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Abstract
Living evidence synthesis (LES) involves repeatedly updating a systematic review or
meta-analysis at regular intervals to incorporate new evidence into the summary results.
It requires a considerable amount of human time investment in the article search, collec-
tion, and data extraction phases. Tools exist to automate the retrieval of relevant journal
articles, but pulling data out of those articles is currently still a manual process. In this
article, we present a proof-of-concept Python program that leverages artificial intelligence
(AI) tools (specifically, ChatGPT) to parse a batch of journal articles and extract relevant
results, greatly reducing the human time investment in this action without compromising
on accuracy. Our program is tested on a set of journal articles that estimate the mean
incubation period for COVID-19, an epidemiological parameter of importance for math-
ematical modelling. We also discuss important limitations related to the total amount of
information and rate at which that information can be sent to the AI engine. This work
contributes to the ongoing discussion about the use of AI and the role such tools can
have in scientific research.

Introduction
Systematic reviews and meta-analyses are key tools used across many disciplines for synthe-
sizing large bodies of research. They involve critically evaluating research methodologies and
employ statistical techniques to combine study results into summary conclusions. However,
such reviews have a limited shelf life. As more studies are published, the findings of meta-
analytic work become outdated. In some extreme cases, like during the COVID-19 pandemic
when an estimated 1.5 million new research articles were added to the global literature base in
2020 alone [1], systematic reviews can be outdated as soon as they are published.

This important limitation has lead to the rise of so-called “living” evidence synthesis (LES)
[2]. Essentially, this is a systematic review that is repeated at regular intervals to incorporate
any new evidence that has been published since the last update. While this keeps the sum-
mary conclusions relevant, it also requires a significant human time investment. With each
update, researchers need to manually search for new studies, evaluate their relevance and
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research methodologies, extract study metadata and results, and incorporate those results into
the previous review findings.

Machine learning techniques have helped to considerably reduce this manual time invest-
ment [3–5]. Researchers are now able to use natural language processing to scan article titles
and abstracts to create lists of relevant studies [6–8], remove duplicate studies in these com-
piled lists [9], and train machine learning models to extract article metadata and evaluate risk
of bias from abstracts in clinical studies that follow a very specific structure [10,11]. Com-
prehensive platforms for systematic reviews, like Thalia [12], SyRF [13], or SOLES [14], exist
to apply these machine learning techniques and organize all stages of a meta-analysis. How-
ever, at the time of writing, the data extraction phase is still done manually across all of these
platforms. Researchers must spend considerable time going through their collected articles
to record relevant study results. Our goal in this article is to show that the recent advent of
artificial intelligence (AI) tools like ChatGPT can be leveraged to partially automate this time-
intensive process. We introduce a Python script that can be used to interface with ChatGPT’s
application programming interface (API) and extract study results, and discuss associated
performance and limitations. Our focus is on applying this program to retrieving estimates
of parameters used in mathematical models of infectious disease spread. In particular, we test
the performance of our AI program on research articles estimating the average incubation
period (the time from infection to the onset of symptoms) for COVID-19 and compare this
to manual extraction of these same data.

Competing interests: The authors have
declared that no competing interests exist.

Methods
Our AI script, hereafter referred to by the acronym AI-LES (Artificial Intelligence - Living
Evidence Synthesis), is a Python script designed to interface with ChatGPT to ask a series of
questions about a journal article. We test AI-LES on a set of 94 journal articles that were man-
ually screened for inclusion in a previous meta-analysis on the incubation period of COVID-
19 [15]; a complete list of these articles is found in PDF format in S1 Appendix or as a BibTeX
file in S2 Appendix. For each article, we ask the following questions:

1. What is the estimate for the incubation period from this paper?
2. Is this an estimate of the mean or median incubation period?
3. What is the 95% confidence interval, range, or IQR for the incubation period?
4. Is this a confidence interval, a range, or an IQR?
5. What is the standard deviation or standard error of the incubation period?
6. Is this a standard deviation or a standard error?
7. Does this paper present incubation periods for different subgroups of individuals? If no,

please return a 0. If yes, please list the subgroups.

During testing, it was found that AI-LES would return an estimate of the median incu-
bation period if no estimate of the mean was given. Question 2 is provided to disambiguate
whether it is returning an estimate of the mean or the median. Questions 4 and 6 are similarly
present to disambiguate the values returned by AI-LES. Finally, some research articles provide
estimates for the incubation period within multiple subgroups (e.g., ethnic groups, gender
groups, or geographical regions); Question 7 is used to flag such articles for closer inspection
by a researcher.

An important consideration when working with any type of large language model (LLM)
like ChatGPT is the effect of hallucinations, whereby the LLM returns false information. Two
techniques are employed here to reduce the likelihood of hallucinations. First, the prompts
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Fig 1. Flowchart describing the AI-LES program.

https://doi.org/10.1371/journal.pone.0320151.g001

are designed with a chain-of-thought strategy in mind [16]. Complex prompts are replaced by
a sequence of shorter, more direct prompts that lead to improved accuracy. Second, by pro-
viding a reference text on which the LLM can base its answers, we are using a retrieval aug-
mented generation (RAG) approach, which has been shown to help reduce hallucinations
[17].

Our AI-LES program is implemented in Python using the openai library to interface
with ChatGPT. A copy of the code can be found in PDF format in S3 Appendix or as a Python
code file in S4 Appendix. Fig 1 shows a flowchart describing the main steps involved in this
program.

To interface with the ChatGPT API, users first need their own individual API key. This can
be received by creating an account with the company that owns ChatGPT, OpenAI (https:
//openai.com/). This API key needs to be set at the start of the script.

AI-LES starts by creating a function that takes all previous queries passed to the API and
all responses received from the API, combined with the current query, and passes them to
the API. This allows the API to “remember” the queries and responses up to this point, effec-
tively simulating an ongoing conversation between the user and ChatGPT’s AI engine. Chat-
GPT has multiple models available for use with various functionalities associated with each.
Here, we use the gpt-3.5-turbo-0125model which is primarily useful for interpreting
natural language.

For each journal article, we use Python’s PyPDF2 package to read in the article PDF file.
An initial query is combined with this parsed text and sent to ChatGPT to get a response. We
then loop through the remainder of our queries, using our previously defined function, and
ask for a response from ChatGPT. The results are then printed to a CSV file where each row
corresponds to a single journal article and each column corresponds to a single query about
that article.

ChatGPT’s API limits the number of requests that can be sent per minute. To account for
this, AI-LES implements an exponential backoff algorithm. If a rate limit error is returned, the
code pauses for a variable amount of time. The pause starts at 2 seconds and doubles if a rate
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limit error is still hit; this timer then restarts each time AI-LES moves onto a new journal arti-
cle. Implementing the pause in this way substantially reduces the total wait time in executing
the code.

Results
Our primary interest is in the degree to which our AI program successfully extracts desired
results from these journal articles. We looked at both accuracy, meaning whether the cor-
rect values were returned as stated in each article, and reliability, meaning whether the same
values were returned each time the program is run on the same article. The performance of
the program is similar across each of the seven questions discussed above. In cases where the
journal article clearly presents the statistics of interest, AI-LES accurately and reliably returns
these quantities 100% of the time. In such cases, it is also able to distinguish between means
and medians, confidence intervals and interquartile ranges, and standard deviations and stan-
dard errors, with 100% accuracy. AI-LES struggles in the same situations where a human
researcher would struggle; namely, in cases where the information presented in the journal
article is incomplete. For example, if an estimate of the incubation period is not given or if it is
not clearly stated whether the estimate provided is of the mean or median incubation period,
AI-LES may hallucinate a response. However, such occurrences are directly correlated with
the clarity of the journal article under investigation and articles that do not clearly present
findings are likely to be excluded a priori from LES reviews. Fig 2 shows the extracted esti-
mates of the incubation period of COVID-19, grouped based on whether the article provides
an estimate of the mean or the median incubation period.

An additional important metric is the time it takes to extract the results from the journal
articles. Fig 3 shows the distribution of processing times, both human and AI, for the journal
articles in our sample set. To process all 94 articles in our test sample took AI-LES a total of
76 minutes, averaging out to approximately 48 seconds per article. However, on average, only
11 seconds of this time is actually devoted to processing the article and retrieving results. The
remainder is waiting time imposed by the ChatGPT API, as described in greater detail in the
Discussion section. Human extraction took approximately 7 times longer with much greater
variability in processing times. Articles that slow a human down considerably do not have

Fig 2. Violin plots showing the estimates of the mean (green) and median (purple) incubation period for COVID-19.
Of the 94 sample studies, 32 provide an estimate of the mean and 62 provide an estimate of the median. Within each
violin is a box plot showing the 25th, 50th, and 75th quartiles along with any outliers.

https://doi.org/10.1371/journal.pone.0320151.g002
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Fig 3. Distribution of processing times for the 94 sample articles. Red represents the AI script and blue represents
manual data extraction. The mean of the ChatGPT distribution is 11.06 seconds with a standard deviation of 1.87
seconds. The mean of the Human distribution is 79.13 seconds with a standard deviation of 35.70 seconds.

https://doi.org/10.1371/journal.pone.0320151.g003

the same effect on AI-LES, a finding that was further corroborated with a linear regression
showing no significant correlation between AI-LES and human processing times.

Finally, we also evaluate AI-LES based on the monetary cost associated with using the
ChatGPT API. ChatGPT charges based on the number of tokens of information used in both
the query and response. Our sample of 94 articles had an associated total cost of $3.21 CAD.
This works out to approximately $0.0341 CAD per article. These costs can be substantial for
large sets of articles and could potentially exclude some users, especially in low-resource set-
tings. However, these costs continue to decline over time with query costs being reduced by
50% and response costs reduced by 25% in January 2024 alone.

Discussion and conclusion
In this article, we have sought to show how AI tools like ChatGPT can be leveraged to reduce
human time investment in systematic reviews without compromising on accuracy. This is
especially important for LES reviews where time investment is the main barrier to keeping
such reviews up-to-date [14]. Reducing the human time investment also scales up the possible
volume of information that can be summarized in such reviews; leveraging AI tools makes it
feasible to incorporate thousands of journal articles in a review, something that would not be
practical in a review done completely by hand. We have tested our AI-LES program on a set of
papers estimating the incubation period of COVID-19, but such a program can be generalized
to extract other parameters used in mathematical epidemiology with only small adjustments
to the queries outlined above.

While the time savings of using AI can be considerable, there are also important technical
limitations to which researchers must pay attention. These limitations concern the amount of
information that can be sent or received in each request to ChatGPT’s API. ChatGPT mea-
sures information quantity in units of “tokens,” with one token being roughly equivalent to
four characters in English language texts. Each version of ChatGPT’s model is associated with
a different cap on the number of tokens that can make up a single request, imposing a limit on
the number of queries that can be made of a single article or to the length of the article itself.
There is also a rate limit in that only so many tokens can be sent or requested per minute. If
that limit is exceeded, the AI model returns an error. This necessitated the implementation
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of a pause in our code that forces AI-LES to wait for a certain amount of time following a
rate limit error before sending the next article to the AI engine. As mentioned in the Results
section, this substantially increases the time that a researcher must currently wait for results
from AI tools.

While our goal in this brief report is to present a proof-of-concept and generate discus-
sion around the use of AI tools in LES reviews, there are some clear avenues for improving
these types of tools. One direction would be to expand the scope of AI scripts like AI-LES
beyond just results extraction to also pull information related to the quality of the study itself
(e.g., statistical methodologies, mathematical modelling choices, the presence of computer
code that can reproduce the study results). A second direction would be to move away from
the limitations associated with commercially available AI engines like ChatGPT by build-
ing an in-house large language model (LLM). While beyond the scope of the current paper, a
bespoke LLM trained on journal articles specifically estimating parameters of interest could
be a valuable investment if the goal is to maintain a large database of many different epidemi-
ological parameters.

A question that often arises in discussions related to the use of AI tools is whether those
tools can completely replace human interaction. Given the current state and limitations of
these tools, the answer for researchers conducting LES reviews appears to be “no.” Our AI-
LES program shows that AI tools like ChatGPT are good at quickly retrieving data and results
from journal articles. This opens the possibility of using these tools to supplement the LES
lifecycle, reduce the human time spent on data extraction, and increase the volume of infor-
mation included in LES protocols. Since AI is already used in the article collection phase of
LES reviews, our results also suggest that LLMs could be used to automate the entire LES pro-
cess by monitoring scientific databases for new articles and extracting relevant results. How-
ever, even if none of the previously mentioned limitations existed, AI tools as they are now
still could not make judgement calls about the studies under investigation. They cannot eval-
uate the quality of data or the soundness of statistical methodologies or the appropriateness
of mathematical models used in research. This still requires the input of a human researcher.
Nevertheless, as AI tools continue to improve there does appear to be a clear role for them to
fill in LES to complement human-led research.

Supporting information
S1 Appendix. References for program testing, pdf format. List of papers used for testing
AI-LES program.
(pdf)

S2 Appendix. References for program testing, bib format. List of papers used for testing AI-
LES program.
(bib)

S3 Appendix. AI-LES source code, pdf format. Python script containing source code for
AI-LES program.
(pdf)

S4 Appendix. AI-LES source code, py format. Python script containing source code for AI-
LES program.
(py)

PLOS ONE https://doi.org/10.1371/journal.pone.0320151 April 3, 2025 6/ 8

https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0320151.s001
https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0320151.s002
https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0320151.s003
https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0320151.s004
https://doi.org/10.1371/journal.pone.0320151


ID: pone.0320151 — 2025/4/3 — page 7 — #7

PLOS ONE Artificial intelligence for data extraction in scientific syntheses

Acknowledgments
We thank Steve Walker for discussions on tools for interfacing with ChatGPT via Python
code, and Ben Bolker for helpful feedback on the project. The authors would also like to thank
The Knowledge Synthesis and Application Unit, School of Epidemiology and Public Health,
University of Ottawa.

Author contributions
Conceptualization: Evan Mitchell, Elisha B. Are, Caroline Colijn, David J. D. Earn.

Data curation: Evan Mitchell, Elisha B. Are.

Formal analysis: Evan Mitchell, Elisha B. Are.

Funding acquisition: Caroline Colijn, David J. D. Earn.

Investigation: Evan Mitchell, Elisha B. Are.

Methodology: Evan Mitchell, Elisha B. Are.

Resources: Caroline Colijn, David J. D. Earn.

Software: Evan Mitchell, Elisha B. Are.

Supervision: Caroline Colijn, David J. D. Earn.

Validation: Evan Mitchell.

Visualization: Evan Mitchell.

Writing – original draft: Evan Mitchell.

Writing – review & editing: Evan Mitchell, Elisha B. Are, Caroline Colijn, David J. D. Earn.

References
1. Clark J. How covid-19 bolstered an already perverse publishing system. BMJ. 2023;380:689.

https://doi.org/10.1136/bmj.p689 PMID: 36977517
2. Bendersky J, Auladell-Rispau A, Urrútia G, Rojas-Reyes MX. Methods for developing and reporting

living evidence synthesis. J Clin Epidemiol. 2022;152:89–100.
https://doi.org/10.1016/j.jclinepi.2022.09.020 PMID: 36220626

3. Bannach-Brown A, Przybyła P, Thomas J, Rice ASC, Ananiadou S, Liao J, et al. Machine learning
algorithms for systematic review: reducing workload in a preclinical review of animal studies and
reducing human screening error. Syst Rev. 2019;8(1):23. doi:10.1186/s13643-019-0942-7. PMID:
30646959

4. Bannach-Brown A, Hair K, Bahor Z, Soliman N, Macleod M, Liao J. Technological advances in
preclinical meta-research. BMJ Open Sci. 2021;5(1):e100131.
https://doi.org/10.1136/bmjos-2020-100131 PMID: 35047701

5. Marshall IJ, Wallace BC. Toward systematic review automation: a practical guide to using machine
learning tools in research synthesis. Syst Rev. 2019;8(1):163.
https://doi.org/10.1186/s13643-019-1074-9 PMID: 31296265

6. Marshall IJ, Noel-Storr A, Kuiper J, Thomas J, Wallace BC. Machine learning for identifying
randomized controlled trials: an evaluation and practitioner’s guide. Res Synth Methods.
2018;9(4):602–14. https://doi.org/10.1002/jrsm.1287 PMID: 29314757

7. O’Mara-Eves A, Thomas J, McNaught J, Miwa M, Ananiadou S. Using text mining for study
identification in systematic reviews: a systematic review of current approaches. Syst Rev.
2015;4(1):5. https://doi.org/10.1186/2046-4053-4-5 PMID: 25588314

8. Stansfield C, Stokes G, Thomas J. Applying machine classifiers to update searches: analysis from
two case studies. Research Synthesis Methods. 2022;13(1):121–33.
https://doi.org/10.1002/jrsm.1537 PMID: 34747151

PLOS ONE https://doi.org/10.1371/journal.pone.0320151 April 3, 2025 7/ 8

https://doi.org/10.1136/bmj.p689
http://www.ncbi.nlm.nih.gov/pubmed/36977517
https://doi.org/10.1016/j.jclinepi.2022.09.020
http://www.ncbi.nlm.nih.gov/pubmed/36220626
http://www.ncbi.nlm.nih.gov/pubmed/30646959
https://doi.org/10.1136/bmjos-2020-100131
http://www.ncbi.nlm.nih.gov/pubmed/35047701
https://doi.org/10.1186/s13643-019-1074-9
http://www.ncbi.nlm.nih.gov/pubmed/31296265
https://doi.org/10.1002/jrsm.1287
http://www.ncbi.nlm.nih.gov/pubmed/29314757
https://doi.org/10.1186/2046-4053-4-5
http://www.ncbi.nlm.nih.gov/pubmed/25588314
https://doi.org/10.1002/jrsm.1537
http://www.ncbi.nlm.nih.gov/pubmed/34747151
https://doi.org/10.1371/journal.pone.0320151


ID: pone.0320151 — 2025/4/3 — page 8 — #8

PLOS ONE Artificial intelligence for data extraction in scientific syntheses

9. Hair K, Bahor Z, Macleod M, Liao J, Sena ES. The Automated Systematic Search Deduplicator
(ASySD): a rapid, open-source, interoperable tool to remove duplicate citations in biomedical
systematic reviews; 2021. Available from:
https://www.biorxiv.org/content/10.1101/2021.05.04.442412v1.

10. Wang Q, Liao J, Lapata M, Macleod M. PICO entity extraction for preclinical animal literature. Syst
Rev. 2022;11(1):209. https://doi.org/10.1186/s13643-022-02074-4 PMID: 36180888

11. Wang Q, Liao J, Lapata M, Macleod M. Risk of bias assessment in preclinical literature using
natural language processing. Res Synth Methods. 2022;13(3):368–80.
https://doi.org/10.1002/jrsm.1533 PMID: 34709718

12. Soto AJ, Przybyła P, Ananiadou S. Thalia: semantic search engine for biomedical abstracts.
Bioinformatics. 2019;35(10):1799–801. https://doi.org/10.1093/bioinformatics/bty871 PMID:
30329013

13. Bahor Z, Liao J, Currie G, Ayder C, Macleod M, McCann SK, et al. Development and uptake of an
online systematic review platform: the early years of the CAMARADES Systematic Review Facility
(SyRF). BMJ Open Sci. 2021;5(1):e100103. https://doi.org/10.1136/bmjos-2020-100103 PMID:
35047698

14. Hair K, Wilson E, Wong C, Tsang A, Macleod M, Bannach-Brown A. Systematic online living
evidence summaries: emerging tools to accelerate evidence synthesis. Clin Sci.
2023;137(10):773–84. https://doi.org/10.1042/cs20220494 PMID: 37219941

15. Wu Y, Kang L, Guo Z, Liu J, Liu M, Liang W. Incubation period of COVID-19 caused by unique
SARS-CoV-2 strains. JAMA Netw Open. 2022;5(8):e2228008.
https://doi.org/10.1001/jamanetworkopen.2022.28008 PMID: 35994285

16. Yu Z, He L, Wu Z, Dai X, Chen J. Towards better chain-of-thought prompting strategies: a survey.
arXiv. 2022;2210.03493.

17. Jones N. AI hallucinations can’t be stopped—but these techniques can limit their damage. Nature.
2025;637:778–80. https://doi.org/10.1038/d41586-025-00068-5

PLOS ONE https://doi.org/10.1371/journal.pone.0320151 April 3, 2025 8/ 8

https://www.biorxiv.org/content/10.1101/2021.05.04.442412v1
https://doi.org/10.1186/s13643-022-02074-4
http://www.ncbi.nlm.nih.gov/pubmed/36180888
https://doi.org/10.1002/jrsm.1533
http://www.ncbi.nlm.nih.gov/pubmed/34709718
https://doi.org/10.1093/bioinformatics/bty871
http://www.ncbi.nlm.nih.gov/pubmed/30329013
https://doi.org/10.1136/bmjos-2020-100103
http://www.ncbi.nlm.nih.gov/pubmed/35047698
https://doi.org/10.1042/cs20220494
http://www.ncbi.nlm.nih.gov/pubmed/37219941
https://doi.org/10.1001/jamanetworkopen.2022.28008
http://www.ncbi.nlm.nih.gov/pubmed/35994285
https://doi.org/10.1038/d41586-025-00068-5
https://doi.org/10.1371/journal.pone.0320151


Appendix: References for program testing 

 

[1] T. Han et al., “The epidemiological characteristics of cluster transmission of coronavirus 

disease 2019 (COVID-19): a multi-center study in Jiangsu Province,” Am J Transl Res, vol. 

12, no. 10, pp. 6434–6444, 2020. 

[2] W. Zhu, M. Zhang, J. Pan, Y. Yao, and W. Wang, “Effects of prolonged incubation period 

and centralized quarantine on the COVID-19 outbreak in Shijiazhuang, China: a modeling 

study,” BMC Med, vol. 19, no. 1, p. 308, Dec. 2021, doi: 10.1186/s12916-021-02178-z. 

[3] J. Zhu et al., “Challenges Caused by Imported Cases Abroad for the Prevention and Control 

of COVID-19 in China,” Front. Med., vol. 8, p. 573726, May 2021, doi: 

10.3389/fmed.2021.573726. 

[4] S. Zhao et al., “Estimating the generation interval and inferring the latent period of 

COVID-19 from the contact tracing data,” Epidemics, vol. 36, p. 100482, Sep. 2021, doi: 

10.1016/j.epidem.2021.100482. 

[5] H. Zhao et al., “Transmission dynamics and successful control measures of SARS-CoV-2 

in the mega-size city of Guangzhou, China,” Medicine, vol. 100, no. 48, p. e27846, Dec. 

2021, doi: 10.1097/MD.0000000000027846. 

[6] T. Zhang et al., “Estimation of Incubation Period and Serial Interval for SARS-CoV-2 in 

Jiangxi, China, and an Updated Meta-Analysis,” J Infect Dev Ctries, vol. 15, no. 03, pp. 

326–332, Mar. 2021, doi: 10.3855/jidc.14025. 

[7] Q. Zhang, J. Zhu, C. Jia, S. Xu, T. Jiang, and S. Wang, “Epidemiology and Clinical 

Outcomes of COVID-19 Patients in Northwestern China Who Had a History of Exposure in 

Wuhan City: Departure Time-Originated Pinpoint Surveillance,” Front. Med., vol. 8, p. 

582299, May 2021, doi: 10.3389/fmed.2021.582299. 

[8] J. Zhang et al., “Evolving epidemiology and transmission dynamics of coronavirus disease 

2019 outside Hubei province, China: a descriptive and modelling study,” The Lancet 

Infectious Diseases, vol. 20, no. 7, pp. 793–802, Jul. 2020, doi: 

10.1016/S1473-3099(20)30230-9. 

[9] H. Zhang et al., “A Cluster Transmission of Coronavirus Disease 2019 and the Prevention 

and Control Measures in the Early Stage of the Epidemic in Xi’an, China, 2020,” Med Sci 

Monit, vol. 27, Mar. 2021, doi: 10.12659/MSM.929701. 

[10] X. Yu et al., “Epidemiological and clinical characteristics of 333 confirmed cases with 

coronavirus disease 2019 in Shanghai, China,” Transbound Emerg Dis, vol. 67, no. 4, pp. 

1697–1707, Jul. 2020, doi: 10.1111/tbed.13604. 

[11] S. Yu et al., “Epidemiological Characteristics and Transmissibility for SARS-CoV-2 of 

Population Level and Cluster Level in a Chinese City,” Front. Public Health, vol. 9, p. 

799536, Jan. 2022, doi: 10.3389/fpubh.2021.799536. 

[12] C. You et al., “Estimation of the time-varying reproduction number of COVID-19 outbreak 

in China,” International Journal of Hygiene and Environmental Health, vol. 228, p. 

113555, Jul. 2020, doi: 10.1016/j.ijheh.2020.113555. 

[13] N. Yang et al., “In-flight Transmission Cluster of COVID-19: A Retrospective Case 

Series”. 

[14] J. Yang et al., “Clinical characteristics, treatment, and prognosis of 74 2019 novel 

coronavirus disease patients in Hefei: A single-center retrospective study,” Medicine, vol. 

100, no. 21, p. e25645, May 2021, doi: 10.1097/MD.0000000000025645. 

[15] X.-W. Xu et al., “Clinical findings in a group of patients infected with the 2019 novel 



coronavirus (SARS-Cov-2) outside of Wuhan, China: retrospective case series,” BMJ, p. 

m606, Feb. 2020, doi: 10.1136/bmj.m606. 

[16] T. Xu et al., “Clinical features and dynamics of viral load in imported and non-imported 

patients with COVID-19,” International Journal of Infectious Diseases, vol. 94, pp. 68–71, 

May 2020, doi: 10.1016/j.ijid.2020.03.022. 

[17] H. Xin et al., “Estimating the Latent Period of Coronavirus Disease 2019 (COVID-19),” 

Clinical Infectious Diseases, vol. 74, no. 9, pp. 1678–1681, May 2022, doi: 

10.1093/cid/ciab746. 

[18] S. Xie et al., “The epidemiologic and clinical features of suspected and confirmed cases of 

imported 2019 novel coronavirus pneumonia in north Shanghai, China,” Ann Transl Med, 

vol. 8, no. 10, pp. 637–637, May 2020, doi: 10.21037/atm-20-2119. 

[19] Z. Xiao et al., “Examining the incubation period distributions of COVID-19 on Chinese 

patients with different travel histories,” J Infect Dev Ctries, vol. 14, no. 04, pp. 323–327, 

Apr. 2020, doi: 10.3855/jidc.12718. 

[20] Z. Xiao, W. Guo, Z. Luo, J. Liao, F. Wen, and Y. Lin, “Examining geographical disparities 

in the incubation period of the COVID-19 infected cases in Shenzhen and Hefei, China,” 

Environ Health Prev Med, vol. 26, no. 1, p. 10, Dec. 2021, doi: 

10.1186/s12199-021-00935-3. 

[21] F. Xiao, B. Chen, T. Xiao, S. K. Lee, K. Yan, and L. Hu, “Children with SARS-CoV-2 

infection during an epidemic in China (outside of Hubei province),” Ann Transl Med, vol. 

8, no. 14, pp. 849–849, Jul. 2020, doi: 10.21037/atm-20-2908. 

[22] J. Wu et al., “Epidemiological and clinical features of SARS-CoV-2 cluster infection in 

Anhui Province, Eastern China,” International Journal of Infectious Diseases, vol. 117, pp. 

372–377, Apr. 2022, doi: 10.1016/j.ijid.2021.04.064. 

[23] J. Wong et al., “Epidemiological Investigation of the First 135 COVID-19 Cases in Brunei: 

Implications for Surveillance, Control, and Travel Restrictions,” The American Journal of 

Tropical Medicine and Hygiene, vol. 103, no. 4, pp. 1608–1613, Oct. 2020, doi: 

10.4269/ajtmh.20-0771. 

[24] Y. S. Won, J.-H. Kim, C. Y. Ahn, and H. Lee, “Subcritical Transmission in the Early Stage 

of COVID-19 in Korea,” IJERPH, vol. 18, no. 3, p. 1265, Jan. 2021, doi: 

10.3390/ijerph18031265. 

[25] Y. Wei et al., “Clinical characteristics of 276 hospitalized patients with coronavirus disease 

2019 in Zengdu District, Hubei Province: a single-center descriptive study,” BMC Infect 

Dis, vol. 20, no. 1, p. 549, Dec. 2020, doi: 10.1186/s12879-020-05252-8. 

[26] Y. Wang et al., “Clinical Characteristics of Patients Infected With the Novel 2019 

Coronavirus (SARS-Cov-2) in Guangzhou, China,” Open Forum Infectious Diseases, vol. 

7, no. 6, p. ofaa187, Jun. 2020, doi: 10.1093/ofid/ofaa187. 

[27] X. Wang et al., “Nosocomial outbreak of COVID-19 pneumonia in Wuhan, China,” Eur 

Respir J, vol. 55, no. 6, p. 2000544, Jun. 2020, doi: 10.1183/13993003.00544-2020. 

[28] V. Viego, M. Geri, J. Castiglia, and E. Jouglard, “Incubation period and serial interval of 

Covid-19 in a chain of infections in Bahia Blanca (Argentina),” Jun. 20, 2020. doi: 

10.1101/2020.06.18.20134825. 

[29] S. Tian et al., “Characteristics of COVID-19 infection in Beijing,” Journal of Infection, vol. 

80, no. 4, pp. 401–406, Apr. 2020, doi: 10.1016/j.jinf.2020.02.018. 

[30] The SARS-CoV-2 variant with lineage B.1.351 clusters investigation team, “Linked 

transmission chains of imported SARS-CoV-2 variant B.1.351 across mainland France, 



January 2021,” Eurosurveillance, vol. 26, no. 13, Apr. 2021, doi: 

10.2807/1560-7917.ES.2021.26.13.2100333. 

[31] L. Testing Team, W. Zhang, and Shunyi District Center for Disease Control and 

Prevention, Beijing, China, “Local Outbreak of COVID-19 in Shunyi District Attributed to 

an Asymptomatic Carrier with a History of Stay in Indonesia — Beijing Municipality, 

China, December 23, 2020,” China CDC Weekly, vol. 3, no. 10, pp. 214–217, 2021, doi: 

10.46234/ccdcw2020.062. 

[32] H. Tanaka et al., “Shorter Incubation Period among COVID-19 Cases with the BA.1 

Omicron Variant,” IJERPH, vol. 19, no. 10, p. 6330, May 2022, doi: 

10.3390/ijerph19106330. 

[33] W. Y. T. Tan, L. Y. Wong, Y. S. Leo, and M. P. H. S. Toh, “Does incubation period of 

COVID-19 vary with age? A study of epidemiologically linked cases in Singapore,” 

Epidemiol. Infect., vol. 148, p. e197, 2020, doi: 10.1017/S0950268820001995. 

[34] N. Sugano, W. Ando, and W. Fukushima, “Cluster of Severe Acute Respiratory Syndrome 

Coronavirus 2 Infections Linked to Music Clubs in Osaka, Japan,” The Journal of 

Infectious Diseases, vol. 222, no. 10, pp. 1635–1640, Oct. 2020, doi: 

10.1093/infdis/jiaa542. 

[35] Y.-J. Su, K.-C. Kuo, T.-W. Wang, and C.-W. Chang, “Gender-based differences in 

COVID-19,” New Microbes and New Infections, vol. 42, p. 100905, Jul. 2021, doi: 

10.1016/j.nmni.2021.100905. 

[36] Y. S. Song, Y. B. Hao, W. W. Liu, S. S. Zhang, P. Wang, and T. L. Fan, “Clinical features 

of 17 patients with 2019-nCoV,” Eur Rev Med Pharmacol Sci, vol. 24, pp. 10896–10901, 

2020. 

[37] E. Shiel et al., “Clinical characteristics and outcomes of COVID ‐19 in a low‐prevalence, 

well resourced setting, Sydney, Australia,” Internal Medicine Journal, vol. 51, no. 10, pp. 

1605–1613, Oct. 2021, doi: 10.1111/imj.15445. 

[38] P. Shi et al., “Characteristics and evaluation of the effectiveness of monitoring and control 

measures for the first 69 Patients with COVID-19 from 18 January 2020 to 2 March in 

Wuxi, China,” Sustainable Cities and Society, vol. 64, p. 102559, Jan. 2021, doi: 

10.1016/j.scs.2020.102559. 

[39] J.-C. Shi et al., “Epidemiological Features of 105 Patients Infected with the COVID-19,” 

Journal of the National Medical Association, vol. 113, no. 2, pp. 212–217, Apr. 2021, doi: 

10.1016/j.jnma.2020.09.151. 

[40] Y. Shen et al., “A Cluster of Novel Coronavirus Disease 2019 Infections Indicating 

Person-to-Person Transmission Among Casual Contacts From Social Gatherings: An 

Outbreak Case-Contact Investigation,” Open Forum Infectious Diseases, vol. 7, no. 6, p. 

ofaa231, Jun. 2020, doi: 10.1093/ofid/ofaa231. 

[41] S. Sanche, Y. T. Lin, C. Xu, E. Romero-Severson, N. Hengartner, and R. Ke, “High 

Contagiousness and Rapid Spread of Severe Acute Respiratory Syndrome Coronavirus 2,” 

Emerg. Infect. Dis., vol. 26, no. 7, pp. 1470–1477, Jul. 2020, doi: 10.3201/eid2607.200282. 

[42] S. M. Samrah et al., “Viral Clearance Course of COVID-19 Outbreaks,” JMDH, vol. 

Volume 14, pp. 555–565, Mar. 2021, doi: 10.2147/JMDH.S302891. 

[43] X. Ren et al., “Evidence for pre‐symptomatic transmission of coronavirus disease 2019 

(COVID‐19) in China,” Influenza Resp Viruses, vol. 15, no. 1, pp. 19–26, Jan. 2021, doi: 

10.1111/irv.12787. 

[44] R. Ratovoson et al., “Household transmission of COVID‐19 among the earliest cases in 



Antananarivo, Madagascar,” Influenza Resp Viruses, vol. 16, no. 1, pp. 48–55, Jan. 2022, 

doi: 10.1111/irv.12896. 

[45] C. Qiu et al., “Transmission and clinical characteristics of coronavirus disease 2019 in 104 

outside‐Wuhan patients, China,” Journal of Medical Virology, vol. 92, no. 10, pp. 

2027–2035, Oct. 2020, doi: 10.1002/jmv.25975. 

[46] G.-Q. Qian et al., “Epidemiologic and clinical characteristics of 91 hospitalized patients 

with COVID-19 in Zhejiang, China: a retrospective, multi-centre case series,” QJM: An 

International Journal of Medicine, vol. 113, no. 7, pp. 474–481, Jul. 2020, doi: 

10.1093/qjmed/hcaa089. 

[47] B. Qi et al., “Protecting Healthcare Professionals during the COVID‐19 Pandemic,” 

BioMed Research International, vol. 2020, no. 1, p. 8469560, Jan. 2020, doi: 

10.1155/2020/8469560. 

[48] R. Pung et al., “Investigation of three clusters of COVID-19 in Singapore: implications for 

surveillance and response measures,” The Lancet, vol. 395, no. 10229, pp. 1039–1046, Mar. 

2020, doi: 10.1016/S0140-6736(20)30528-6. 

[49] K. Ping et al., “Epidemiologic Characteristics of COVID-19 in Guizhou Province, China,” 

J Infect Dev Ctries, vol. 15, no. 03, pp. 389–397, Mar. 2021, doi: 10.3855/jidc.12818. 

[50] S. Paul and E. Lorin, “Distribution of incubation periods of COVID-19 in the Canadian 

context,” Sci Rep, vol. 11, no. 1, p. 12569, Jun. 2021, doi: 10.1038/s41598-021-91834-8. 

[51] S. Patrikar et al., “Incubation Period and Reproduction Number for novel coronavirus 

(COVID-19) infections in India”. 

[52] D. Pak, K. Langohr, J. Ning, J. Cortés Martínez, G. Gómez Melis, and Y. Shen, “Modeling 

the Coronavirus Disease 2019 Incubation Period: Impact on Quarantine Policy,” 

Mathematics, vol. 8, no. 9, p. 1631, Sep. 2020, doi: 10.3390/math8091631. 

[53] T. Ogata, H. Tanaka, F. Irie, A. Hirayama, and Y. Takahashi, “Shorter Incubation Period 

among Unvaccinated Delta Variant Coronavirus Disease 2019 Patients in Japan,” IJERPH, 

vol. 19, no. 3, p. 1127, Jan. 2022, doi: 10.3390/ijerph19031127. 

[54] X. Nie et al., “Epidemiological Characteristics and Incubation Period of 7015 Confirmed 

Cases With Coronavirus Disease 2019 Outside Hubei Province in China,” The Journal of 

Infectious Diseases, vol. 222, no. 1, pp. 26–33, Jun. 2020, doi: 10.1093/infdis/jiaa211. 

[55] T.-C. Ng et al., “Comparison of Estimated Effectiveness of Case-Based and 

Population-Based Interventions on COVID-19 Containment in Taiwan,” JAMA Intern Med, 

vol. 181, no. 7, p. 913, Jul. 2021, doi: 10.1001/jamainternmed.2021.1644. 

[56] B. Moazzami and K. Samimi, “Is Computed Tomography Necessary for the Diagnosis of 

Coronavirus Disease (COVID–19) in all Suspected Patients? A case series,” vol. 28, no. 2, 

2021. 

[57] P. Llaque-Quiroz, R. Prudencio-Gamio, S. Echevarría-Lo4pez, M. Ccorahua-Paz, and C. 

Ugas-Charcape, “Características clínicas y epidemiológicas de niños con COVID-19 en un 

hospital pediátrico del Perú,” Rev Peru Med Exp Salud Publica, vol. 37, no. 4, pp. 689–93, 

Nov. 2020, doi: 10.17843/rpmesp.2020.374.6198. 

[58] Y. Liu et al., “Comparison of clinical characteristics between patients with coronavirus 

disease 2019 (COVID-19) who retested RT-PCR positive versus negative: a retrospective 

study of data from Nanjing,” J Thorac Dis, vol. 12, no. 11, pp. 6435–6445, Nov. 2020, doi: 

10.21037/jtd.2020.04.17. 

[59] J.-Y. Liu, T.-J. Chen, and S.-J. Hwang, “Analysis of community-acquired COVID-19 cases 

in Taiwan,” Journal of the Chinese Medical Association, vol. 83, no. 12, pp. 1087–1092, 



Dec. 2020, doi: 10.1097/JCMA.0000000000000411. 

[60] J. Liu et al., “Community Transmission of Severe Acute Respiratory Syndrome 

Coronavirus 2, Shenzhen, China, 2020,” Emerg. Infect. Dis., vol. 26, no. 6, Jun. 2020, doi: 

10.3201/eid2606.200239. 

[61] F. Liu et al., “Clinical characteristics and corticosteroids application of different clinical 

types in patients with corona virus disease 2019,” Sci Rep, vol. 10, no. 1, p. 13689, Aug. 

2020, doi: 10.1038/s41598-020-70387-2. 

[62] N. Linton et al., “Incubation Period and Other Epidemiological Characteristics of 2019 

Novel Coronavirus Infections with Right Truncation: A Statistical Analysis of Publicly 

Available Case Data,” JCM, vol. 9, no. 2, p. 538, Feb. 2020, doi: 10.3390/jcm9020538. 

[63] Q. Li et al., “Early Transmission Dynamics in Wuhan, China, of Novel 

Coronavirus–Infected Pneumonia,” N Engl J Med, vol. 382, no. 13, pp. 1199–1207, Mar. 

2020, doi: 10.1056/NEJMoa2001316. 

[64] J. Li et al., “Epidemiological and clinical characteristics of three family clusters of 

COVID-19 transmitted by latent patients in China,” Epidemiol. Infect., vol. 148, p. e137, 

2020, doi: 10.1017/S0950268820001491. 

[65] J. Li et al., “Incubation Period of Coronavirus Disease 2019: New Implications for 

Intervention and Control,” Jan. 18, 2021. doi: 10.21203/rs.3.rs-137093/v1. 

[66] C. Leung, “The difference in the incubation period of 2019 novel coronavirus 

(SARS-CoV-2) infection between travelers to Hubei and nontravelers: The need for a 

longer quarantine period,” Infect. Control Hosp. Epidemiol., vol. 41, no. 5, pp. 594–596, 

May 2020, doi: 10.1017/ice.2020.81. 

[67] J. J. Lee et al., “Importation and Transmission of SARS-CoV-2 B.1.1.529 (Omicron) 

Variant of Concern in Korea, November 2021,” J Korean Med Sci, vol. 36, no. 50, p. e346, 

2021, doi: 10.3346/jkms.2021.36.e346. 

[68] T. Q. M. Le et al., “Severe Acute Respiratory Syndrome Coronavirus 2 Shedding by 

Travelers, Vietnam, 2020,” Emerg. Infect. Dis., vol. 26, no. 7, pp. 1624–1626, Jul. 2020, 

doi: 10.3201/eid2607.200591. 

[69] Y. C. Lau et al., “Joint Estimation of Generation Time and Incubation Period for 

Coronavirus Disease 2019,” The Journal of Infectious Diseases, p. jiab424, Aug. 2021, doi: 

10.1093/infdis/jiab424. 

[70] C. Lai et al., “Shorter incubation period is associated with severe disease progression in 

patients with COVID-19,” Virulence, vol. 11, no. 1, pp. 1443–1452, Dec. 2020, doi: 

10.1080/21505594.2020.1836894. 

[71] W. Kong, Y. Wang, J. Hu, A. Chughtai, and H. Pu, “Comparison of clinical and 

epidemiological characteristics of asymptomatic and symptomatic SARS-CoV-2 infection: 

A multi-center study in Sichuan Province, China,” Travel Medicine and Infectious Disease, 

vol. 37, p. 101754, Sep. 2020, doi: 10.1016/j.tmaid.2020.101754. 

[72] T. Kong, “Longer incubation period of coronavirus disease 2019 (COVID‐19) in older 

adults,” Aging Medicine, vol. 3, no. 2, pp. 102–109, Jun. 2020, doi: 10.1002/agm2.12114. 

[73] D. Kong et al., “Pre‐symptomatic transmission of novel coronavirus in community 

settings,” Influenza Resp Viruses, vol. 14, no. 6, pp. 610–614, Nov. 2020, doi: 

10.1111/irv.12773. 

[74] K. Khonyongwa et al., “Incidence and outcomes of healthcare-associated COVID-19 

infections: significance of delayed diagnosis and correlation with staff absence,” Journal of 

Hospital Infection, vol. 106, no. 4, pp. 663–672, Dec. 2020, doi: 



10.1016/j.jhin.2020.10.006. 

[75] X. Jin et al., “Epidemiological, clinical and virological characteristics of 74 cases of 

coronavirus-infected disease 2019 (COVID-19) with gastrointestinal symptoms,” Gut, vol. 

69, no. 6, pp. 1002–1009, Jun. 2020, doi: 10.1136/gutjnl-2020-320926. 

[76] G. Jiang et al., “Aerosol transmission, an indispensable route of COVID-19 spread: case 

study of a department-store cluster,” Front. Environ. Sci. Eng., vol. 15, no. 3, p. 46, Jun. 

2021, doi: 10.1007/s11783-021-1386-6. 

[77] T. H. Jeong, C. Pak, M. Ock, S.-H. Lee, J. S. Son, and Y.-J. Jeon, “Real Asymptomatic 

SARS-CoV-2 Infection Might be Rare: the Importance of Careful Interviews and 

Follow-up,” J Korean Med Sci, vol. 35, no. 37, p. e333, 2020, doi: 

10.3346/jkms.2020.35.e333. 

[78] D. Je et al., “Demographics, clinical characteristics and outcomes among 197 patients with 

COVID ‐19 in the Gold Coast area,” Internal Medicine Journal, vol. 51, no. 5, pp. 

666–672, May 2021, doi: 10.1111/imj.15260. 

[79] C. Hua et al., “Epidemiological features and viral shedding in children with SARS‐CoV‐2 

infection,” Journal of Medical Virology, vol. 92, no. 11, pp. 2804–2812, Nov. 2020, doi: 

10.1002/jmv.26180. 

[80] Y. Han et al., “A comparative‐descriptive analysis of clinical characteristics in 

2019‐coronavirus‐infected children and adults,” Journal of Medical Virology, vol. 92, no. 9, 

pp. 1596–1602, Sep. 2020, doi: 10.1002/jmv.25835. 

[81] T. Han, “Outbreak investigation: transmission of COVID-19 starting from a spa facility in a 

local community in Korea,” Epidemiol Health, p. e2020056, Jul. 2020, doi: 

10.4178/epih.e2020056. 

[82] C.-X. Guo et al., “Epidemiological and clinical features of pediatric COVID-19,” BMC 

Med, vol. 18, no. 1, p. 250, Dec. 2020, doi: 10.1186/s12916-020-01719-2. 

[83] Y. Gao et al., “Epidemiological and clinical differences of coronavirus disease 2019 

patients with distinct viral exposure history,” Virulence, vol. 11, no. 1, pp. 1015–1023, Dec. 

2020, doi: 10.1080/21505594.2020.1802870. 

[84] F. Denis, A.-L. Septans, F. Le Goff, S. Jeanneau, and F.-X. Lescure, “Analysis of 

COVID-19 Transmission Sources in France by Self-Assessment Before and After the 

Partial Lockdown: Observational Study,” J Med Internet Res, vol. 23, no. 5, p. e26932, 

May 2021, doi: 10.2196/26932. 

[85] L. Deng and Z. Li, “Epidemiological and clinical findings of discharge patients infected 

with the 2019 novel coronavirus (SARS-CoV-2) in Changchun, Northeast China: a 

retrospective cohort study,” Acta Medica Mediterranea, no. 2, pp. 1147–1153, Apr. 2021, 

doi: 10.19193/0393-6384_2021_2_176. 

[86] J. Del Águila-Mejía, R. Wallmann, J. Calvo-Montes, J. Rodríguez-Lozano, T. 

Valle-Madrazo, and A. Aginagalde-Llorente, “Secondary Attack Rate, Transmission and 

Incubation Periods, and Serial Interval of SARS-CoV-2 Omicron Variant, Spain,” Emerg. 

Infect. Dis., vol. 28, no. 6, pp. 1224–1228, Jun. 2022, doi: 10.3201/eid2806.220158. 

[87] F. De Laval et al., “Lessons learned from the investigation of a COVID-19 cluster in Creil, 

France: effectiveness of targeting symptomatic cases and conducting contact tracing around 

them,” BMC Infect Dis, vol. 21, no. 1, p. 457, Dec. 2021, doi: 

10.1186/s12879-021-06166-9. 

[88] J. Dai, L. Yang, and J. Zhao, “Probable Longer Incubation Period for Elderly COVID-19 

Cases: Analysis of 180 Contact Tracing Data in Hubei Province, China,” RMHP, vol. 



Volume 13, pp. 1111–1117, Aug. 2020, doi: 10.2147/RMHP.S257907. 

[89] G. Chen et al., “Epidemiological analysis of 18 patients with COVID-19,” Eur Rev Med 

Pharmacol Sci, vol. 24, pp. 12522–12526, 2020. 

[90] L. T. Brandal et al., “Outbreak caused by the SARS-CoV-2 Omicron variant in Norway, 

November to December 2021,” Eurosurveillance, vol. 26, no. 50, Dec. 2021, doi: 

10.2807/1560-7917.ES.2021.26.50.2101147. 

[91] C. Bao et al., “COVID‐19 outbreak following a single patient exposure at an entertainment 

site: An epidemiological study,” Transbounding Emerging Dis, vol. 68, no. 2, pp. 773–781, 

Mar. 2021, doi: 10.1111/tbed.13742. 

[92] J. A. Backer, D. Klinkenberg, and J. Wallinga, “Incubation period of 2019 novel 

coronavirus (2019-nCoV) infections among travellers from Wuhan, China, 20–28 January 

2020,” Eurosurveillance, vol. 25, no. 5, Feb. 2020, doi: 

10.2807/1560-7917.ES.2020.25.5.2000062. 

[93] J. A. Backer et al., “Shorter serial intervals in SARS-CoV-2 cases with Omicron BA.1 

variant compared with Delta variant, the Netherlands, 13 to 26 December 2021,” 

Eurosurveillance, vol. 27, no. 6, Feb. 2022, doi: 

10.2807/1560-7917.ES.2022.27.6.2200042. 

[94] B. Areekal et al., “Risk Factors, Epidemiological and Clinical Outcome of Close Contacts 

of COVID-19 Cases in a Tertiary Hospital in Southern India,” JCDR, 2021, doi: 

10.7860/JCDR/2021/48059.14664. 


	Manuscript
	Supplementary Information

	pbs@ARFix@1: 
	pbs@ARFix@2: 
	pbs@ARFix@3: 
	pbs@ARFix@4: 
	pbs@ARFix@5: 
	pbs@ARFix@6: 
	pbs@ARFix@7: 
	pbs@ARFix@8: 


