sentiment analysis method with 2310 sentiment words and word
stems obtained from the Linguistic Inquiry to classify social
web texts. An example is shown to determine the sentiment
scores of the COVID-19 comments by SentiStrength in Table II.
SentiStrength includes a number of rules [39], which we used in
this research to cope with special cases for sentiment analysis.
The following rules are incorporated into SentiStrength:

– If there are repetitive letters in a term, it is determined as a
strength boost sentiment word and the score is increased by
1. For example, ‘haaaappy’ is more positive than ‘happy’.
Moreover, neutral words are determined to have a positive
sentiment strength of 2.
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Fig. 6. Word cloud visualisation based on the word-weight of the
topics..

– A list of negative words is considered to neutralize the
sentiment words. For example; “I do not hate him” is not
classified as a negative sentiment.

– The term “miss” is a special word with a negative strength
of -2 and a positive strength of 2. It is frequently considered
to state love and sadness at the same time, as in the common
phrase, “I miss you”.

– A list of idioms is considered to identify the emotions of a
few common phrases, which helps to override a particular
emotional word strength. The idiom list is updated with
phrases that show word senses for common sentiment
words. For example, ’wuts good’.

– A list of booster words that are considered to weaken or
strengthen the sentiment of the words. For example; the
term ‘very’ increases the positive strength of the score by
+1.

– A list of emoticon words with polarities considered to
determine additional sentiment. For example, ‘(^ ^)’ is
positive, and also ’)-: ’ is negative.

Therefore, with all COVID-19–related comments tagged with
sentiment scores, we calculated the average sentiment of the en-
tire dataset along with comments mentioning only 10 COVID-19
sub-reddits. The main objective of this analysis was to identify
the overall sentiment of the COVID-19–related comments. We

Fig. 7. Word cloud visualisation based on the word-weight of the
topics.

calculated the average sentiment of all comments as negative,
positive, or neutral. Figure 10 shows the sentiment of all com-
ments in the database along with the average sentiment of
comments containing the terms COVID-19. For each of the
polar comments in our labelled dataset, we assigned negative
and positive scores utilizing SentiStrength, and employed the
various scores directly as rules for building inference about the
polarity/sentiment of the COVID-19 comments.

Based on SentiStrength, we determined that a comment was
positive if the positive sentiment score was greater than the
negative sentiment score, and also considered a similar rule for
determining a positive sentiment. For example, a score of +5
and −4 indicates positive polarity and a score of +4 and −6
indicates negative polarity. Moreover, If the sentiment scores
were equal (such as −1 and +1, +4 and −4), we determined
that the comment was neutral.

B. Deep Classification and Feature Analysis

RQ3) What is the comparative performance of various machine-
learning algorithms for sentiment classification of COVID-19
online discussions, and which classification algorithm per-
forms better?
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Fig. 8. Word cloud visualisation based on the word-weight of the
topics.

TABLE II
EXAMPLES OF COVID-19 COMMENTS FROM THE REDDIT CORPUS

To address our third important research question, we pre-
pare the dataset to automatically classify the sentiment of the
COVID-19 comments for all of the data, we labelled each of
the comments as very positive, positive, very negative, negative,
and neutral based on the sentiment score obtained using the

Sentistrength method. The training set had 338,666 COVID-19–
related comments and the testing set had 112,888 comments. In
this experiment, we evaluated the proposed LSTM-model and
also supervised machine-learning methods using the Support
Vector Machine (SVM), Naive Bayes, Logistic Regression, K
Nearest Neighbors (KNN) techniques. To deploy the ML al-
gorithms to sentiment classification, however, we utilized the
Scikit-learn package,4 which is a Python library supporting
many machine-learning methods for Python language. We se-
lected these methods for COVID-19 sentiment classification
because their high accuracy and effectiveness are well-known
for sentiment classification in natural language processing [42].
Figure 11 shows the accuracy of the best model for classifying
a COVID-19 comment as either a very positive, positive, very
negative, negative, or neutral sentiment. Our approach based on
the LSTM model, which classified all COVID-19 comments
in the majority class achieved 81.15% accuracy, which was
higher than that of traditional machine-learning algorithms. We
believe that the sentiment and semantic techniques can provide
meaningful results with an overview of how users/people feel
about the disaster.

C. Discussion and Practical Findings

Analysing social media comments on platforms such as reddit
could provide meaningful information for understanding peo-
ple’s opinions, which might be difficult to achieve through tra-
ditional techniques, such as manual methods. The text content on
reddit has been analysed in various studies [43]–[45]; to the best
of our knowledge, this is the first study to analyse comments by
considering semantic and sentiment aspects of COVID-related
comments from reddit for online health communities. In this
research, we investigated three important research questions and
proposed a systematic framework that appropriately addresses
the questions. To answer RQ1, we considered an existing dataset
that included 563,079 comments from 10 sub-reddits. We found
and detected meaningful latent topics of terms about COVID-19
comments related to various issues. Thus, user comments proved
to be a valuable source of information, as shown in Tables I and
Figures 5–9. A variety of different visualisations was used to
interpret the generated LDA results. As mentioned, LDA is a
probabilistic model that, when applied to documents, hypothe-
sises that each document from a collection has been generated
as a mixture of unobserved (latent) topics, where a topic is
defined as a categorical distribution over words. Regarding the
top-ranked topics for the COVID-19 comments, it is possible to
recognise many words probably related to needs and highlight
discussions of the people or users on reddit. In summary, to
address RQ2 and RQ3, we obtained the polarity words for each
comment (Fig 10) and designed a two-layer LSTM to detect
meaningful latent-topics and sentiment-comment-classification
on COVID-19–related issues from healthcare forums on reddit.
We demonstrated that our deep-learning model based on LSTM
produces better results than several other well-known machine-
learning methods for sentiment classification (Fig 11).

4[Online]. Available: https://scikit-learn.org/
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Fig. 9. Word cloud visualisation based on the word-weight of the
topics.

Fig. 10. Distribution of COVID-19 comments with positive, negative or
neutral sentiments of reddit Data

This research was limited to English-language text, which
was considered a selection criterion. Therefore, the results do not
reflect comments made in other languages. In addition, this study
was limited to comments retrieved from January 20, 2020 and
March 19, 2020. Therefore, the gap between the period in which
the research was being completed and the time-frame of our
study may have somewhat affected the timeliness of our results.

Fig. 11. Accuracy performance of the methods for COVID-19
sentiment-classification using various features.

Overall, the study suggests that the systematic framework by
combining NLP and deep-learning methods based on topic
modelling and an LSTM model enabled us to generate some
valuable information from COVID-19–related comments. These
kinds of statistical contributions can be useful for determining
the positive and negative actions of an online community, and to
collect user opinions to help researchers and clinicians better un-
derstand the behaviour of people in a critical situation. Regarding
future work, we plan to evaluate other social media, such as
Twitter, using hybrid fuzzy deep-learning techniques [46], [47]
that can be used in the future for sentiment level classification
as a novel method of retrieving meaningful latent topics from
public comments.

V. CONCLUSION

To our knowledge, this is the first study to analyse the asso-
ciation between COVID-19 comments’ sentiment and semantic
topics on reddit. The main goal of this paper, however, was to
show a novel application for NLP based on an LSTM model
to detect meaningful latent-topics and sentiment-comment-
classification on COVID-19–related issues from healthcare fo-
rums, such as sub-reddits. We believe that the results of this
paper will aid in understanding the concerns and needs of
people with respect to COVID-19–related issues. Moreover, our
findings may aid in improving practical strategies for public
health services and interventions related to COVID-19.

ACKNOWLEDGMENT

The autors would like to thank SciTechEdit International,
LLC (Highlands Ranch, CO, USA) for providing pro bono
professional English-language editing of this article.

REFERENCES

[1] M. Malta, A. W. Rimoin, and S. A. Strathdee, “The coronavirus 2019-
nCoV epidemic: Is hindsight 20/20?,” EClinical Medicine, vol. 20, pp. 1–2,
2020.

[2] J. Thomas, A. V. Prabhu, D. E. Heron, and S. Beriwal, “Reddit and
radiation therapy: A descriptive analysis of posts and comments over 7
years by patients and health care professionals,” Adv. Radiat. Oncol., vol. 4,
no. 2, pp. 345–353, 2019.

[3] G. A. Ruz, P. A. Henríquez, and A. Mascareño, “Sentiment analysis of
Twitter data during critical events through Bayesian networks classifiers,”
Future Gener. Comput. Syst., vol. 106, pp. 92–104, 2020.



2742 IEEE JOURNAL OF BIOMEDICAL AND HEALTH INFORMATICS, VOL. 24, NO. 10, OCTOBER 2020

[4] J. M. Barros, P. Buitelaar, J. Duggan, and D. Rebholz-Schuhmann, “Unsu-
pervised classification of health content on reddit,” in Proc. 9th Int. Conf.
Digital Public Health, 2019, pp. 85–89.

[5] M. Roy, N. Moreau, C. Rousseau, A. Mercier, A. Wilson, and L.
Atlani-Duault, “Ebola and localized blame on social media: Analysis
of Twitter and Facebook conversations during the 2014–2015 Ebola
epidemic,” Culture, Medicine, Psychiatry, vol. 44, no. 1, pp. 56–79,
2020.

[6] J. Rong, S. Michalska, S. Subramani, J. Du, and H. Wang, “Deep learning
for pollen allergy surveillance from twitter in Australia,” BMC Med.
Inform. Decis. Making, vol. 19, no. 1, pp. 228–221, 2019.

[7] E. Batbaatar, and K. H. Ryu, “Ontology-Based healthcare named en-
tity recognition from twitter messages using a recurrent neural network
approach,” Int. J. Environ. Res. Public Health, vol. 16, no. 19, 2019,
Art. no. 3628.

[8] H. Naderi, S. Madani, B. Kiani, and K. Etminani, “Similarity of medical
concepts in question and answering of health communities,” Health Inf.
J., to be published, doi: 10.1177/1460458219881333.

[9] V. V. Vydiswaran and M. Reddy, “Identifying peer experts in online health
forums,” BMC Med. Inf. Decis. Making, vol. 19, no. 3, pp. 42–114, 2019.

[10] K. Halder, “Modeling temporal progression of emotional status in mental
health forum: A recurrent neural net approach,” in Proc. 8th Workshop
Comput. Approaches Subjectivity, Sentiment Social Media Anal., 2017,
pp. 127–135.

[11] S. McRoy, M. Rastegar-Mojarad, Y. Wang, K. J. Ruddy, T. C. Haddad, and
H. Liu, “Assessing unmet information needs of breast cancer survivors:
Exploratory study of online health forums using text classification and
retrieval,” JMIR Cancer, vol. 4, no. 1, pp. 1–15, 2018.

[12] D. Chakravorti, “Detecting and characterizing trends in online mental
health discussions,” in IEEE Int. Conf. Data Mining Workshops, 2018,
pp. 697–706.

[13] C. VanDam, S. Kanthawala, W. Pratt, J. Chai, and J. Huh, “Detecting
clinically related content in online patient posts,” J. Biomed. Inform.,
vol. 75, pp. 96–106, 2017.

[14] D. M. Blei, A. Y. Ng, and M. I. Jordan, “Latent dirichlet allocation,” J.
Mach. Learn. Res., vol. 3, pp. 993–1022, Jan. 2003.

[15] S. Doumit and A. Minai, “Semantic knowledge inference from online news
media using an LDA-NLP approach,” in Int. Joint Conf. Neural Netw., Jul.
2011, pp. 3068–3071.

[16] S. Kim, and J. Yoon, “Link-topic model for biomedical abbreviation
disambiguation,” J. Biomed. Inform., vol. 53, pp. 367–380, 2015.

[17] H. Jelodar, Y. Wang, and C. Yuan, “Latent dirichlet allocation (LDA) and
Topic modeling: Models, applications, a survey,” Multimedia Tools Appl.,
vol. 78, no. 11, pp. 15169–15211, 2019.

[18] A. Plangprasopchok and K. Lerman, “Modeling social annotation: A
bayesian approach,” Assoc. Comput. Machinery Trans. Knowl. Discovery
Data, vol. 5, no. 1, pp. 1–32, 2010.

[19] S. Gao, X. Li, Z. Yu, Y. Qin, and Y. Zhang, “Combining paper cooper-
ative network and topic model for expert topic analysis and extraction,”
Neurocomputing, vol. 257, pp. 136–143, 2017.

[20] D. Mimno, H. Wallach, and A. McCallum, “Gibbs sampling for logistic
normal topic models with graph-based priors,” in Proc. NIPS Workshop
Analyzing Graphs, Dec. 2008, vol. 61, pp. 1–8.

[21] B. Alshemali, “Improving the reliability of deep neural networks in NLP:
A review,” Knowl.-Based Syst., vol. 191, 2020, Art. no. 105210.

[22] M. Giménez, J. Palanca, and V. Botti, “Semantic-based padding in convolu-
tional neural networks for improving the performance in natural language
processing. A case of study in sentiment analysis,” Neurocomputing,
vol. 378, pp. 315–323, 2020.

[23] J. Guo, H. He, T. He, L. Lausen, and M. A. Li, “Gluoncv and gluonnlp:
Deep learning in computer vision and natural language processing,” J.
Mach. Learning Res., vol. 21, no. 23, pp. 1–7, 2020.

[24] H. J. Park, M. Song, and K. S. Shin, “Deep learning models and datasets
for aspect term sentiment classification: Implementing holistic recurrent
attention on target-dependent memories,” Knowl.-Based Syst., vol. 187,
2020, Art. no. 104825.

[25] L. Abualigah, H. E. Alfar, M. Shehab, and A. M. A. Hussein, “Sentiment
analysis in healthcare: A brief review,” in Recent Advances in NLP: The
Case of Arabic Language. Berlin, Germany: Springer, 2020, pp. 129–141.

[26] A. Balamurali and B. Ananthanarayanan, “Develop a neural model to
score bigram of words using bag-of-words model for sentiment analysis,”
in Neural Networks for Natural Language Processing, Pennsylvania,
United States: IGI Global, 2020, pp. 122–142.

[27] I. J. Unanue, E. Z. Borzeshi, and M. Piccardi, “Recurrent neural networks
with specialized word embeddings for health-domain named-entity recog-
nition,” J. Biomed. Inform., vol. 76, pp. 102–109, 2017.

[28] Y. Luo, “Recurrent neural networks for classifying relations in clinical
notes,” J. Biomed. Inform., vol. 72, pp. 85–95, 2017.

[29] J. Huang and Y. Feng “Optimization of recurrent neural networks on
natural language processing,” in Proc. 8th Int. Conf. Comput. Pattern
Recognit., 2019, pp. 39–45.

[30] S. Hochreiter and J. Schmidhuber, “Long short-term memory,” Neural
Comput., vol. 9, no. 8, pp. 1735–1780, 1997.

[31] T. N. Sainath, O. Vinyals, A. Senior, and H. Sak, “Convolutional, long
short-term memory, fully connected deep neural networks,” in IEEE Int.
Conf. Acoustics, Speech Signal Process., Apr. 2015, pp. 4580–4584.

[32] H. Meisheri, K. Ranjan, and L. Dey, “Sentiment extraction from
Consumer-generated noisy short texts,” in Proc. IEEE Int. Conf. Data
Mining Workshops, 2017, pp. 399–406.

[33] A. Rajput, “Natural language processing, sentiment analysis, and clinical
analytics,” in Innovation in Health Informatics.. Cambridge, MA, USA:
Academic Press, 2020, pp. 79–97.

[34] T. Sharma and A. Bajaj, “Deep learning approaches for textual sentiment
analysis,” in Handbook of Research on Emerging Trends and Applications
of Machine Learning. Pennsylvania, United States: IGI Global, 2020,
pp. 171–182

[35] O. Habimana, Y. Li, R. Li, X. Gu, and G. Yu, “Sentiment analysis using
deep learning approaches: an overview,” Sci. China Inform. Sci., vol. 63,
no. 1, pp. 1–36, 2020.

[36] I. Marin, N. Goga, and A. Doncescu, “[WiP] Sentiment analysis elec-
tronic healthcare system based on heart rate monitoring smart bracelet,”
in Proc. IEEE 11th Conf. Service-Oriented Comput. Appl., 2018,
pp. 99–104.

[37] C. C. Yang, and L. Jiang, “Enriching user experience in online health
communities through thread recommendations and heterogeneous infor-
mation network mining,” IEEE Trans. Computat. Soc. Syst., vol. 5, no. 4,
pp. 1049–1060, Dec. 2018.

[38] L. Goeuriot et al., “Sentiment lexicons for health-related opinion min-
ing,” in Proc. 2nd ACM SIGHIT Int. Health Inform. Symp., Jan. 2012,
pp. 219–226.

[39] M. Thelwall, “The Heart and soul of the web? Sentiment strength detection
in the social web with SentiStrength,” in Cyberemotions. Berlin, Germany:
Springer, pp. 119–134.

[40] M. Thelwall, K. Buckley, G. Paltoglou, “Sentiment strength detection in
short informal text,” J. Amer. Soc. Inform. Sci. Technol., vol. 61, no. 12,
pp. 2544–2558, 2010.

[41] M. Thelwall, “Topic-based sentiment analysis for the Social Web: The
role of mood and issue-related words,” J. Amer. Soc. Inform. Sci. Technol.,
vol. 64, no. 8, pp. 1608–1617, 2013.

[42] G. Wang, J. Sun, J. Ma, K. Xu, and J. Gu, “Sentiment classification:
The contribution of ensemble learning,” Decis. Support Syst., vol. 57,
pp. 77–93, 2014.

[43] E. Okon, V. Rachakonda, H. J. Hong, C. Callison-Burch, and J. Lipoff,
“Natural language processing of Reddit data to evaluate dermatology
patient experiences and therapeutics,” J. Amer. Acad. Dermatol., 2019,
to be published.

[44] A. Park, and M. Conway, “Tracking health related discussions on Reddit
for public health applications,” in Proc Amer. Med. Inform. Assoc., 2017,
Art. no. 1362, vol. 2017.

[45] S. Pandrekar and X. Chen, “Social media based analysis of opioid epidemic
using Reddit,” in Proc. Amer. Med. Inform. Assoc. Annu. Symp., 2018,
vol. 2018, pp. 867–876.

[46] S. Zhou, Q. Chen, and X. Wang, “Fuzzy deep belief networks for
semi-supervised sentiment classification,” Neurocomputing, vol. 131,
pp. 312–322, 2014.

[47] B. Ramasamy and A. Z. Hameed, “Classification of healthcare data using
hybridised fuzzy and convolutional neural network,” Healthcare Technol.
Lett., vol. 6, no. 3, pp. 59–63, 2019.

https://dx.doi.org/10.1177/1460458219881333


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


