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Abstract

Background: We built a publicly available database of COVID-19-related tweets and extracted information about symptoms
and recovery cycles from self-reported tweets. We presented the results of our analysis of infection, reinfection, recovery, and
long-term effects of COVID-19 on a weekly- refreshing visualization website.

Objective: We built a publicly available database of COVID-19-related tweets and extracted information about symptoms and
recovery cycles from self-reported tweets. We presented the results of our analysis of infection, reinfection, recovery, and long-
term effects of COVID-19 on a weekly- refreshing visualization website.

Methods: We used X (formerly Twitter) to collect COVID-related data, from which 9 native-English-speaking annotators
annotated a training dataset of COVID-positive self-reporters. We then used large language models to identify positive self-
reporters from other unannotated tweets. We employed the Hibert transform to calculate the lead of the prediction curve ahead of
the reported curve. Finally, we presented our findings on symptoms, recovery, reinfections, and long-term effects of COVID-19
on the website Covlab.

Results: We collected 9.8 million tweets related to COVID-19 between January 1, 2020, and April 1, 2024, including 469,491
self-reported cases. The predicted number of infection cases by our model is 7.63 days ahead of the official report. In addition to
common symptoms, we identified some symptoms that were not included in the list from the Centers for Disease Control and
Prevention, such as lethargy and hallucinations. Repeat infections were commonly occurring, with rates of second and third
infections at 7.49% and 1.37%, respectively, whereas 0.45% also reported that they had been infected more than 5 times. The
average time to recovery has decreased over the years.

Conclusions: Although with some biases and limitations, self-reported tweet data serve as a valuable complement to clinical
data, especially in the post-pandemic era dominated by mild cases. Our online analytic platform can play a significant role in
continuously tracking COVID-19, finding new uncommon symptoms, detecting and monitoring the manifestation of long-term
effects, and providing necessary insights to the public and decision-makers.
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Abstract
Background 
Emergence of new SARS-CoV-2 variants, the resulting reinfections, and long COVID continue to
impact many people’s lives. Tracking websites like the one at Johns Hopkins University no longer
report  the daily  confirmed cases,  posing  challenges  to  accurately determining the  true extent  of
infection cases. Many COVID-19 cases with mild symptoms are self-assessed at home and reported
on social  media,  which  provides  an  opportunity  to  monitor  and understand the  progression  and
evolving trends of the disease.
Objectives
We built a publicly available database of COVID-19-related tweets and extracted information about
symptoms and recovery cycles from self-reported tweets. We presented the results of our analysis of
infection,  reinfection,  recovery,  and  long-term  effects  of  COVID-19  on  a  weekly-  refreshing
visualization website.
Methods 
We used X (formerly Twitter) to collect COVID-related data, from which 9 native-English-speaking
annotators  annotated  a  training  dataset  of  COVID-positive  self-reporters.  We  then  used  large
language models to identify positive self-reporters from other unannotated tweets. We employed the
Hibert transform to calculate the lead of the prediction curve ahead of the reported curve. Finally, we
presented our findings on symptoms, recovery, reinfections, and long-term effects of COVID-19 on
the website Covlab.
Results
We collected 7.3 million tweets related to COVID-19 between January 1, 2020, and April 1, 2024,
including 469,491 self-reported cases. The predicted number of infection cases by our model is 7.63
days ahead of the official report. In addition to common symptoms, we identified some symptoms
that were not  included in the list  from the Centers for Disease Control  and Prevention,  such as
lethargy and hallucinations. Repeat infections were commonly occurring, with rates of second and
third infections at 7.49% and 1.37%, respectively, whereas 0.45% also reported that they had been
infected more than 5 times. The average time to recovery has decreased over the years.
Conclusions
Although with some biases and limitations, self-reported tweet data serve as a valuable complement
to clinical data, especially in the post-pandemic era dominated by mild cases. Our online analytic
platform can play a significant role in continuously tracking COVID-19, finding new uncommon
symptoms, detecting and monitoring the manifestation of long-term effects, and providing necessary
insights to the public and decision-makers.
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Introduction
COVID-19 is  one  of  the most  severe  infectious  diseases  in  human history.  Although the World
Health Organization (WHO) downgraded the COVID-19 pandemic, declaring it is no longer a global
emergency on May 5, 2023 [1], the threat of infection and death remains. As of August 1, 2023, there
have been more than 300,000 confirmed cases weekly worldwide, resulting in over 1,000 deaths per
week;  however,  major  information-publishing  platforms  such  as  that  at  Johns  Hopkins  stopped
collecting and tracking COVID-19 data worldwide on March 10, 2023 [2]. Therefore, it has become
more challenging to identify the actual number and trends of COVID-19 infections daily. New tools
are  needed  to  track  and  report  timely  awareness  and  detection  of  transmission  trends  and
manifestations of COVID-19. 

To supplement the shortage of clinical data and gain further insights into the development trends and
variant tendencies of COVID-19, researchers have turned to social media, specifically Twitter (X).
Early studies [3–7] primarily focused on constructing COVID-19-related tweet databases. However,
these works do not provide in-depth analysis of self-reported tweets, and the databases tended to be
collected over a short time frame, typically several months, and cannot automatically update. Later,
some research endeavors [8–11] shifted their focus toward studying COVID-19 symptoms based on
tweets and reported the distribution of symptoms in tweets. However, these studies included limited
numbers of collected self-reported cases. Some studies  [12–16,7] used tweets to study geographic
distribution but did not provide a corresponding time-series analysis or predict the spread of COVID-
19. As for the visualization tools for COVID-19, some researchers [17–20] have developed platforms
or dashboards to study the trends of COVID-19, but most were based on clinical data. A few tweet-
based platforms [18,20,21] showed limited information and failed to provide timely updates. 
   
Reinfection often refers to the phenomenon in which an individual who has recovered from COVID-
19 is infected again with the virus  [22]. Some researchers  [23,24] considered that reinfection is
identified when an individual tests positive again through polymerase chain reaction (PCR) testing
after a minimum of 90 days of a negative result. However, some studies also suggest this duration
should be 30 days [25,26]. Other studies [25,27,28] considered reinfection to be a new positive PCR
following 2 consecutive negative PCR tests taken after primary infection. Moreover, the periodicity
of reinfection, reinfection rate, and the maximum number of infections are uncertain. Concerning the
long-term effects and post-illness symptoms of COVID-19, patient records in clinical data and the
relevant research remain limited [29].

In this  study, we developed a tool that utilizes self-reported tweets to monitor the occurrence of
COVID-19. Our visualization tool updates weekly and comprehensively analyzes information related
to COVID-19 symptoms, case distribution, reinfections, recoveries, and long-term effects based on
large language models  (LLMs).  Figure 1 shows our research objectives:  (1) We built  a publicly
available  database  of  over  9,836,206  COVID-19-related  tweets,  and  this  database  is  set  to
automatically update with newly collected data weekly. (2) LLMs were built to automatically filter
the tweets of self-reporters and extract their mentioned symptoms and recovery cycles. (3) We built a
weekly refreshing visualization website, “Covlab,”  [30] to track and analyze infection, reinfection,
recovery, and long-term effects of COVID-19. 

Figure 1. Workflow of “Covlab” online tool.
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Data collection:  Collected COVID-19-related tweets  and manually labeled some tweets  as  the training set. Models
training: Model selection and training were based on annotated datasets to identify the most optimal performing model.
Subsequently, self-reported COVID-19 infection tweets were identified from a pool of tweets related to COVID-19.
Tracking: Long-term tracking of all individuals who self-reported COVID-19 infection in extracted tweets mentioned
symptoms, recovery cycle,  long-term effects,  and geographical  location information from their tweets. Visualization
website: Displayed the results of the above analyses.

Methods
Data Collection and Preprocessing
We collected and processed tweet data from January 2020 to April 2024 based on COVID-19-related
keywords and hashtags through the Twitter streaming application programming interface (API). The
searching keywords included “I.* tested[ed] positive for [covid | coronavirus | covid19 | covid-19],”
“My.*  [covid  |  coronavirus  |  covid19  |  covid-19].*  symptoms,”  “#COVID”  “#LongCovid”  (All
keywords can be found in Multimedia Appendix 1). The following preprocessing operations were
conducted on the tweets collected based on keywords. We first converted all words in the tweets to
lowercase, standardized the tweets to ASCII encoding using the Unicode library, and tokenized the
tweets.  Next,  we  removed  all  Unicode  symbols  and  punctuation  marks,  some  uninformative
characters about usernames such as “@username,” all digits and line breaks in the tweets, all URLs
such as “http://,” and all words contained in our stop word library (Multimedia Appendix 2). We
converted  emoji  expressions  into  their  corresponding  textual  expressions. To  provide  sufficient
datasets for subsequent model training, we constructed a self-reported COVID tweets dataset with
manual labeling by 9 native English-speaking annotators after obtaining ethical approval. We also
established a set of calibration criteria as shown in Table 1 to ensure the consistency and reliability of
the tweet annotations. Two additional annotators conducted a secondary annotation on the labeled
data.  If  their  new annotations  were  inconsistent  with  the  originals,  all  annotators  would  decide
through  a  voting  process  whether  the  tweet  should  be  classified  as  a  self-reported  COVID-19
positive tweet. We also developed a web-based annotation tool (Multimedia Appendix 3) to improve
the efficiency of manual annotation. We annotated a total of 105,214 tweets, of which 13,701 were
positive samples that described self-reported positive COVID-19 cases and 101,513 were negative
samples either not describing self-infection with COVID-19 or irrelevant. Multimedia Appendix 4
presents  the  types  of  tweets  targeted  in  our  study.  The  tweet  depicted  on  the  left  serves  as  a
prototypical instance, delineating self-reported information pertaining to COVID-19 infections. This
includes the date of diagnosis and a detailed account of the symptoms experienced by the individual.
Conversely, although the tweet shown on the right also references a diagnosis of COVID-19 and
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details  associated symptoms, it  diverges from our criteria for target tweets because it  recounts a
diagnosis pertaining to a third party, specifically a friend of the tweeter, rather than a self-reported
account. Therefore, it falls outside the scope of our target dataset.

Table 1. Labeling criteria.

Inde
x

Annotation
Guideline

Description

1
Self-reported
Infection

Tweets  must  be  a  personal  account  by  the  author  regarding  their  experience  of
contracting  COVID-19.  If  the  tweet  mentions  someone other  than  the  author  being
infected, such as friends, family, or others, it should be labeled as a negative sample.

2
First-person
Narrative

Tweets should use first-person pronouns (eg, “I,” “me,” “my”) to describe the author’s
experience of contracting COVID-19, not that of others.

3
Concrete
Information

Tweets  should  provide  concrete  details,  including  infection  timeline,  test  results,
medical treatments, etc., rather than general discussions or speculations.

4
Symptom
Description

Tweets  should  contain  the  patient’s  personal  descriptions  of  COVID-19  symptoms
experienced, such as fever, cough, or difficulty breathing.

5
Confirmation
Information

Tweets should mention how the author was confirmed to have contracted COVID-19,
such as the type of test conducted (PCR, rapid antigen test), confirmation by a doctor, or
official institution validation.

6
Treatment
Experience

Tweets  should  describe  the  author’s  experience  of  treatment  or  recovery  after  self-
contracting COVID-19, including isolation, medication, deterioration, or improvement
in their health.

7
Infection
Timeline

Tweets  should contain  exact  time points  or  time ranges  of  the infection rather  than
general discussions. Providing precise timing helps verify the author’s infection period.

8 Test Results
Tweets should reference the author’s COVID-19 test results, such as testing positive or
negative or other relevant test outcomes.

9
Medical
Facility

Tweets should mention whether the author received treatment or underwent COVID-19-
related tests at a medical facility such as a hospital or clinic.

10
Social
Distancing
Measures

Tweets should discuss the author’s adoption of social distancing measures due to their
infection, such as self-isolation or notifying close contacts.

11
Substantial
Evidence

Tweets should contain substantial evidence, such as medical records, official notices, or
other documents validating the author’s COVID-19 infection.

12
Exclusion  of
Transmission

Tweets emphasizing that the author did not transmit the virus to others may indicate a
self-reported infection.

13
Consensus
Annotation

If three or more annotators provide inconsistent annotations for a particular tweet, a
discussion among all annotators should be initiated to reach a final consensus.

Self-Reported COVID-19 Positive Model
To select  text-classification  models  to  determine  whether  a  tweet  is  a  self-reported  COVID-19-
positive  tweet,  we trained both  traditional  machine  learning methods and fine-tuned LLMs.  We
divided  the  manually  labeled  dataset  in  which  80%  was  used  as  the  training  set,  10% as  the
validation set, and the remaining 10% as the test set. We employed word frequency, term frequency-
inverse  document  frequency  (TF-IDF)  vectors,  and  feature  hashing  vectors  as  methods  for  text
feature extraction, and we adopted 10-fold cross-validation to ensure the reliability of the results.

Because the amount of the manually annotated data was relatively small and the text data features
were relatively simple, we experimented with machine learning methods such as Naive Bayes (NB),
support vector machines (SVM), and logistic regression (LR) methods. In the SVM method, we
utilized the radial basis function (RBF) as the kernel function and set the penalty parameter to 1.2.
We employed an L2 regularization as the penalty term in logistic regression, with a regularization
strength parameter (C) set to 1.0

https://preprints.jmir.org/preprint/63190 [unpublished, non-peer-reviewed preprint]
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As for LLMs, we used BERT  [31], RoBERTa  [32], XLNet  [33], GPT-2  [34], BLOOM  [35], and
Llama2  [36] for training. These LLMs are pretrained on large datasets using the masked language
model (MLM) objective for BERT and RoBERTa, the permuted language model (PLM) objective for
XLNet,  and the  causal  language modeling  (CLM) objective  for  GPT-2,  BLOOM, and Llama-2.
Because GPT-2, BLOOM, and Llama2 are generative models, they may generate nonuniform results,
rendering result interpretation difficult. We borrowed the idea from previous work [37], leveraging
latent  representations  from LLMs for  supervised  label  prediction.  Hence,  we designed  different
LLM-based classifiers integrated with various LLMs and fully connected neuro networks. Precisely,
each LLM serves as a backbone for encoding the tweets instead of generating text. A fully connected
neuro network was integrated on top of each LLM for stably accurate detection of self-reported
COVID-19 cases. Unlike traditional machine-learning methods requiring feature preprocessing, the
LLM-based classifiers take only the text of a tweet as input.

To prevent catastrophic forgetting and ensure that LLMs have a broad understanding of self-reported
COVID-19 cases during the training stage, we utilized low-rank adaptation (LoRA) [38] to fine-tune
the  LLM-based  classifiers.  LoRA enables  the  parameters  of  a  model  to  learn  effectively  by
introducing trainable rank decomposition matrices into the transformer architectures in the LLMs. To
achieve  this  reparameterization,  we  modified  the  projection  matrices  of  query,  key,  value,  and
feedforward network modules within the self-attention mechanism of the transformer.

The LLM-based classifiers were trained end-to-end with the AdamW [39] optimizer with a cross-
entropy objective function. During the training stage, the parameters introduced by LoRA within the
pretrained model  were updated with gradients,  and all  remaining parameters  were frozen.  Early
stopping to monitor the accuracy of the validation dataset was implemented during training. All runs
were trained on the Nvidia A100 GPU with a batch size of 5 for Llama-2 and 32 for other models. 

We evaluated the performance of each model and chose the one that achieved the best results for
predicting the daily number of self-reported confirmed cases. Subsequently,  we applied a named
entity recognition (NER)  [40,41] method to extract essential symptom-related keywords from the
tweets.  For the definition of symptoms,  we referred to  the descriptions  of  symptoms within the
systematized nomenclature of medicine clinical terms (SNOMED CT)[42] as shown in Table 2. To
make our system operational, we deployed the trained model on a server. We employed a script
program to continuously collect COVID-19-related tweets from Twitter. The collected tweets were
then analyzed using  the  deployed model,  and the  results  were  displayed weekly  on  the  Covlab
website.  This  provided  users  with  up-to-date,  analyzed  information  regarding  COVID-19
development.

Table 2. Symptoms and their expression found in self-reported tweets.

Symptoms Descriptions (with their IDs in CT)
Fever Febrile  (386661006),  fever  (386661006),  feverish  (103001002),  mill  fever  (85761009),

hyperthermia  (1197782006),  hay  fever  (21719001),  degrees  Fahrenheit  (258712004),
temperature (722490005), high temperature (285717004), high body temperature (50177009),
body temperature above reference range (50177009), increased body temperature (50177009),
elevated temperature (50177009), raised temperature (50177009), increased skin temperature
(17038008), feeling hot (373932008), feeling hot and cold (103002009), feeling hot and sweaty
(373939004)

Chills Chills (43724002), chills and fever (274640006), chillness (43724002), shivering (43724002),
shivering  or  rigors  (248456009),  rigor  (38880002),  brass  founders’ ague  (74800004),  algor
(425681008),  shakes  (26079004),  shaking  (26079004),  trembling  (267079009),  cold
(82272006), head cold (82272006), freeze (48103003), freezing (48103003), frigid (48103003)

Sweating Sweat (74616000),  sweats (415690000),  sweating (415691001),  cold sweat (83547004),  hot
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sweat (224962007), hemopoiesis (445961003), hidrosis (415691001), diaphoresis (52613005),
perspiration  (415691001),  perspire  (74616000),  perspire  profusely  (74616000),  started  to
perspire (74616000), perspire all over (74616000), perspire during sleep (74616000), excessive
sweating (52613005), profuse sweating (52613005), sweating profusely (52613005)

Runny nose Sniffle  (275280004),  nose  running  (267101005),  running  nose  (267101005),  nose  dripping
(267101005), nasal discharge (267101005), snotty (267101005)

Nasal
congestion

Nasal  congestion  (68235000), congested  nose  (68235000),  stuffed-up  nose  (68235000),
congestion  (85804007),  stuffed  up  nose  (68235000),  stuffed  nose  (68235000),  rhinobyon
(68235000), nasal obstruction (232209000), nasal airway obstruction (232209000), stuffiness
(232209000)

Nosebleed Nosebleed (249366005), nose bleeds (249366005), nose bleeding (249366005), bleeding from
nose  (249366005),  nosebleed  (249366005),  nasal  haemorrhage  (249366005),  epistaxis
(249366005), nasal hemorrhage (249366005) 

Cough Cough (49727002),  coughing (49727002),  nonproductive cough (11833005),  hacking cough
(59994004),  tussiculation, dry cough (11833005),  persistent  cough (284523002 acute cough
(49727002),  bad  cough  (49727002),  coughing  all  night  (161933007),  evening  cough
(161933007), morning cough (161932002), coughing up blood (66857006), coughing and deep
breathing (371605008), begma (49727002)

Headache Headache  (25064002),  migraine  (37796009),  sick  headache  (193028008),  tension-type
headache (398057008), cluster headache syndrome (193031009)

Sneezing Sneeze  (76067001),  sneezing  (76067001),  sneezes  (76067001),  sneezing  symptom
(162367006), sternutation (76067001), niesen (76067001), achoo (76067001)

Eye pain Eye  pain  (41652007),  pain  in  eye  (41652007),  ocular  pain  (41652007),  ocular  headache
(86925001),  ocular  dryness  (162290004),  dry  eye  (162290004),  cephalalgia  (25064002),
diplopia (24982008), double vision (24982008), eyelid edema (89091004)

Loss  of  taste
or smell

Smell  (397686008),  taste  (397627001),  lost  sense  of  smell  (44169009),  absent  smell
(44169009), sense of smell absent (44169009), anosphrasia, anosmia (44169009), can’t smell
(44169009), smell nothing (44169009), disorder of taste (399993004), loss of taste (36955009),
absence of sense of taste (36955009), ageusia (36955009)

Sputum Sputum  (45710003),  expectoration  (45710003),  productive  cough  (28743005),  productive
cough–green  sputum  (161924005),  productive  cough–yellow  sputum  (161925006),  phlegm
(52024008)

Shortness  of
breath

Respiratory disorder (50043002), respiratory disease (50043002), breath (11891009), shortness
of  breath  (267036007),  dyspnea  (267036007),  short  breath  (267036007),  breathless
(267036007),  difficulty  in  breathing  (230145002),  breathing  difficult  (230145002),  labored
breathing (248549001), difficulty breath (230145002), breathing painful (75483001)

Sore throat Sore  throat  (267102003),  throat  sore  (162388002),  throat  pain  (162388002),  pain  in  throat
(162397003), pain throat (162397003)

Dizziness Dizzy  (267102003),  throat  soreness  (267102003),  dizzy  spells  (315018008),  dizziness
(404640003)

Intolerance  to
light

Intolerance  of  light  (1285284009),  photophobia  (409668002),  eye  sensitive  to  light
(1285284009), light sensitive (1285284009), light sensitivity (1285284009)

Hearing
findings

Pains of ears (301354004), ear ache (301354004), otalgia (301354004), earache (301354004),
ear aches (301354004), ears pop (162346006), popping sensation in ear (162346006), tinnitus
(60862001), noise in ears (60862001)

Loss  of
appetite

Poor appetite (64379006), decrease in appetite (64379006), inappetence (64379006), lost my
appetite  (64379006),  loss  of  appetite  (79890006),  no  appetite  (79890006),  anorexia
(79890006), off food (79890006)

Hallucinations Hallucinations(7011001),  hallucination  (7011001),  illusion(5152006),  illusionary  (5152006),
auditory hallucination (45150006), visual hallucination (64269007), see things (64269007)

Phase Difference Calculation
Because it took time to provide the official report, the COVID-19 occurrence derived from Twitter
(predicted curve) was expected ahead of the official report dates (actual curve). Our research used
the Hilbert transform (HT)  [43] method to calculate the phase difference between the actual and
predicted curves. HT is a method used for analyzing time-varying signals  [44]. It can transform a
real-valued signal into a complex-valued signal, rendering it convenient for phase analysis. In signal
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analysis the HT is often used to calculate the instantaneous phase of a signal, which can be used to
compare the phase difference between two signals. HT is usually more accurate and stable than the
traditional Fourier transform method in calculating phase differences. The phase spectrum of the
Fourier transform may have discontinuous jumps in some cases, which can lead to incorrect results
when calculating phase differences. HT can accurately calculate the instantaneous phase of a signal
and avoid this problem.
 
The  daily  predicted  cases  curve  f (t ) and  the  daily  actual  cases  curve  g (t )  share  the  same  time
sequence.  To  calculate  the  phase  difference  between  them by  performing  the  HT,  we  can  first
transform them into their complex-valued signals:

H (f ( t ) )=
1
π

P.V . ∫−∞
∞ f ( τ )

t−1
dτ

(1)

H (g ( t ) )=
1
π

P .V . ∫−∞
∞ g ( τ )

t−1
dτ

(2)

Here,  [H ]  represents  the  HT operator,  and  i  is  the  imaginary  unit.  We  can  then  calculate  the
instantaneous phase of each signal, usually using the arctan  function to compute the phase angle:

Phase(H {f (t ) })=arctan(
ℑ[H {f (t )}]
ℜ[H {f (t)}]

)

(3)

Phase(H {g (t )})=arctan (
ℑ[ H {g (t )}]
ℜ[H {g (t )}]

)

(4)

Finally, we subtract the phase angles of the two signals to obtain the phase difference Δϕ(t ) :

Δϕ (t )=Phase (H {f (t ) })−Phase (H {g (t ) })
(5)

In addition to calculating the phase difference between the two curves, we also conducted stationarity
tests on both curves. Stationarity verification is an important step in time series analysis and is used
to determine whether a time series is stationary. We utilized 3 methods, the augmented Dickey-Fuller
(ADF) test  [45], the Kwiatkowski-Phillips-Schmidt-Shin (KPSS) test  [46], and the Phillips-Perron
(PP) test [47], to verify the stationarity of the two curves. We employed the TimesNet [48] approach
from prior research to predict the current trends in COVID-19 development based on the time-series
relationships between the self-reported case numbers and the actual case numbers.

Evaluation of the Model
Our evaluation of the model employed the following methodology. True positive (TP) is the number
of correct predictions in positive samples, false positive (FP) is the number of incorrect predictions in
positive samples, true negative (TN) is the number of correct predictions in negative samples, and
false  negative  (FN) is  the number of  incorrect  predictions  in  negative samples.  Precision is  the
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proportion of positive predictions in all positive samples. Precision is defined as follows: 

Precision=
TP

TP+FP
6

Recall is the proportion of correct predictions in the total samples. Recall is defined as follows:

Recall=
TP

TP+FN
7

Accuracy is defined as the percentage of correctly predicted results out of the total sample.

Accuracy=
TP+TN

TP+TN +FP+FN
8

F1-score is defined as follows:

F 1−score=
2∗Precision∗Recall

Precision+Recall
9

To measure the performance under the unbalanced data distribution, in this work we employed the
precision-recall  (PR)  curve  and  receiver  operating  characteristics  (ROC)  curve  to  display  the
performance. The ROC curve is a curve of sensitivity versus 1 – specificity on all possible prediction
thresholds. Similarly, the PR curve plots precision versus recall on all possible prediction thresholds.
In addition, average precision (AP) and area under the curve (AUC) derived from the PR curve and
the ROC curve are also generated for quantitative comparisons in this work.

Results
Model Performance for Self-reporting COVID-19 Cases
We evaluated the models with AUC, AUC-PR, accuracy, precision, recall, and F1-score. RoBERTa
and BERT achieved the best performance with an AUC of 0.98 and an AP of 0.97 as shown in Figure
2. Notably, all LLMs outperformed traditional machine learning models in AUC and AP, exhibiting
an AUC gain from 0.01 to 0.10 and an AP gain from 0.07 to 0.09. According to the benchmark results
in Table 3, BLOOM performed the best compared with other models in accuracy and precision with
0.948 and 0.941 whereas  the  SVM outperformed others  in  recall  and F1-score  with  0 .9362 and
0.9329, respectively. Combining AUC, accuracy, and recall, we believe that the BLOOM model has
the  best  performance.  Subsequently,  we utilized  the  trained model  to  assist  us  in  selecting self-
reported positive tweets from all COVID-19-related tweets. 

Table 3. Performance comparison of various machine learning models and LLMs.
Accuracy Precision Recall F1-score

Machine learning

NB 86.86% 65.62% 52.43% 58.29%

LR 92.57% 91.73% 92.64% 92.18%

SVM 93.62% 92.96% 93.62% 93.29%

Large language models

BERT 93.80% 92.50% 91.00% 91.70%
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RoBERTa 93.60% 91.20% 91.80% 91.50%

XLNet 93.00% 90.40% 91.30% 90.80%

GPT-2 94.30% 92.00% 91.00% 92.60%

BLOOM 94.80% 94.10% 92.00% 93.00%

Llama-2 (7b) 94.20% 93.30% 91.30% 92.30%

Figure 2. Performance of various machine-learning methods. (A) Receiver operating characteristics (ROC) curve with
area values. The area under the curve (AUC) values, provided in the legend, quantify the overall performance of the
models, with higher values indicating superior discriminative ability. (B) Precision-recall curve with average precision.
LR represents logistic regression; SVM represents support vector machines; NB represents Naive Bayes.

Predicted Trend of COVID-19 Cases 
From January 1, 2020, to April 1, 2023, we used the trained BLOOM model to evaluate all the
collected COVID-related tweets and filtered out the tweets that the model predicted as self-reported
positive cases of COVID-19. Among 7.3 million COVID-related tweets, we identified 317,500 self-
reported  tweets.  Using  unique  user  IDs,  we  considered  multiple  tweets  reporting  a  COVID-19
diagnosis by the same user to be a single case, resulting in 262,278 unique self-reported cases. The
IDs of these unique confirmed users have been stored separately in an in-house database named the
COVID-19 patient database (CPD), and the daily predicted number of confirmed cases by the model
has been stored according to coordinated universa time.

To compare the predicted daily case counts with the actual daily case counts, we obtained the actual
daily case counts from public platforms such as Johns Hopkins University and The New York Times.
Then we plotted the actual daily case count and predicted case count on a curve, as shown in Figure
3. The blue line represents the daily actual case counts, and the red line represents our predicted case
counts.  The red text  in the figure describes  key events during the outbreak,  and the brown text
represents the time the variant appeared. We utilized the Hilbert transform method to calculate the
phase difference between the 2 curves and found that the predicted curve was leading the actual
curve by approximately 7.63 days. The ADF test results indicated values below the critical values of
1%, 5%, and 10%, accompanied by simultaneous P-values of 0.0001 and 0.000064, which rejects the
hypothesis of the existence of a unit root. Additionally, both the PP and KPSS tests exhibited  P-
values lower than 0.05. Collectively, the outcomes from these 3 tests consistently pointed toward the
smoothness of the time series under scrutiny as shown in Multimedia Appendix 5.

There are two distinct peaks in the red curve. We examined the data for the first peak of the predicted

https://preprints.jmir.org/preprint/63190 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Xie et al

curve on October 2, 2020, and the second peak on November 21, 2020. We found that the first peak
on October 2, 2020, was due to then-US President Trump’s tweet announcing his positive COVID-19
test result, which triggered many Twitter users to also report their self-diagnosed cases on Twitter.
On that day, there were 1,495 tweets related to self-reported positive cases. As for the second peak in
the prediction curve, we examined the relevant tweets on that day and found that most of them were
related to the US election results. Many users tweeted about their infection status and discussed the
US epidemic-prevention policies. There were 973 tweets on that day regarding self-reported cases of
COVID-19 infection out of all tweets.

Figure 3. Real cases and predicted cases curves. The blue curve represents the actual daily confirmed cases, and the red
curve represents the daily predicted cases. The shaded areas above and below the red and blue curves represent the
confidence intervals (CI). The red text represents key events during the outbreak, and the brown text represents the time
the variant appeared. The blue shaded area on the right side represents the period during which actual confirmed case
data are missing. The solid red line represents the daily self-reported COVID-19 infection numbers,  and the blue dotted
line represents the predicted actual infection numbers.

Symptoms
We extracted  the  historical  tweets  of  users  from the  CPD utilizing  their  unique  user  IDs.  The
temporal scope of these tweets spanned a period from 1 month preceding the self-reported date of
symptom onset to 9 months subsequent to the diagnosis date, encompassing a total duration of 10
months. Within a cohort of 24,316 reporting COVID-19 symptoms, an analysis of historical tweets
identified the top 10 symptoms. Figure 4(A) plots the temporal frequency of COVID-19 symptom
mentions,  providing insights into how symptom prevalence evolved over time.  Notably,  “fever,”
“headache,”  “fatigue,”  and  “cough”  emerged  as  consistently  common  symptoms.  The  trends
observed in these symptoms closely parallel the overall trend in confirmed COVID-19 cases. We also
identified that the onset of symptoms like “loss of taste or smell” and “shortness of breath” first
became prominent in September 2020, possibly correlating with the emergence of the Beta variant.
Similarly, the prevalence of ‘sore throat’ spiked in late 2021, potentially aligning with the rise of the
Omicron  variant.  The  symptom  “difficulty  breathing”  maintained  a  steady  presence  across  the
timeline. Notably, less commonly reported symptoms such as “hallucinations” and “eye pain,” not
currently  recognized  by  the  Centers  for  Disease  Control  and  Prevention  (CDC),  appeared
sporadically in user reports, suggesting their rarity in COVID-19 cases. As shown in Figure 4(B),
these  were  fever  (47.76% mentioned),  headache  (34.33%),  cough  (32.84%),  shortness  of  breath
(25.37%), generalized body aches (25.37%), difficulty breathing (23.88%), fatigue (23.88%), disorder
of smell and/or taste (22.39%), sore throat (20.9%), and eye pain (19.4%), listed in descending order.
Notably, all symptoms except for “eye pain” aligned with those recognized by the CDC. Additional
symptoms, such as “lethargy” (8.95%), “dizziness” (5.97%), and “hallucinations” (4.47%), although
mentioned by a minority, are not currently acknowledged as COVID-19 symptoms by the CDC.
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In the dataset of historical tweets from diagnosed individuals, we observed instances in which a
patient mentioned multiple symptoms concurrently. To quantify this, we calculated the frequency of
co-occurrence  of  any  2  symptoms  and  constructed  a  dependency  graph  to  illustrate  these
relationships.  Figure 4(C) elucidates  the correlations  among various  symptoms,  highlighting that
most  infected  individuals  reported  experiencing  a  constellation  of  related  symptoms,  such  as
headache, cough, and fever. Furthermore, Figure 4(D) presents a heatmap that visualizes the Pearson
correlation  coefficients  [49] among  these  symptoms,  offering  a  quantitative  view  of  their
interdependencies. To visually represent the range of self-reported symptoms, we utilized a word
cloud  in  Figure  4(E).  This  graphical  representation  provides  an  immediate  overview  of  the
symptomatology as expressed by the users in our dataset.
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Figure 4. All symptoms mentioned by self-reporting tweets and the correlations among symptoms. (A) represents the
number  of  mentions  of  COVID-19  symptoms  in  self-reported  tweets  over  time.  (B)  represents  the  percentage  of
symptoms in all self-reporting COVID tweets, and multiple symptoms can be mentioned in one tweet. Abbreviations:
shortness of breath (SB), generalized body ache (GBA), difficulty breathing (DB), disorder of smell/taste (DST). (C)
represents the correlations among symptoms mentioned by the same user. The width of the line between two symptoms
represents  the  number  of  tweets  that  mention  both  symptoms.  (D)  represents  a  heat  map  of  Pearson  correlation
coefficients among symptoms. (E) represents the symptoms word cloud. The larger the font size, the greater the number
of cases mentioning that symptom.
Reinfection and Rehabilitation
We analyzed historical tweets from users who self-reported COVID-19 infections, identifying 723
individuals who shared their recovery experiences. The annual breakdown of these individuals is as
follows: 174 in 2020, 163 in 2021, 135 in 2022, and 251 in 2023. The duration of recovery was
primarily inferred from the period mentioned in their tweets. In instances in which the recovery
period was not explicitly stated,  we computed it  by calculating the interval between the date of
confirmed diagnosis and the date of reported recovery. The data on self-reported recovery durations
have been depicted through the Kaplan-Meier recovery curve [50], as illustrated in Figure 5(A). This
graphical representation reveals a gradual decrease in recovery time for COVID-19 patients from
2020 to 2023. Specifically, in 2020, most patients reported a recovery period of around 30 days, with
very few recovering in less than 30 days. In contrast, by 2023, the trend had shifted significantly,
with most individuals reporting a recovery within approximately 12 days, despite a minority still
experiencing recovery periods extending beyond 30 days.  Figure 5(B) presents a comprehensive
overview of the evolution of recovery periods from 2020 to 2023. Additionally, this figure suggests
that the prevalent COVID-19 cases in 2023 were predominantly mild, indicating a possible decrease
in the virulence of the virus over time.

In  this  study  we  defined  a  recurrent  COVID-19  infection  in  an  individual  as  a  self-reported
reinfection  occurring  more  than  30  days  after  the  initial  confirmed  positive  diagnosis.  We
meticulously tracked the historical tweets of all confirmed patients in CPD. Figure 5(C) presents the
distribution of the intervals between the first and second infections alongside the corresponding case
counts. This analysis reveals a relatively low likelihood of a repeat infection within 180 days. Most
patients who had recovered from an initial infection reported a second infection approximately 260
days later. Moreover, repeat infections occurring between 300 and 600 days postrecovery were also
relatively frequent. The longest interval between repeat infections documented in our study extended
to  720  days.  Of  262,278  patients  who  self-reported  a  positive  COVID-19  test  result,  238,993
indicated a single infection event, and 17,906 reported 2 infections. A smaller subset, comprising
3,283 individuals, reported 3 infections; 1,025 indicated 4 infections; 445 reported 5 infections; 201
individuals reported 6 infections; and 114 indicated 7 or more infections. Remarkably, the highest
number of reported reinfections was 9, with 7 individuals documenting their ninth infection. Figure
5(D) shows that  among the 238,993 patients  with  a  single infection,  17,906 (7.49%) reported a
second infection. A further breakdown shows that 3,283 (1.37%) reported a third infection, 1,025
(0.43%) reported a fourth infection, and 1,071 (0.45%) reported experiencing 5 or more infections.
We also performed a statistical analysis of the time intervals between infections among users with
multiple infections.
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Figure  5.  Overview  of  reinfections  and  recovery.  (A) Kaplan-Meier  estimates  of  cumulative
recoveries.  (B)  Rehabilitation  days  in  different  years.  (C)  Time  to  reinfection  for  238,993
individuals. (D) Reinfection cases and rates.

Distribution of Cases
We extracted the geographic locations of the diagnosed users in CPD, and the distribution of all
confirmed patients  is  shown in  Figure  6(A).  California  had the  highest  number  of  self-reported
COVID-19 cases,  with  8,762 users,  followed by Texas  (6619 cases),  Florida  (4245),  New York
(3566), Illinois (2649), Pennsylvania (2032), Ohio (1868), Massachusetts (1793), Georgia (1785),
and Michigan (1677), in descending order. Alabama and Northern Mariana Islands had the least data,
with only one self-reported case in each state.

The detailed confirmed cases  in  each state  are  shown in Figure 6(B),  in  which we provide  the
average case counts for the entire country and each state as well as the number of self-reported cases
per 10 million people per week, the trend over the past two weeks, and the positivity rate of each
state. For example, we can see that California had the most self-reported COVID-19 cases in the past
week,  with  at  least  29  people  reporting  positive  test  results.  Approximately  7.34  people  per  10
million reported self-diagnosed COVID-19-positive status, and the average positivity rate of self-
reported cases was 26.69%. However,  compared with the previous 2 weeks, the number of self-
reported COVID-19 cases decreased by 10.93%. Due to insufficient data, the trend of changes in the
past 14 days was unavailable for several states, such as the Virgin Islands and Wyoming. 

We also plotted the time-varying curves for the confirmed cases in the top 20 states in terms of
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confirmed cases, as shown in Figure 6(C). It is evident that the changes in the number of confirmed
cases in the top 4 states with the highest number of cases closely resemble the overall trend in the
United  States. Some  states,  like  Washington,  Arizona,  Washington,  DC,  and  Indiana,  exhibited
relatively consistent changes in the number of confirmed cases over time whereas states like Nevada,
Colorado, Alabama, and Michigan had less consistent curves, with some dates showing no reported
cases. The variation in results could have been influenced by the differing numbers of Twitter users
in each state.

Figure 6. Cases across the United States and by state. (A) Self-reported number of infections in each state, with darker
colors representing higher numbers. (B)Self-reported weekly number of infections, number of infections per 10 million
people, change in trend over the previous two weeks, and positivity rate for a subset of states (alphabetical order). (C)
Infection curve for the top 20 states with the highest infection numbers.

Covlab Visualization Website
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To disseminate timely information to the public and policymakers, we have launched a visualization
website, Covlab, which features our trained models and a comprehensive data pipeline. This platform
consists  of  an automated script  sequence designed to update the data  weekly.  The homepage of
Covlab offers users real-time access to the total number of tweets collected to date, including those
self-reported  as  COVID-19-positive.  On  the  “Graphs”  page,  users  can  explore  the  most  recent
weekly growth trends in COVID-19 cases alongside predictive models of actual confirmed cases.
This section also enables monitoring of infection trends across various states in the United States as
well as the prevailing symptom patterns observed to the current date. Furthermore, Covlab displays
the proportions of reinfections and recovery periods, with these metrics also being refreshed weekly.
The website’s dynamic graphs and tables serve as a valuable resource, providing the public with up-
to-date information on the ongoing evolution of COVID-19, including insights into the symptomatic
expressions of emerging variants.

Discussion 
Transmission Study
The analysis of self-reported COVID-19 tweets offers a valuable perspective, reflecting the actual
progression  of  the  pandemic  to  a  considerable  degree.  The  voluminous  data  generated  by  self-
reporting individuals  on Twitter  augment clinical  datasets,  offering  a  complementary avenue for
long-term observation and tracking. This approach is particularly beneficial in bridging the data gap
inherent  in  in-home self-testing  scenarios. Our  research  indicates  that  reinfections  are  relatively
common, with the likelihood of multiple infections diminishing over time. The breakdown by state
of self-reported COVID-19 tweets facilitates more efficient tracking of disease trends. Furthermore,
the approach employed in this study could potentially serve as a general pipeline for researching and
analyzing other infectious diseases.

Symptoms and Sequelae Study
Within the subset  of Twitter  users who self-reported as  COVID-19 positive,  numerous accounts
contained  detailed  descriptions  of  symptoms  experienced  during  the  infection.  These  firsthand
accounts are a rich source of information. We extracted and analyzed the symptomatology mentioned
in these tweets, compiling a list of the most prevalent symptoms reported by patients., Our intriguing
findings  closely  mirror  the  commonly  acknowledged  COVID-19  symptoms  listed  by  the  CDC.
However, some symptoms mentioned by a subset of patients in their tweets are not yet recognized as
typical  by the CDC. This  discrepancy highlights  the  significant  role  of  our  study in identifying
potential new symptoms of COVID-19 that have not been widely recognized. Such findings could
provide valuable guidance for further clinical investigation into these symptoms and their association
with different COVID-19 variants. Additionally, the COVID-19 patient database established through
this  study  offers  a  robust  framework  for  long-term  patient  tracking.  This  database  not  only
complements existing clinical data but also provides an invaluable resource for the study of post-
COVID-19 sequelae and long-COVID symptoms, thereby enhancing our understanding of the virus’s
long-term  impacts.

Limitations and Future Work
Although our method and website are highly useful, there are some limitations. First, Twitter/X has a
limited quota of public APIs, which renders the platform hugely expensive to run. Second, potential
biases in data collection and the varying distribution of Twitter users across different states may
impact  the  predictive  accuracy.  Furthermore,  external  factors,  particularly  notable  events  in  the
United States that occurred in 2020, influenced our prediction outcomes. For instance, the 2 notable
peaks in self-reported cases observed in 2020 did not necessarily correlate with an actual increase in

https://preprints.jmir.org/preprint/63190 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Xie et al

infections.  Instead,  these  peaks  were  primarily  driven  by external  events,  prompting  a  surge  in
infection reporting on Twitter on those specific days. Another significant constraint is the veracity of
the information in tweets. However, despite their questionable reliability, these data offer informative
trend analyses and hypotheses valuable for future research and validation. In future work, we will
integrate self-reported data from other social platforms such as Reddit to reduce data limits and bias
and develop a platform that can predict COVID-19 trends in real time based on self-reported content.
We will  also  apply  this  pipeline  to  other  infectious  diseases  that  may emerge  in  the  future  for
understanding and tracking the development and trends of other epidemics.

Data Availability
The aggregated datasets analyzed in this study are available from the corresponding author upon
request.  Manual  labeling  data  can  be  viewed  through  the  annotation  website
(https://labelling.covlab.tech). Guest users can use the username “guest” and password “guest” to log
into the system for data access. Actual and predicted daily cases are publicly available on the website
(https://covlab.tech).
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