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Abstract. Since the beginning of the COVID-19 pandemic, patients shared their
personal experiences of the viral infection on social media. Gathering their
symptomatic experiences reported on Twitter may help better understand the
infectious disease and supplement our knowledge of the disease gathered by
healthcare workers. In this study, we identified personal experience tweets related
to COVID-19 infection using a pre-trained and fine-tuned language model, and
annotated the machine-identified tweets in order to extract the information of
infection status, symptom concepts, and the days the symptomatic experience
occurred. Our result shows that the top 10 most common symptoms mentioned in
the collected Twitter data are in line with those published by WHO and CDC. The
symptoms along with the day information appear to provide additional insight on
how the infection progresses in infected individuals.
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1. Introduction

The outbreak of the novel coronavirus, which occurred in January 2020, has led to the
pandemic of COVID-19, declared by the World Health Organization (WHO) on March
11, 2020. Since the outbreak, this highly contagious, life-threatening virus has infected
more than 433 million people and caused over 5.9 million deaths around the world,
according to WHO [1]. Even with the successful development and wide availability of
various COVID-19 vaccines, the world is still struggling to contain the pandemic.

At the onset of the breakout, it became challenging for healthcare workers to
accurately diagnose the disease due to the limited understanding and knowledge of the
new disease and the similarity of its symptoms to those of flu and common cold.
Healthcare givers were learning about the disease while caring and treating the patients,
to gain the knowledge about the disease and to discover effective treatments. COVID-19
symptoms were reported by caregivers in the early days of the pandemic [2-4].

Meanwhile, COVID-19 symptoms were shared on social media by those who
experienced the viral infection. Twitter posts have received noticeable attention since the
beginning of the pandemic and efforts were made to leverage the Twitter data to
understand the new outbreak. Chen and colleagues [5] started collecting COVID-19
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related tweets on 28 January 2020. The collection has continued since and is ongoing.
Tweet IDs of more than 2 billion tweets collected are publicly shared on GitHub?. To
make the Twitter data useful for various natural language processing tasks, Miiller and
colleagues (2020) generated a transformer-based language model, named COVID-
Twitter BERT (CT-BERT), based on Google’s BERT (Bidirectional Encoder
Representations from Transformers) language model [6]. The language model was
learned with a corpus of 22.5 million unannotated COVID-19 related tweets. Sarker et
al. [7] attempted to investigate self-reported COVID-19 symptoms from Twitter posts,
by manually annotating nearly 500,000 tweets. Their study showed that 203 positive-
tested Twitter users reported 1,002 symptoms with 668 unique expression.

COVID-19 experiences posted by Twitter users may provide richer information and
more details. For example, “So [ tested positive for Covidl9 yesterday...[omitted]. Day
1. My Symptoms:. . Throbbing headache with pressure right behind the eyes. Fever
ranging from 102-104" describes (1) whether the infection was confirmed (tested
positive), (2) the symptoms (headache, eye pressure, and fever) and (3) when the
symptoms were experienced (Day I). Collecting this type of the information can help
enhance our knowledge and understanding of the deadly infectious disease. In this study,
we attempt to gather such information from the Twitter data, with machine learning
methods and manual annotation to discover the mentions of symptoms along with the
day information.

2. Method

Our data processing pipeline starts with collecting COVID-19 related Twitter data which
are known for noisiness and informal writings. The collected tweets were preprocessed
to remove duplicates, retweets (RTs), and non-English tweets. Tweets pertaining to
personal experience were identified from the preprocessed tweets using a method based
on the fine-tuning of the pre-trained RoBERTa (Robustly Optimized BERT Pretraining
Approach developed by FaceBook AI) language model [8]. The personal experience
tweets were later processed by MetaMap Lite [9] to identify any potential symptom terms.
Afterwards, tweets with any identified symptoms were annotated manually to extract the
infection status, day information and symptoms which were missed by MetaMap Lite.

2.1. Identifying Personal Experience Tweets

To predict personal experience tweets (PETs), we utilized our pre-trained and fine-tuned
language model based on RoBERTa (Robustly Optimized BERT Pretraining Approach
[10]) for identifying PETs related to medication effects [8]. The motivation for this
transfer learning is twofold: (1) both problems are somehow similar in the same domain
— all about the personal experience in health, and (2) the annotated PETs for COVID-19
symptoms were not available and would take a significant amount of effort to do so.
The RoBERTa-based language model, with a structure of 12 layers, 768 hidden
neurons, 12 self-attention heads and 110M parameters, was initially pre-trained with
more than 160GB uncompressed texts [10]. The model was further fine-tuned with 12K
annotated tweets related to personal experience of medication effects. With the
medication effect tweets, the model achieved 0.877 for accuracy, 0.734 for precision,
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0.775 for recall, and 0.754 for F1 score. The same model was transferred, without
relearning/re-training with the COVID-19 data, to identify personal experience tweets
related to disease (COIVD-19) symptoms.

2.2. Data

A corpus of 12 million tweets was collected in May 2020 by querying Twitter.com with
a home-made crawler which was implemented in compliance with the crawling policy
of Twitter.com (as documented in its robots.txt file). The tweets posted between March
11, 2020 and April 23, 2020 were gathered. The keywords used in querying the tweets
are: covidl9, COVID-19, coronavirus, Wuhan pneumonia, and nCoV. This corpus of raw
tweets was preprocessed, and non-personal experience tweets were filtered out using a
pre-trained transformer-based method developed by our team [8]. Afterwards, the
personal experience tweets were processed by MetaMap Lite through its RESTFul API.
Concepts extracted by MetaMap Lite were considered symptoms if they belong to the
semantic type of sosy (sign and symptom). Tweets containing no symptom concepts were
discarded, and this process yielded about 11K tweets.

Symptomatic experiences occurred on the first 14 days were of interest in this study,
as COVID-19 symptoms develop between 1 and 14 days after exposure [13]. Tweets
containing day information of experience were extracted using a set of phrases. For
instance, for day 1, the following phrases were used: day 1, dayl, day one, 1st day, and
first day, to cover various ways expressing the first day from the reference point.
However, it is noted that this also resulted in tweets containing any days starting with 1,
such as day 18. Finally, a corpus of 699 tweets was identified for manual annotation.

2.3. Data Annotation

After gathering the personal experience tweets, we annotated them to extract information
of the infection status, symptoms and the days of symptomatic experience. There were
two steps of annotation. The first step was to help set the reference points, start points of
infection. The labels listed in Table 1 were assigned to tweets during the first step.

Table 1. Labels for the confirmation/status of COVID-19 infection. This information was used to set the
reference point.

Label Description Tweet Count
Isolation Isolation, quarantine 93
Confirmed Tested Positive 15
Infected Highly certain without testing 372
Suspected Not sure, without testing 173
Not Personal Not a personal experience tweet 2
Unrelated Not related to COVID-19 33
Lockdown During a lockdown 8
WFH Work from home 1
Negative Tested negative 2

The reference point was defined as the day zero (0) of infection. We decided to
combine tweets with labels of isolation, confirmed, infected and suspected so that their
reference points (start points) are the same. The rational was that (1) there was a lack of
testing at the time (March and April of 2020), partially due to an increasing demand for
testing and lack of available testing kits, (2) those in isolation include individuals who
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showed symptoms or had been exposed to the infected individuals, and (3) all of the
tweets contain mentions of symptoms.

The second annotation step was to extract symptom expressions, which can be a
single word (e.g., breathlessness) or made up of multiple words (e.g., temp at 7 EST is
100.6). Listed in Table 2 are the top 10 most common symptoms in our data set after the
second step of annotation. As shown in the table, there are multiple ways to express each
symptom concept. In particular, each of the three symptom concepts listed (Fever, Breath
Difficulty, and Lost Smell/Taste) shows more than 60 different expressions.

Table 2. Top 10 most common COVID-19 symptoms. Unique Expression Count: the number of unique

expressions for a symptom concept. Count of Mention: the number of mentions of a symptom concept. A single
tweet may contain more one mention of the same symptom concept.

Symptom Unique Expression Count Count of Mention
Fever 64 314
Cough 23 315
Headache 20 153
Fatigue 10 150
Ache 14 102
Breath Difficulty 64 126
Lost Smell/Taste 67 74
Sore Throat 14 69
Tight Chest 35 56
Chest Pain/Discomfort 25 49

It is also noted that Twitter users use many layman’s terms or consumer health
vocabulary (CHV) terms to express the symptom concepts. For example, temp and
temperature were commonly used to describe the concept of fever.

3. Result and Discussions
Table 3 below is the result of aligning the mentions of the top 10 most common
symptoms with the day information as reported in the Twitter posts. The figure in each

cell is the number of mentions of the corresponding symptom.

Table 3. Mentions of top 10 most common COVID-19 symptoms by day. Chest pain symptoms include other
chest discomforts other than tight chest.

Day
Symptoms 1 2 3 4 5 6 7 8 9 10 11 12 13 14
Fever 21 22 30 29 29 13 29 15 17 21 15 11 312
Cough 19 26 33 31 36 29 34 17 18 26 15 10 3 16
Headache 10 19 23 13 20 12 21 11 6 16 8 2 6 4
Fatigue 3 10 19 22 19 6 15 16 11 11 6 1 6 1
Ache 11 21 17 10 8 9 6 4 3 7 2 3 0 2
Breath Difficulty 7 14 16 16 16 8 15 6 9 11 11 3 0 3
Lost Smell/Taste 2 2 4 5 15 5 6 3 4 4 1 3 2 2
Sore Throat 15 11 12 5 7 9 5 4 4 0 2 0 1 0
Tight Chest 3 10 6 6 6 1 7 1 0 4 0 0 0 1
Chest Pain 1 3 4 0 6 3 3 4 2 3 0 0 1 0

It is worth noting that the most common symptoms identified from the study Twitter
data are well in line with those published by WHO [11] and CDC of the United States
[12]. Besides, the symptomatic experiences reported on Twitter provide additional useful
information such as the day of a particular symptom and its severity.
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The number of mentioning a particular symptom on a particular day may indicate
the likelihood that the symptom would be experienced on that day. This information may
help us understand how the infection progresses on individuals. It is known that COVID-
19 infection starts at the upper respiratory track, and it is interesting to note that the
number of mentioning sore throat is the highest on day 1 during the 14 day period, and
the number of mentions of other symptoms (fever, cough, headache, fatigue, ache, breath
difficulty, and tight chest) increases from day 1. More people reported loss of smell/taste
on day 5 than any other days.

4. Conclusion

In this study, we investigated utilizing a pre-trained and fine-turned language model to
identify personal experience tweets related to COVID-19 infection. These personal
experience tweets were manually annotated for symptoms. Our result shows that the top
10 common symptoms are in line with those reported by both WHO and CDC, and
experiences of infected individuals shared online provide additional and more detailed
information of the viral infection. This demonstrates the utility of our approach which
helps gather additional information and enhances our knowledge of the COVID-19.
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