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Abstract

Background: Use of online search and social media can help identify epidemics, potentially earlier than clinical methods or
even potentially identifying otherwise unreported outbreaks.  Monitoring for eye-related epidemics can facilitate early public
health intervention to reduce transmission and ocular comorbidities associated with outbreaks.  However, use of social media for
such monitoring is hindered by costs of laborious manual content review.  To address this limitation, we have shown utility of
large language models (LLMs) to assess probabilities of an outbreak from social media posts.  Knowing the probability alone
though may not be as informative to public health actions as also knowing more epidemiological characteristics about them, for
example knowing the outbreak type, size or which ones the most severe.

Objective: We assessed if and how well LLMs can classify essential epidemiological features from individual social media posts
beyond outbreak probability, including outbreak type, size, severity, etiology and location as well as other health conditions. We
employed a validation framework comprising synthetic, Twitter/X and forum posts, comparing an LLMs classification to other
independent LLM models and to human experts.

Methods: To develop effective prompts and test the capability of multiple LLMs, synthetic social media posts were generated.
These synthetic posts were embedded with specific pre-classified epidemiological features to simulate various outbreak and
control scenarios. To gauge the LLM’s practical utility in real-world epidemiological surveillance, top performing LLM inter-
model comparisons were made using Twitter/X and forum posts. Finally, human graders also classified a subset of posts and
their classifications were compared to a leading LLM for validation.  Comparisons entailed correlation, or sensitivity and
specificity statistics.

Results: Seven LLMs assessed for effectively classifying epidemiological data from diverse social media posts. Notably, GPT-4
and Mixtral 8x22b exhibited high performance in predicting outbreak characteristics like probability, size, and type.  Lower
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performing LLMs were successful for some classifications but not others. Despite strong correlations in comparative validations
and known values, discrepancies were noted in a few categories of human assessments. However, overall, the models
demonstrated a reliable capacity for nuanced epidemiological analysis across various data sources.

Conclusions: This investigation into the potential of LLMs for public health infoveillance suggests effectiveness in classifying
key epidemiological characteristics from social media content about conjunctivitis outbreaks.  Future studies may suggest that
while LLMs have potential to support public health monitoring, their optimal role may be to act as a first line of documentation,
assessment and classification of potential outbreaks, alerting public health organizations for follow-up of LLM-detected and
classified small early outbreaks with a focus on the most severe ones. Clinical Trial: n/a

(JMIR Preprints 09/08/2024:65226)
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Abstract 

Background:  Use of online search and social media can help identify epidemics, potentially
earlier than clinical methods or even potentially identifying otherwise unreported outbreaks.
Monitoring for eye-related epidemics can facilitate early public health intervention to reduce
transmission  and  ocular  comorbidities  associated  with  outbreaks.   However,  use  of  social
media for such monitoring is hindered by costs of laborious manual content review.  To address
this limitation, we have shown utility of large language models (LLMs) to assess probabilities of
an outbreak from social media posts.  Knowing the probability alone though may not be as
informative  to  public  health  actions  as  also  knowing  more  epidemiological  characteristics
about them, for example knowing the outbreak type, size or which ones the most severe.   

Objective:
We  assessed  if  and  how  well  LLMs  can  classify  essential  epidemiological  features  from
individual  social  media  posts  beyond  outbreak  probability,  including  outbreak  type,  size,
severity, etiology and location as well as other health conditions.  We employed a validation
framework comprising synthetic, Twitter/X and forum posts, comparing an LLMs classification
to other independent LLM models and to human experts.
 
Methods:
To develop effective prompts and test the capability of multiple LLMs, synthetic social media
posts  were  generated.  These  synthetic  posts  were  embedded  with  specific  pre-classified
epidemiological  features  to  simulate  various  outbreak and  control  scenarios.  To  gauge  the
LLM’s practical utility in real-world epidemiological surveillance, top performing LLM inter-
model comparisons were made using Twitter/X and forum posts. Finally,  human graders also
classified  a  subset  of  posts  and  their  classifications  were  compared  to  a  leading  LLM  for
validation.  Comparisons entailed correlation, or sensitivity and specificity statistics.  

Results:  Seven LLMs  assessed  for  effectively  classifying  epidemiological  data  from  diverse
social media posts. Notably, GPT-4 and Mixtral 8x22b exhibited high performance in predicting
outbreak  characteristics  like  probability,  size,  and  type.   Lower  performing  LLMs  were
successful for some classifications but not others. Despite strong correlations in comparative
validations  and  known  values,  discrepancies  were  noted  in  a  few  categories  of  human
assessments.  However,  overall,  the  models  demonstrated  a  reliable  capacity  for  nuanced
epidemiological analysis across various data sources.
 
Conclusions:
This  investigation  into  the  potential  of  LLMs  for  public  health  infoveillance  suggests
effectiveness in classifying key epidemiological characteristics from social media content about
conjunctivitis outbreaks.  Future studies may suggest that while LLMs have potential to support
public health monitoring,  their  optimal role may be to act as a first  line of documentation,
assessment and classification of potential outbreaks, alerting public health organizations for
follow-up of LLM-detected and classified small early outbreaks with a focus on the most severe
ones. 

Keywords:  Conjunctivitis,  large  language  models,  epidemiology,  social  media,  Twitter/X,
Forums
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Introduction

The use of online search and social media in health research to detect epidemics or outbreaks
could potentially allow identification of epidemics more quickly than clinical surveillance or
detection  of  epidemics  that  might  have  otherwise  gone  unreported  1-51. Conducting  such
analyses  using social  media  posts  requires  natural  language understanding of  social  media
content, and has been limited by the costs of human raters or alternatively by the insufficiency
of  computational  natural  language  processing 41,  44,  45,  49,  51-54 .  More  recently  large  language
models have been explored as an alternative tool for this purpose50, 51, 54-56.

Monitoring ocular health to detect eye-related epidemics can reduce risks to eye health and
lessen the overall societal impact57, 58. Surveillance can also act as an early indicator of systemic
diseases,  including  COVID-1959-62 or  vision  threatening  effects  of  contaminated  eye  care
products63. Social media content has potential to improve monitoring, but currently requires
costly manual review of post content.  Recently, we studied the potential of a large language
model to determine if outbreaks of conjunctivitis might be detected based on the content of
Twitter posts about the condition50. We investigated whether GPT-3.5 and GPT-4, can provide
probabilistic  assessments  of  whether  or  not  social  media  posts  (Twitter,  now  X)  about
conjunctivitis  could  indicate  an  outbreak.  Mean  probabilistic  assessments  from  GPT-4
correlated well with human raters, with r=0.60 (95% CI: 0.47–0.70). The mean of these elicited
percentages  from  tweets  about  conjunctivitis  correlated  with  Tweet  volume  and  with  the
occurrence of some known epidemics.   We did not assess the ability of LLMs to assess the
probability of epidemics based on content sourced from other forms of social media such as
online  forum  discussions  or  blogs.  In  addition,  we  observed  that  quantitative  analysis  of
clusters of posts for time series of counts over time can be insufficient as it requires enough
posts for detecting differences in counts of posts over time. It is possible that in some instances,
there may never be enough cases for a statistical analysis such as this.  

Our prior study led us to conjecture that even one individual post about an epidemic may allow
for public health identification of probable outbreaks, including very small or early outbreaks
not detectable yet using analyses of timeseries counts per day, clinical data, or other means.
Furthermore,  we have hypothesized that there may be potential  of LLMs to extract reliable
information not just about the probability of epidemics, but also about the characteristics (such
as severity or cause) of suspected conjunctivitis epidemics.  Theoretically, this might allow us to
identify  epidemics,  including  severe  ones,  from  single  posts  and  without  the  need  for  a
significant  volume  of  searches  or  posts  for  time  series  count  changes.  This  method  could
potentially yield an advantage in identifying epidemics earlier than clinical cases emerge or
before  data  are  available  for  analysis,  or  to  potentially  identify  posts  that  target  small  but
severe  epidemics,  earlier  than observable  from  time  series  counts  of  clinical  cases,  online
searches, or social media posts. 

To  use  an  LLM  model  to  identify  characteristics  of  outbreaks  with  a  wide  range  of
characteristics (e.g. one household vs. a state, mild cases vs. severe cases, infectious vs. allergic
or environmentally caused, systemic vs. only ocular, bacterial vs. viral), we must first have a set
of  posts that  represent this  wide range of characteristics.   The potentially  more important
outbreaks, such as those causing AHC, may appear rarely in social media due to their being very
rare in general.  As a solution to using an LLM model to properly characterize such unique and
rare posts,  one solution used in the field is to use a model of synthetic posts that are pre-
classified for representing a full range of characteristics – including rare but important events4,
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64-67. Preclassified values (for example a post with a known conjunctivitis health impact severity
level of “mild’ vs. severe”) also provide an efficient approach to training and testing a model for
sensitivity  and  specificity,  as  it  bypasses  the  traditionally  very  time  consuming  and  costly
process of humans assigning classification scores to posts after obtaining the posts. Numerous
other advantages for creating and using synthetic social media posts include allowing large
quantities of data at very low cost which helps powering for statistical analyses, full control
over  variables  allowing for  more  certainty  in  experiments,  content  modification as  needed
during iterative model  development and refinement,  and full  privacy,  66,  67.   For all  of  these
reasons, we created and used synthetic posts in this current study, allowing us to develop our
model before validating findings with human subject matter experts.   

LLMs are becoming highly used in all  fields,  including health54-56,  68.   An emerging theme of
importance is repeated, domain-specific validation of LLM outputs along with the theme of
how impractical that may be for humans.  Numerous solutions have been proposed, including
use of multiple LLMs either as ensemble or chained LLM models to leverage the strengths and
weaknesses, as well as use of one LLM to assess the validity of the output of another LLM 51, 54, 55,

69-74. Such an approach allows a highly scalable automated assessment and correction without
human validation limitations.  In our study we took this such approach as a general means to
validate the output of one LLMs classification of epidemic characteristics by determining the
sensitivity and specificity of that LLM’s output compared to that of other leading independent
LLM platforms. In this manner, there is potential to complement human validation efforts in an
affordable and statistically centered approach.     

The aims of this infoveillance study were therefore to ask: in addition to the probability of an
outbreak,  can an LLM classify key significant epidemiological  outbreak characteristics
(outbreak  size  and  type,  severity  and  etiology  of  cases,  other  health  conditions
mentioned)  from  individual  social  media  posts  originating  from  a  number  of  social
media  platforms?  We  test  the  general  hypothesis  that  the  correlation,  sensitivity,  and
specificity results would be better for some LLMs than others, and be better for some of these
simpler features being assessed (e.g.  probability  or  type of outbreak)  more than harder to
discern features (e.g. severity of etiology of cases).  Using a diverse set of 7 LLMs to conduct
several  tiers of  validations,  we assess if  LLMs can provide probabilistic  assessments of the
chance  each  post  corresponds  to  an  outbreak,  and  classify  other  characteristics.  We  have
implemented  a  validation  framework  using  synthetic  data  with  pre-defined  characteristics,
allowing us  to  assess  LLM performance  against  a  gold  standard.  We  also  use  comparative
validation  between  LLMs,  and  human  validation  by  domain  experts  to  further  strengthen
reliability  of  our  findings  for  posts  from  multiple  social  media  platforms.   If  successful,
leveraging these classifications could enable us to study the nature of outbreaks including those
that  may  never  be  present,  detected  or  well-characterized  in  clinical  datasets,  and  it  has
potential  for identifying higher-risk severe epidemics which in turn could aid public health
authorities in taking timely actions specifically targeted to address severe outbreaks earlier.  

Methods

Methods Overview 
LLMs were used to extract  and analyze public  health information from social  media  posts,
focusing on classifying outbreak characteristics (probability, size, type, severity, other health
conditions,  etiology).  First,  for efficient model development and to rigorously evaluate LLM
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capabilities,  we  developed  a  framework  for  generating  synthetic  social  media  posts  with
predefined  epidemiological  characteristics,  using  templates,  controlled  vocabularies,  and
random sampling. This allowed generation of diverse posts simulating various pre-classified
outbreak scenarios, health conditions, and demographics, spanning a wide range of conditions,
including rare ones for LLM assessment. From an initial pool of multiple different LLMs, we
identified top performers based on their performance on these synthetic datasets after fine-
tuning prompts for specific tasks. We then assessed LLM performance using a combination of
correlation analysis, sensitivity and specificity calculations, and human validation by domain
experts. 

Data:

Twitter/X and Forum Posts: We collected social  media posts from the Twitter microblogging
service (subsequently rebranded as X) as well  as from online Forums,  and Blogs using the
Brandwatch interface. To obtain posts about conjunctivitis, we used a Boolean query containing
words  in  multiple  languages  representing  conjunctivitis  (eg,  “conjuctivitis,”  “conjuntivitis,”
“conjuntivite,” and “pink eye”).   We tailored the query to enrich for posts about outbreaks of
conjunctivitis  (of  any  size)  where  cases  and  symptoms  were  described  and  to  exclude
irrelevant or unrelated content, such as that related to animals, artistic or literary references,
obscenities, celebrities or public figures having pink eye.   Multimedia Appendix 1 provides the
Boolean query details. The data cutoff window began on October 16, 2018 (October 16, 2020,
for Twitter/X posts), and ended on October 16, 2023. The data were exported on October 23,
2023.

Generation of Synthetic Posts with predefined epidemiologic parameter values:  We designed a
modular  system  to  allow  generation  of  synthetic  posts  in  which  the  classifications  for  all
parameters  of  interest  were  pre-assigned  (and did not  need to  be  extracted manually)  for
planned comparisons to the values of these parameters extracted from LLMs. This allowed for
rapid  assessment  of  any  given  LLM  platform’s  ability  to  extract  information  of  interest,
comparing values elicited by the LLMs to values pre-assigned to each post for all parameters of
interest in the posts.  The synthetic posts were constructed by combining components from
predefined categories, specifically: outbreak probability indicators, outbreak settings, disease
severity  descriptors,  causative  organisms,  and  associated  symptoms.  We  selected  these  at
random, and concatenated components from each category based on specified probabilities to
generate plausible posts.  Disease severity was defined as the maximum severity among the
components  within  a  post.  Non-epidemic  phrases  and  non-infectious  forms,  such  as
environmental  causes,  were incorporated probabilistically  to  ensure a diverse  dataset  with
controls.  More  details  of  the  post  creation  algorithm are  provided  in  the  Supplement.  We
generated 1152 synthetic posts using the algorithm, which was implemented in R v. 4.3 for
MacIntosh (R Foundation for Statistical Computing, Vienna, Austria).
 
Iterative prompt development using a training set of synthetic posts
 
We used a training set of synthetic posts (separate from the set used in testing and analysis
later) to improve our prompts, optimizing the success rate of LLM outputs for identifying the
correct pre-defined values for parameters of interest in each synthetic post.   We continued this
iterative  process  until  achieving  consistent  and  adequate  results (based  on  GPT-4-0314).
Prompt optimization led us to the following prompt used in our subsequent testing studies
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described below.  
 
Optimized LLM prompt
 
For our testing studies below, we used the following optimized user prompt for each LLM (with
slight  variations  per  LLM  to  accommodate  any  LLM-specific  technical  formatting
requirements).   For  some API’s  that  allowed them,  we also included a system prompt 75 to
convey a public health analyst role to the LLM. Such a system prompt may reduce the chance
that  the  LLM  will  respond  with  helpful  advice  (such  as  telling  the  user  to  seek  medical
attention), respond with disclaimers, or refuse to answer the query.

SYSTEM PROMPT:  "You are  a  health analyst  for  a  Department of  Public  Health.  You are
summarizing what individuals are saying in social media posts, helping to distinguish reports
of rumors, discussions of movies, and so on from reports of actual cases of disease."

USER  PROMPT: "For  every  snippet  provide  the  following:  how certain  are  you  that  this
snippet is about a multiperson outbreak of pink eye occurring at the time the snippet was
posted? A single case with no other evidence of spread or other infected people  should
correspond to a somewhat low probability. Suggestions of numerous people affected at one
or multiple location or groups impacted (things like \"everyone at...\" or \"the entire district
of...\"  or  \"...something is  cancelled\" or \"my work is  empty\"  or \"something is  closed
today due to\" or \"school closed\" or \"daycare closed\") should have a higher probability,
and  the  more  people  affected,  the  higher  the  probability  should  be.  Any  obvious
conjunctivitis epidemic with more than one person should receive a high score. If it's about
pink eye in non-human animals, then the probability is 0%. If it seems like it is not about a
real-life occurrence (for example if it is about dreams, or about fake news, or about rumor, or
about a fictional movie or tv shows, or literary fiction, etc.) then assign a probability of zero
0%. Assume all symptoms mentioned are ones that can occur in real life though, even things
like \"can't taste\" or \"can't smell\" or \"lymph nodes\" are real symptoms. Assume none of
these  snippets  are  about  fictional  characters.  Do  NOT  guess  at  location,  just  use  the
information provided for location. In addition, provide an estimate of the severity on health
(mild, moderate, strong, severe, where \"mild\" is not significant, \"moderate\" has some
impact on health, \"strong\" has serious health impact and \"severe\" is life-threatening).
Also provide the type of outbreak: \"allergic\", \"infectious\", \"environmental\" (swimming
pools, pollution, toxic spills, smoke, wildfires), or \"infectious-AHC\" (AHC is very severe and
typically includes extremely red, bloody or bleeding or blistering eyes, vision loss and other
severe symptoms). If there is content about drugs or drug usage  (i.e. smoking weed, pot,
marijuana, a joint, a bowl, a bong), getting high, sparking up,  other slang terms like \"Mary
Jane\",  \"bud\",  \"ganga\",  \"reefer\",  \"chronic\",  \"herb\",  \"spliff\",  \"roach\",  \"a j\")
then consider the type of outbreak as \"environmental - drugs\". If you determine that the
cause is infectious, please also tell us whether it is viral or bacterial. Also, tell us the health
condition  or  disease  being  discussed  (e.g.  conjunctivitis,  flu,  broken  leg,  etc.)  In  your
responses, label each answer. When you tell us the snippet ID, write \"snippet ID:\" followed
by the snippet ID.  When you tell us the location, write \"location:\" followed by the location,
and so forth.  Respond in the form of snippet ID,  location,  a numeric  percentage of the
probability between 0% and 100%, and then provide a numeric value for the number of
people affected based in part on the estimated population of the location and how many of
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them might be affected (provide a NUMBER of people, do NOT provide a categorical term
like low or high, instead provide an actual estimated number), type of outbreak and cause if
infectious conjunctivitis, a list of the symptoms, the severity on health, the health condition
or disease being discussed, and provide a brief explanation of your answer.  Given this single
snippet: \"{}\"",

Selection and interface with LLMs used in our study 
 
In  general,  we  chose  LLM  platforms  that  are  more  commonly  used  and  published  in  the
literature as well as on availability and accessibility.  We used the following LLMs in the current
study:  GPT-3.5  (specifically  gpt-3.5-turbo-0613),  GPT-4  (specifically  GPT-4-0314),  GPT-4o
(gpt-4o-2024-05-13) (OpenAI,  San Francisco);  Sonnet 3 (Anthrop\c,  San Francisco); Mixtral
8x22B (Mistral AI, Paris, France); and LlaMa 3 70B (Meta AI, New York, New York).  To send
prompts and receive responses, we used vendor-provided APIs for OpenAI and Anthropic.  We
conducted inference for Mixtral  8x22B and LlaMa 3 on the Octo Labs platform (Octo Labs,
Seattle, WA).  A temperature of 0.0 was used for each inference. 
 
 
Comparison of different LLMs’ abilities to extract epidemiological characteristics from posts using
a testing set of synthetic posts
 
After prompt optimization, we then generated a test set of 1,152 synthetic posts for conducting
subsequent studies to submit the prompt above and collect the outputs for the LLMs described
above.   For  the  most  part,  LLMs  responded  with  semi-structured  outputs,  for  example:
“Snippet  ID: K1428,  Location: household  implied,  Probability: 85%,  Number  of  People
Affected: 3-5  (assuming  a  typical  number  of  children  in  a  household),  Type  of  Outbreak:
Infectious (likely viral),  Symptoms: Pink eye,  Severity on Health: Moderate,  Health Condition
or Disease: Conjunctivitis (pink eye),  Explanation: The snippet describes a household situation
where multiple children are sick with pink eye. The phrase "filled with sick kids" suggests that
more than one child is affected, indicating a multiperson outbreak within the household. Although
the exact number of sick children is not specified, the context implies a significant number. The
urgency  implied  by  "help!"  indicates  concern,  but  there  are  no  life-threatening  symptoms
mentioned, so the severity is considered moderate. The cause is likely infectious, probably viral,
given the spread among children in a shared living environment.” 

After collecting outputs, using an LLM chain approach, we then used the following LLM prompt
to extract these variables (among others) into structured format from the raw single-paragraph
LLM replies:  (1) location,  (2) probability,  (3) number affected,  (4) the type of outbreak, (5)
severity,  and (6) health conditions.   To assess the information provided by the LLMs regarding
the health  conditions,  we used  sciSpacy (Allen AI)  for  named entity  recognition,  based  on
en_core_sci_lg  and  the  Unified  Medical  Language  System  (UMLS)  vocabulary.   This
entailed  some  modifications  (for  example  the  word  ‘croup’  needed  to  be  converted  to
`laryngotracheobronchitis’ first to avoid unwanted conversion of “croup” into “group”), and we
also used the Python TextBlob package to further correct occasional misspellings.

DATA EXTRACTION PROMPT:   "secprompt" : "Please use the information provided to fill out
the  XML  form  fields  indicated:  <location>  </location>  <probability>  </probability>
<number_affected>   </number_affected>  <type_of_outbreak>  </type_of_outbreak>
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<cause></cause>  <severity></severity>  <symptoms>  </symptoms>  <healthcondition>
</healthcondition>  <explanation>  </explanation>.   Include  the  answer  between  the
matching  tags;  for  instance,  a  probability  of  X%  would  be  indicated  as
<probability>X%</probability>.  Please do not change the format of probabilities given as
percentages; leave percentages in their original form.  Express number_affected in the form
of a Hindu-Arabic numeral; do not use words. Given this information: \"{}\""

Analytic Methods to Compare  LLM values to Synthetic Posts Values

Gold Standard Source: The data for this study were obtained from synthetic social media posts,
referred  to  as  "Synthetic  Posts,"  which were generated  to  simulate  real-world scenarios  of
outbreak reporting. The gold standard data consisted of epidemic probability score, severity
categorizations,  and  etiological  classifications  pre-assigned  to  the  components  of  these
synthetic posts at the time of their creation.  Of the posts assessed by each LLM most of the
posts were about conjunctivitis in one form or another and a small number were exclusively
about other conditions.   

Validation Measures and Evaluation Criteria for Epidemiological Characterizations

Each  LLM’s  assessment  of  the  epidemiological  characteristics  were  then  validated  by
comparing to the predefined gold standard values of the synthetic posts as described below.  To
compare these with the gold standards, we conducted statistical analysis as follows. 

1)  Outbreak Probability:  To assess the probability  of  an outbreak as predicted by the LLM
model, we calculated the Pearson correlation coefficient between the gold standard probability
scores and the model's assigned probabilities of an outbreak. Synthetic posts labeled as not
about conjunctivitis at all were excluded to ensure consistency in the analysis.  

It is important to note that for all additional measures below, if the outbreak probability pre-
assigned to the synthetic post was less than 20%, the LLMs often refused to provide results for
the prompts other than the probability of an outbreak (the LLMs often mentioned seeing no
reason to continue assessing outbreak characteristics if they did not think the post was about a
true outbreak). Therefore, for assessment of all variables below (i.e. except for Outbreak (OB)
Probability)  we only used the set  of  posts where the probability  score  pre-assigned to the
synthetic  was  20% or  above.  In  addition,  results  from posts  that  were  entirely  not  about
conjunctivitis  were  only  included  in  our  assessments  to  identify  other  health  conditions
mentioned in a post.  

2)  Outbreak  Size  (#  of  Cases):  The  relationship  between  the  gold  standard  outbreak  size
category and the LLM’s estimated numeric outbreak size was evaluated using Spearman's rank
correlation coefficient.  3)  Outbreak Severity of Cases:  The fraction of records where the gold
standard  severity  was  within  one  level  of  the  model's  assigned  ordinal  severity  was
determined.  4)  Type of Outbreak:  For each of the 4 types of outbreaks (Infectious, Allergic,
Environmental and Acute Hemorrhagic Conjunctivitis (AHC), the sensitivity and specificity of
the LLM model in identifying each outbreak type was compared to the gold standard. 5) Health
Conditions: The sensitivity and specificity of the LLM model in identifying the following health
conditions  in  each post  were compared  to  the  gold standard:  for  conjunctivitis,  COVID-19,
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influenza,  gastrointestinal  illness,  croup,  lice  infestation,  and  broken  leg.  6)  Community
Location: To compare the LLM location outputs to the gold-standard pre-defined synthetic post
location values, we used mean cosine similarity76 with Bidirectional Encoder Representations
from Transformers (BERT, Google, Mountain View). We used the BERT model and tokenizer77

(accessed from the Hugging Face transformers Python library, Hugging Face, Brooklyn, New
York) to tokenize input texts, generate contextual embeddings, and compute cosine similarity
between these embeddings to measure semantic similarity between location text pairs.

Confidence Intervals
To calculate the  95% confidence intervals of all sensitivity, specificity and percent agreement
results shown, the exact (Clopper-Pearson) method was used. To calculate the 95% confidence
intervals of all correlation coefficients shown, z transformation method was used.  

Software and Environment
Statistical analysis was conducted using R version 4.2.0 for Macintosh. The sciSpacy package
and all API calls were conducted through Python 3 on an Ubuntu Linux cloud server.

Validation of GPT-4 classification of epidemiological characteristics from synthetic posts by cross-
comparing  to  other  LLMs  classifications  of  epidemiological  characteristics  from  the  same
synthetic posts.

After identifying one of the more successful LLMs (GPT-4-0314, referred to as GPT-4 below) to
extract classification of epidemiological characteristics from synthetic posts (above) we then
sought to validate its ability to classify epidemiological characteristics compared to other LLMs.
This would allow us to determine if top performing LLMs, from completely different companies
and platforms, had found similar results.  In this way, we used GPT-4 as the standard to validate
the results obtained with other LLMs.  We conducted this using the same set of 1,152 synthetic
posts as in the prior section above (comparing LLM results to gold standard from synthetic
posts).   The methods used and components assessed (Outbreak Probability,  Outbreak Size,
Outbreak  Severity  of  Cases,  Type  of  Outbreak,  Health  Conditions)  were  identical  to  that
described above, with the exception that the standard values in these assessments were the
GPT-4 extracted values, rather than the gold-standard pre-defined values of the synthetic posts.
Success of the different leading LLMs to classify epidemiological characteristics similarly to
GPT-4 would suggest  we  could  also use  this  approach to  help  validate  the  results  of  LLM
classification of epidemiological characteristics of real world posts, comparing the results from
GPT-4 to that of other unrelated LLMs. Leading to our next comparative assessment below.

Validation of GPT-4 classification of epidemiological characteristics from real-world Twitter/X and
Forum posts by cross-comparing to other LLMs classification of epidemiological characteristics
from the same set of real-world posts

We then assessed ability  of  LLMs to extract  classification of  epidemiological  characteristics
from a set of  real  world Twitter/X posts and from a set  of  Forum posts,  using GPT-4 as a
surrogate standard since there was no gold standard for classification of parameters in these
posts.   The components assessed and methods used were identical to that described above
(Outbreak Probability,  Outbreak Size,  Outbreak Severity of  Cases,  Type of Outbreak,  Health
Conditions), with the exception that the standard values in these assessments were the GPT-4
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extracted values for the Twitter and Forum posts. Results from other LLMs were compared to
these GPT-4 values.  Similar results between LLMs from different companies and platforms,
could help validate result of GPT-4, but an additional approach would be to validate GPT-4
results using human graders. This approach is described below.

Human Validation: GPT-4 classification of epidemiological characteristics from posts

Having established success with GPT-4 to extract characteristics, validated by other LLMs, from
real-world  posts,  we  then  conducted  validation  studies  using  human  graders,  classifying
epidemiological characteristics of posts in a fashion similar to our prior study 50, but with more
participants and more variables to be graded. 

Training phase 
Two groups  of  human graders  participated  in  this  study:  two individuals  with  no  medical
training  (non-expert  graders)  and  two  trained,  practicing  ophthalmologists  specializing  in
surface  diseases  (expert  ophthalmologists).  All  human graders  underwent  a  training  phase
conducted  via  Zoom  with  one  of  our  study  team  members,  and  using  Qualtrics  surveys
(Qualtrics International Inc). This training phase aimed to familiarize graders with the task,
ensure consistency in their assessments, and introduce them to the nuances of social media
language. The training phase consisted of two distinct sets, each containing 20 posts (not all
posts were necessarily used in the training).   During the first  training set,  for each section
(outbreak  size,  type,  severity,  etc.)  human  graders  collaboratively  reviewed  the  original
prompts provided to the LLMs and then reviewed instructions provided to them on how review
each post and assign classifications and/or probability scores using a Qualtrics survey. This
was followed by a facilitated group discussion to address discrepancies in classifications and
familiarize graders with social media communication styles, including the use of hashtags and
sarcasm. For the second training set, graders independently reviewed the posts and assigned
classifications  and probability  scores  using  a  Qualtrics  survey.  A  brief  discussion was then
conducted to ensure consensus and further refine their classification skills.

Testing Phase 
Following  the  training  phase,  for  each  epidemiological  characteristic,  human  graders  were
again provided the original LLM prompts and the human instructions for each section, and then
independently assessed a testing set of posts in a separate Qualtrics survey. This testing set
excluded any posts used in the training phase. Graders assigned classifications and probability
scores  without  any  knowledge  of  other  graders'  or  GPT-4's  classifications,  ensuring  an
unbiased assessment.  

Epidemiological Characteristics Assessed in Qualtrics Test Sets 
The  non-expert  human  graders classified  posts  across  five  characteristics:  Outbreak
Probability,  Outbreak  Size,  Type  of  Outbreak,  Severity  of  Outbreak,  and  Health  Conditions
Mentioned. The  expert trained surface disease practicing ophthalmologists classified the
same set of testing posts as the non-expert graders, focusing on Type of Outbreak and Severity
of Outbreak and one additional characteristic of etiological cause, using the same questions and
response options. Details are as follows and instructions from the Qualtrics for each item below
are presented in the Appendix “Qualtrics Details” section.  Outbreak Probability: For 72 posts
(24 Synthetic, 24 Twitter/X, 24 Forum) graders were asked, "How certain are you that this
snippet is about a multiperson outbreak of pink eye occurring at the time the snippet was
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posted?" and provided with response options ranging from 0% to 100% in increments of 10%.
Severity of Outbreak: For 90 posts (38 Synthetic, 26 Twitter/X, 26 Forum) graders chose one
the  following  response  options:  "NOT  SPECIFIED",  "MILD",  "MODERATE",  "STRONG",  and
"SEVERE". Outbreak Size: the same 90 posts, were assessed by asking graders to provide their
best numerical estimate of affected individuals based on the post content, with the option to
input "N" if the size was not defined.   Type of Outbreak: for the same 90 posts, graders selected
from the following options: "NOT SPECIFIED", "ALLERGIC", "INFECTIOUS", "ENVIRONMENTAL",
and "AHC-INFECTIOUS".  Health Conditions Mentioned: For 50 Synthetic posts, graders were
asked to list any health conditions discussed in the post, excluding individual symptoms unless
considered a known health condition. Etiological cause:  For the set 90 posts (38 Synthetic, 26
Twitter/X, 26 Forum) used above, we also used a modified LLM prompt, with the following
language specific to etiology that we used to elicit responses from GPT-4. In Qualtrics, the two
trained  surface  disease  practicing  ophthalmologists  were  given  instructions  to  assign  an
infectious or non-infectious cause for each of the 90 posts, choosing from the same 6 etiology
categories as provided in the LLM prompt ("NOT INFECTIOUS", "INFECTIOUS: UNSPECIFIED",
"BACTERIAL", "VIRAL: UNSPECIFIED", "VIRAL: COVID-19", "VIRAL: AHC"). See the appendix for
the modified GPT-4 etiological cause prompt.

Statistical Analysis of Human Classifications 
Assessment of the human classification of these components were identical to that described
above (Outbreak Probability, Outbreak Size, Severity of Cases, Type of Outbreak, Other Health
Conditions) with the exception that the human values were compared to that of GPT-4 and for
etiological cause the MD specialist was treated as the gold standard.  Sensitivity refers to the
model's  ability  to  correctly  identify  positive  cases,  while  specificity  refers  to  its  ability  to
correctly identify negative cases.  The  bincmp function was used to calculate sensitivity and
specificity  for  each cause.  This  function  compared the  binary assessments  from the  GPT-4
model against the MDs' assessments. For any result where the denominator was less than 5, we
present results simply as a ratio rather than as a fraction.   For etiological cause, outputs were
calculated for all 3 sources of posts combined, as well as for each individual source (Synthetic,
Twitter/X, Forums).

Results

Overall Summary of multiple LLM Responses to Synthetic posts, Twitter/X posts and Forum posts
 
The overall ability of the LLMs to respond in the format that we desired was high, as all of these
6 LLMs yielded usable responses to all 1152 synthetic posts, all 370 Twitter/X posts, and all
290 forum posts, except that GPT-4o failed to produce a usable result for one of the forum
posts. As in our previous study with Twitter/X posts and GPT-4 50, in this study we observed
that the ability of multiple LLMs to summarize the content and characterize epidemiological
characteristics of the synthetic posts, Twitter/X posts and Forum posts seemed quite reliable
and surprisingly nuanced – with different abilities between LLMs. Table 1 presents a selection
of GPT-4's prompt responses for synthetic posts, Twitter/X posts, and Forum posts. To ensure
privacy, identifiers in posts have been redacted.

Table 1. Selected examples of GPT-4 prompt responses for synthetic posts, Twitter/X posts
and Forum posts.  Twitter/X and Forum Posts have been redacted where indicated with square
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brackets to de-identify them. Some longer explanation content has been truncated, indicated with
“...”, in order to save space.  Posts were selected to show a range of epidemiological characteristics
for each source of post. 
Source and Original Snippet GPT-4 Characteristics GPT-4 explanation
Source:  Synthetic
Snippet:  'our  whole  household
attedning   Montepuez,
Mozambique  complinaing  about
diarrhea  with  headache  and  pain
in limbs combined with emergency
room'

Probability:  0%
Size:  0
Type:  Not  applicable
Severity:  Not applicable
Etiology: Not applicable

The  snippet  does  not  mention  pink  eye  or
conjunctivitis,  so  the  probability  of  a  multiperson
outbreak  of  pink  eye  is  0%.  The  symptoms
mentioned are not related to pink eye. The health
condition being discussed is not specified,  but the
symptoms  suggest  a  gastrointestinal  issue.  The
severity on health is not specified in the snippet.

Source:  Synthetic
Snippet:  'in  my  dream  in
Epecuen,  Argentina  complinaing
about pinkneye with hayfever and
itchy and swollen'

Probability:  0%
Size:  0
Type:  N/A
Severity:  N/A
Etiology: N/A

The snippet mentions a dream, which indicates that
this  is  not  a  real-life  occurrence.  Therefore,  the
probability of a multiperson outbreak is 0%. No real
people are affected, and no real symptoms or health
conditions are being discussed.

Source:  Synthetic
Snippet:  'lotta  peeps  attedning
The  Yellowstone  National  Park
seemt  to  have  conjunctivitis  with
allergy  and  IntenseÂ  itching  with
concerned'

Probability:  70%
Size:  hundreds
Type:  Allergic
Severity:  Mild
Etiology:  Not applicable

The snippet suggests that multiple  people visiting
Yellowstone  National  Park  are  experiencing
symptoms  of  conjunctivitis,  specifically  intense
itching,  which  is  often  associated  with  an  allergic
reaction.  However,  without  more  specific
information,  it\'s  difficult  to  determine  the  exact
number  of  people  affected  or  the  cause  of  the
outbreak.  The  severity  is  considered  mild  as
conjunctivitis, while uncomfortable, is typically not
life-threatening.

Source: Synthetic
Snippet:  'vision  problems  with
clearly  an  outbreak  in  Bourbon
Street complinaing about pink eyes
with  bleeding  and  fluid-filled,
blister-like  growths on top of  the
eye surface (chemosis) with eyelid
swelling  and  pain  and  decreased
vision'

Probability: 90%
Size: 100
Type: Infectious-AHC
Severity: Severe
Etiology: Virus

The snippet describes an outbreak of pink eye with
severe  symptoms  such  as  bleeding,  blister-like
growths, and decreased vision, which are indicative
of Acute Hemorrhagic Conjunctivitis (AHC), a severe
form of  conjunctivitis.  The  location is  specified as
Bourbon Street, and the use of the term “outbreak"
suggests  that  multiple  people  are  affected.
Therefore…

Source:  Forums
Snippet:  'I  just  called  my  ped
about the same thing! He said that
viral pink eye is spreading around
right  now.  My  [child’s  name]  has
had it for a week.'

Probability:  70%
Size:  2
Type:  Infectious
Severity:  Mild
Etiology:  Viral

The  snippet  suggests  that  there  is  a  current
outbreak  of  viral  pink  eye,  as  confirmed  by  a
pediatrician. The user's child has been affected, and
it's implied that others in the community may also
be  affected.  However,  without  more  specific
information  about  the  location  or  the  number  of
people  affected,  it's  difficult  to  provide  a  more
accurate  estimate.  Pink  eye  is  typically  a  mild
condition,  although  it  can  be  uncomfortable  and
highly contagious.

Source:  Forums
Snippet:  '...to  the  rule,  but  they
told  us  blocked  tear  duct  and  it
was  bacterial  conjunctivitis.  She
ended up spreading it to big sister
and me!'

Probability:  100%
Size:  3
Type:  Infectious
Severity:  Moderate
Etiology: Bacterial

The  snippet  clearly mentions that  the person had
bacterial  conjunctivitis  and  it  was  spread  to  two
other people. This indicates a small-scale outbreak
of an infectious disease. The severity is considered
moderate  as  bacterial  conjunctivitis  can  cause
discomfort  and  temporary  vision  problems  but  is
not typically life-threatening.

Source:  Forums
Snippet:  '...know  Pink  eye  that
easily  infectious.  Hopefully
everyone recovers with no lasting

Probability:  90%
Size:  thousands
Type:  Infectious
Severity:  Moderate

The  snippet  mentions  an  outbreak of  pink eye  in
multiple  countries,  suggesting  a  widespread
infectious  event.  However,  without  more  specific
information,  it\'s  difficult  to  determine  the  exact
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damage. I just saw that India had
an  outbreak  in  August  too,  it
sounds like  it  spread to Pakistan.
Damn, I saw it spread to Vietnam
too Conjunctivitis (pink eye) sees a
spike  in  cases  in  Vietnam,  India
and Pakistan Oh my God. Close all
travels. And I do mean ALL. ALL...'

Etiology:  Not  specified number  of  people  affected  or  the  cause  of  the
outbreak.

Source:  Twitter/X
Snippet:  '[@username]  god  next
thing  we  know  there's  gonna  be
someone  spreading  pink  eye
around

Probability:  10%
Size:  1
Type:  Infectious
Severity:  Not  specified
Etiology: Not specified

The  snippet  suggests  a  hypothetical  situation  of
someone spreading pink eye, but it does not provide
concrete evidence of an actual outbreak. The \/j\" at
the end of the post indicates that the user is joking

Source:  Twitter/X 
Snippet:  'When  it  rains  it  pours
😭😭 Pink eye-3 [surname] family-
1  Here’s  hoping  it’s  done
spreading and we can finally kick
its butt!'" 

Probability:  70%
Size:  4
Type:  Infectious
Severity:  Moderate
Etiology: Not specified

The  snippet  suggests  a  family  (the  [surname]
family) has been affected by pink eye, with at least
three members infected. The phrase ‘Here’s hoping
it’s  done  spreading"  suggests  it's  an  infectious
outbreak. However…

Source:  Twitter/X 
Snippet:  'There’s  some  weird
virus going around that has all the
cold/flu  symptoms,  fever,  super
sore throat, ear pain and pink eye.
It  has  ran  through my household
and  I’m  feeling  like  death  right
now. 😭😭😭'" 

Probability:  80%
Size:  5
Type:  Infectious
Severity:  Strong
Etiology:  Viral
conjunctivitis

The  snippet  suggests  a  multi-person  outbreak  of
pink  eye,  likely  viral  given  the  accompanying
symptoms  of  cold/flu,  fever,  sore  throat,  and  ear
pain.  The  user  mentions  it  has  ran  through  my
household

Results of Comparative LLM Analyses and Validations

Results of the top performers for many of the different comparisons made are shown in Table 2,
which focuses on evaluating the ability of LLMs to accurately classify key characteristics of
potential epidemics from social media content, for outbreak probability, size, severity, type and
for other health conditions mentioned.  Descriptions of the table for each set of comparisons in
the table are provided below for: validating LLMs against known values, comparing LLM results
to each other validations, and comparing human validations to LLM results.  For each section
below the results are discussed (and shown in Table 2) for 2 top performing LLMs.  Please note
that the results tables with all LLMs for each section below are provided in the Appendix.

Table 2.i Validating LLMs against known values
We first assessed the ability of LLMs to extract outbreak characteristics from synthetic social
media  posts  where  the  ground  truth  was  known.  We  found  that  when  evaluated  against
synthetic  data,  GPT-4  and  Mixtral8x22b  demonstrated  strong  performance  in  predicting
outbreak  probability,  severity,  and  size,  respectively,  achieving  high  correlations  with  pre-
defined values (Table 2.i).  For example,  GPT-4 achieved a correlation of 0.73 with the true
outbreak  probability,  indicating  a  strong  ability  to  distinguish  between  likely  and  unlikely
outbreaks. Similarly, Mixtral 8x22B excelled in estimating outbreak size, achieving a correlation
of 0.82. While both models showed high correlations overall, Mixtral 8x22B's performance on
size  estimation (correlation of  0.82)  was notably higher  than its  performance on outbreak
likelihood (correlation of 0.77). We also assessed LLMs ability to determine community setting
(not  shown  in  table)  and  found  they  were  fairly  successful.  For  example,  comparing  the
“location” values extracted  by Llama2 (using mean cosine similarity scoring, BERT) to the pre-
defined community settings, we found community setting was ascertained well overall for all
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size locations (country,  state,  house,  etc.) combined (mean (SD):  0.91 (0.16)) and for more
specific community settings as well, for example daycares (0.88 (0.16)), college/dorms (0.92
(0.13)), and homes/condos (0.77 (0.22)).

 
Table 2.ii Comparative Validations using real posts
Moving beyond synthetic data, we validated LLM performance against each other on real-world
forum posts and found LLMs demonstrated high correlation with GPT-4's assessments across
various outbreak characteristics (Table 2.ii).  For instance, both Sonnet 3 and Mixtral 8x22B
showed high correlation with GPT-4 in assessing outbreak likelihood, with correlations of 0.93
and  0.82  respectively.  When  evaluating  the  models  on  Twitter  data,  the  correlations  were
slightly lower, with Sonnet 3 achieving 0.82 and Mixtral 8x22B at 0.74 for outbreak likelihood. 

 
Table 2.iii Comparing Human Validation of LLM-Identified Insights 
To understand if insights identified by LLMs could be consistently recognized by humans, non-
specialist human annotators assessed the same social media posts evaluated by GPT-4. Across
both synthetic and real-world data, they showed substantial agreement with GPT-4, but with
some discrepancies (Table 2.iii). For outbreak type, humans achieved a mean sensitivity of 0.81
and specificity of 0.89, indicating strong agreement with GPT-4 in categorizing outbreaks as
infectious,  allergic,  or  environmental.  However,  there  were  notable  exceptions,  such  as  in
identifying AHC from real-world posts, where human sensitivity was considerably lower (0.57)
compared to GPT-4 (0.83). Interestingly, the two expert ophthalmologists (MD1 & MD2) also
demonstrated variability in their assessments, as seen in their mean sensitivity scores of 0.53
and 0.44 respectively, which is more in line with the non-specialist human annotators. 

Table 2. Characterizing Epidemics:  Based on content of synthetic and real world social media posts
(forums and X/Twitter) LLMs can characterize outbreak probability, severity, size, type and other health
conditions mentioned. We have tested 7 LLMs, high performing LLM results are shown in i and  ii. Rows
1-3: Spearman, Row 4 onward: sensitivity and specificity.  Cell colors indicate values ranging from 0.0
(red) to 0.5 (yellow) to 1.0 (green). A.i) Validating LLMs vs Gold Standard (red columns): With known
preclassifieed values of epidemiological characteristics (severity, etc.) in synthetic posts, LLM’s abilities
to classify these characteristics from these same post’s content were assessed. A.ii) Comparative Inter-
Model Validations (blue cols.): In absence of pre-defined known values of synthetic posts, we used one
LLM (GPT-4) to help validate results from another LLM’s characterization of epidemics from synthetic
and real-world post content (results shown are for claasification of online Forum posts. Comparison of
results from other LLMS to GPT-4 are shown A.iii) Human Validations (green cols.): In absence of pre-
defined known values we can also have humans assign values and compare to an LLMs characterization
of epidemics from posts.  Comparisons of GPT-4 vs.  2 non-MD human grader’s classifications are are
shown, Posts = synthetic, & real Twitter/X and Forum Posts).

LLM Characterizations i. GPT 4 i. Mixtral 8x22b ii. Sonnet
ii. Mixtral

8x22b
iii. NON md 

Person 1
iii. NON md

Person 2

Outbreak (OB) Probability 0.73 (0.70, 0.76) 0.77 (0.74, 0.79) 
0.93  (0.90,
0.95) 

0.82 (0.77, 0.86)
0.59  (0.41,
0.72) 

0.62  (0.45,
0.74) 

OB Severity of Cases 0.82 (0.79, 0.85) 0.80 (0.77, 0.83) 1.0 (0.97, 1.0) 0.99 (0.95, 1.0) 
0.73  (0.59,
0.83) 

0.78  (0.65,
0.86) 

OB Size (# of Cases) 0.54 (0.47, 0.59) 0.37 (0.30, 0.43) 
0.95  (0.92,
0.97) 

0.82 (0.72, 0.89)
0.98  (0.91,
1.0) 

0.98  (0.87,
1.0) 

  OUTBREAK TYPE 
Infectious, Sensitivity 1.0 (448/450) 1.0 (450/450) 0.99 (100/101) 1.0 (101/101) 1.0 (57/57) 0.98 (47/48) 
Infectious, Specificity 0.68 (191/281) 0.64 (181/281) 0.88 (7/8) 0.75 (6/8) 0.68 (21/31) 0.50 (20/40) 

Allergic, Sensitivity 0.57 (87/153) 0.54 (82/153) (0/0) (0/0) 0.93 (13/14) 0.88 (14/16) 
Allergic, Specificity 1.0 (578/578) 1.0 (578/578) 1.0 (109/109) 1.0 (109/109) 0.97 (72/74) 0.99 (71/72) 

AHC, Sensitivity 0.56 (83/148) 0.52 (77/148) (0/0) (0/0) 0.57 (4/7) (0/0) 
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Table 2. Characterizing Epidemics:  Based on content of synthetic and real world social media posts
(forums and X/Twitter) LLMs can characterize outbreak probability, severity, size, type and other health
conditions mentioned. We have tested 7 LLMs, high performing LLM results are shown in i and  ii. Rows
1-3: Spearman, Row 4 onward: sensitivity and specificity.  Cell colors indicate values ranging from 0.0
(red) to 0.5 (yellow) to 1.0 (green). A.i) Validating LLMs vs Gold Standard (red columns): With known
preclassifieed values of epidemiological characteristics (severity, etc.) in synthetic posts, LLM’s abilities
to classify these characteristics from these same post’s content were assessed. A.ii) Comparative Inter-
Model Validations (blue cols.): In absence of pre-defined known values of synthetic posts, we used one
LLM (GPT-4) to help validate results from another LLM’s characterization of epidemics from synthetic
and real-world post content (results shown are for claasification of online Forum posts. Comparison of
results from other LLMS to GPT-4 are shown A.iii) Human Validations (green cols.): In absence of pre-
defined known values we can also have humans assign values and compare to an LLMs characterization
of epidemics from posts.  Comparisons of GPT-4 vs.  2 non-MD human grader’s classifications are are
shown, Posts = synthetic, & real Twitter/X and Forum Posts).

LLM Characterizations i. GPT 4 i. Mixtral 8x22b ii. Sonnet
ii. Mixtral

8x22b
iii. NON md 

Person 1
iii. NON md

Person 2
AHC, Specificity 1.0 (581/583) 0.99 (580/583) 1.0 (109/109) 1.0 (109/109) 0.99 (80/81) 0.94 (83/88) 

Environ., Sensitivity 1.0 (103/103) 0.95 (98/103) 0.88 (7/8) 0.75 (6/8) 0.67 (6/9) (1/3) 
Environ., Specificity 0.99 (624/628) 0.98 (618/628) 1.0 (101/101) 1.0 (101/101) 0.99 (78/79) 0.93 (79/85) 

  HEALTH CONDITIONS 
Conjunct., Sensitivity 0.85 (816/961) 0.95 (910/961) 0.95 (219/231) 0.91 (210/231) 0.88 (15/17) 0.88 (15/17) 
Conjunct., Specificity 0.89 (170/191) 0.84 (160/191) 0.71 (42/59) 0.75 (44/59) 1.0 (33/33) 1.0 (33/33) 
COVID-19, Sensitivity 1.0 (9/9) 1.0 (9/9) 0.83 (29/35) 0.66 (23/35) 0.86 (6/7) 0.86 (6/7) 
COVID-19, Specificity 0.99 (1131/1143) 0.99 (1135/1143) 0.96 (246/255) 0.98 (249/255) 1.0 (43/43) 1.0 (43/43) 
Influenza, Sensitivity 0.96 (46/48) 0.96 (46/48) 0.60 (6/10) 0.70 (7/10) 0.62 (5/8) 0.83 (5/6) 
Influenza, Specificity 1.0 (1102/1104) 1.0 (1104/1104) 0.97 (272/280) 0.99 (277/280) 1.0 (42/42) 1.0 (44/44) 

Intestinal Flu, Sensitivity 0.33 (48/145) 0.36 (52/145) 0.50 (4/8) 0.62 (5/8) (2/2) (2/2) 
Intestinal Flu, Specificity 0.98 (990/1007) 0.99 (997/1007) 1.0 (281/282) 0.99 (280/282) 0.92 (44/48) 0.92 (44/48) 

Croup, Sensitivity 0.89 (17/19) 0.74 (14/19) (0/0) (0/0) (5/5) (5/5) 
Croup, Specificity 1.0 (1133/1133) 1.0 (1133/1133) 1.0 (290/290) 1.0 (290/290) 1.0 (45/45) 1.0 (45/45) 

Lice, Sensitivity 0.76 (19/25) 0.56 (14/25) (0/0) (0/0) 0.88 (7/8) 0.88 (7/8) 
Lice, Specificity 1.0 (1127/1127) 1.0 (1127/1127) 1.0 (290/290) 1.0 (290/290) 1.0 (42/42) 1.0 (42/42) 

Leg Break, Sensitivity 0.88 (15/17) 0.65 (11/17) (0/0) (0/0) (1/1) (1/1) 
Leg Break, Specificity 1.0 (1134/1135) 1.0 (1135/1135) 1.0 (290/290) 1.0 (290/290) 1.0 (49/49) 1.0 (49/49) 

Specialist Validations of Conjunctivitis Etiological Causes

We further  evaluated the ability  of  GPT-4 to  arrive  at  the  same conclusions as  two expert
ophthalmologists  regarding  the  cause  of  infectious  conjunctivitis  from  social  media  posts.
Across  all  conjunctivitis  cause  types,  GPT-4  showed  high  agreement  with  the  specialist’s
assessments  (Table  3),  particularly  in  ruling  out  conditions  (high  specificity).  For  viral
conjunctivitis, GPT-4 mirrored specialists' high specificity with a value of 0.96, however, GPT-4s
sensitivity for identifying cases where specialists did identify viral conjunctivitis was lower at
0.38. This suggests that while GPT-4 is highly reliable in excluding viral conjunctivitis when it is
not present, it might miss some actual cases. GPT-4 had very high agreement with a specialist's
identification of acute hemorrhagic conjunctivitis (AHC), a rare form of conjunctivitis with high
severity, achieving a specificity of 0.99 and a sensitivity of 0.71. The performance varied across
different data sources: for combined data, GPT-4 had a mean sensitivity of 0.53 and specificity
of  0.89.  This  performance  dropped  slightly  for  tweets  (0.1  sensitivity,  0.81  specificity),
suggesting  that  the  limited  context  in  tweets  makes  it  harder  for  GPT-4  to  identify  cases.
Conversely, GPT-4 performed better on synthetic data (0.63 sensitivity, 0.94 specificity), likely
because the synthetic data was more standardized and potentially richer in relevant clinical
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information.  Notably,  GPT-4's  performance  on  other  forum  data  (0.47  sensitivity,  0.87
specificity) fell between tweets and synthetic data.

Table  3.  Specialist  Validations  of  Conjunctivitis  Etiological  Causes.  Same  data  and  method  as
“Table 2.iii”  above,  but ophthalmologist-assigned conjunctivitis  etiological  cause vs.  GPT4-assigned
etiology. For the set of 90 posts (38 Synthetic, 26 Twitter/X, 26 Forum) used in Table 2, etiological
cause outputs from a modified LLM GPT-4 prompt are compared to that of the two trained surface
disease practicing ophthalmologists and the MD specialist was treated as the gold standard  All rows;
sensitivity and specificity.  Cell  colors indicate values ranging from 0.0 (red) to 0.5 (yellow) to 1.0
(green).  Results with denominator of 5 or less are shown as a fraction.  Results were calculated for all
3 sources of posts combined (columns 1-2, as well as for each individual source (Synthetic,  columns
3-4; Twitter/X columns 5-6; Forums columns 7-8).

Etiology
All Posts,

MD1
All Posts,

MD2
Synthetic,

MD1
Synthetic,

MD2
Twitter/X

MD1
Twitter/X

MD2
Forums

MD1
Forums,

MD2

Viral, Sensitivity    0.38 (23/61) 0.32 (23/72) 0.55 (12/22) 0.39 (11/28) 0.10 (2/20) 0.10 (2/20) 0.47 (9/19) 0.42 (10/24) 

Viral, Specificity 0.96 (27/28) 0.94 (16/17) 1.0 (16/16) 0.90 (9/10) 1.0 (6/6) 1.0 (6/6) 0.83 (5/6) (1/1) 

Bacterial, Sensitivity (3/5) 0.50 (3/6) (3/3) (0/1) (0/1) (3/4) (0/1) (0/1) 

Bacterial, Specificity 0.89 (75/84) 0.89 (74/83) 0.91 (32/35) 0.84 (31/37) 0.80 (20/25) 0.91 (20/22) 0.96 (23/24) 0.96 (23/24) 

AHC, Sensitivity 0.71 (5/7) (3/4) 0.71 (5/7) (3/4) (0/0) (0/0) (0/0) (0/0) 

AHC, Specificity 0.99 (81/82) 0.96 (82/85) 0.97 (30/31) 0.91 (31/34) 1.0 (26/26) 1.0 (26/26) 1.0 (25/25) 1.0 (25/25) 

COVID-19, Sensitivity 0.50 (3/6) 0.50 (3/6) (0/2) (0/1) (0/0) (0/1) (3/4) (3/4) 

COVID-19, Specificity 1.0 (83/83) 1.0 (83/83) 1.0 (36/36) 1.0 (37/37) 1.0 (26/26) 1.0 (25/25) 1.0 (21/21) 1.0 (21/21) 

Unspecified,
Sensitivity 

(0/2) (2/2) (0/0) (1/1) (0/2) (1/1) (0/0) (0/0) 

Unspecified,
Specificity 

0.60 (52/87) 0.62 (54/87) 0.84 (32/38) 0.86 (32/37) 0.25 (6/24) 0.32 (8/25) 0.56 (14/25) 0.56 (14/25) 

Discussion      

Principal Findings

In this study, we aimed to achieve several key objectives related to the use of large language
models (LLMs) in the field of infoveillance. Specifically, we sought to determine whether an
LLM could accurately classify significant epidemiological features from individual social media
posts,  including  data  from  other  platforms  such  as  online  forums.   The  epidemiological
characteristics  of  interest  included  the  probability  of  an  outbreak,  the  number  of  people
affected,  the  presence  of  other  conditions  mentioned  alongside  the  outbreaks,  and
characteristics  of  conjunctivitis  cases  such  as  severity,  type,  and  etiology. Our  general
hypothesis  was  that  the  correlation,  sensitivity,  and  specificity  results  would  vary  among
different  LLMs.  We anticipated  that  some  LLMs  would outperform others  and that  certain
simpler features (e.g., probability or type of outbreak) would be classified more accurately than
more complex features (e.g., severity or etiology of cases).

Overall,  we found several key findings that largely supported our hypotheses: We found
several LLMs from different developers performed quite well for many of the characteristics
being  assessed,  demonstrating  the  capability  to  discern  numerous  epidemiological
characteristics of outbreaks from both synthetic and real social media posts, including forums
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which we had not studied before 50. This includes validation against known values derived from
synthetic datasets or through human expert assessments.  The top performing LLMs were able
to extract approximate outbreak probability, outbreak size, outbreak severity, and, to a lesser
extent, outbreak type and potentially etiology from social media posts in many cases. 

Other Findings

Validating LLMs against known values of synthetic posts 
When we evaluated the capability of LLMs to accurately classify outbreak characteristics based
on synthetic social media posts with known epidemiological features, several such as GPT-4
showed a strong ability with a correlation of 0.73, indicating its effectiveness in distinguishing
between potential and non-potential outbreaks. Mixtral8x22B, on the other hand, excelled in
estimating the size of outbreaks, achieving a correlation of 0.82.  The results underscore the
potential utility in early detection scenarios where rapid assessment is crucial. This validation
against known values underscores LLMs’ potential as reliable tools in public health monitoring,
offering a scalable solution for early outbreak detection and assessment without the need for
extensive  manual  data  analysis.  Limitations/Weaknesses:  The  primary  limitation  in  this
portion of our study is  the reliance on synthetic data,  which might not always capture the
complexity  and  variability  of  real-world  data.  The  models’  performance  might  differ  when
exposed to less controlled, more diverse datasets. Future research could focus on enhancing
LLMs’ training with diverse and complex synthetic datasets that mirror real-world variability in
outbreak reports.  As  we have noted,  another  limitation of  our approach,  in the  absence of
sufficient  gold  standard  pink  eye  epidemics  is  that  we  have  not  shown  that  our  assessed
outbreak  probabilities  (which  may  be  interpreted  as  being  similar  to  Bayesian  degrees  of
belief) are calibrated.  In other words, we cannot conclude that among tweets with assessed
outbreak probability X, the relative frequency of true outbreak probability is X.  

Comparative Validations using real posts from multiple sources 
We  evaluated  and  compared  the  ability  of  LLMs  to  classify  epidemiological
characteristics from real-world data, comparing the performance of LLMs like Sonnet 3
and Mixtral 8x22B against GPT-4 and found that LLM models developed by independent
vendors, showed high agreement in assessing components such as outbreak likelihood,
with Sonnet 3 and Mixtral 8x22B achieving correlations of 0.93 and 0.82, respectively,
when evaluating forum posts.    The high degree of consistency across different LLMs
when analyzing real-world data  underscores  the reliability  of  using these models  as
supplementary tools for outbreak detection and characterization. This method of multi-
model validation not only bolsters the confidence in the findings of an LLM but also
suggests  a  potentially  streamlined,  automated  approach  to  cross  validate
epidemiological  results  from  LLM  assessments,  which  traditionally  relies  heavily  on
human  expertise  and  intervention.   Limitations:  Variations  in  performance  across
different  social  media  sources  like  Twitter  and  forums  indicate  that  LLMs  might  be
sensitive  to  the  format  and  quality  of  the  input  data,  which  can  limit  their
generalizability.  Further studies should explore the development of platform-agnostic
LLMs that maintain high accuracy across various social media platforms, enhancing their
utility in diverse public health contexts.   An individual LLMs can also include inherent
bias.  To  further  improve  our  models  and  potentially  help  mitigate  any  such  bias,  in
future  studies  of  a  larger  number  of  LLMs  we  could  take  advantage  of  the  unique
strengths and weaknesses found per LLM, to generate an ensemble model  and assess its
overall ability to improve our sensitivity and specificity.   We also did not include any
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open-weight LLM models (which can provide flexibility of local deployment, not reliant
on  vendors,  have  controlled  costs,  and  can  be  fine-tunable)  in  this  current  study.
Including such models in a future ensemble model study (of LLMs with a wide range of
costs) could also investigate tradeoffs between performance and cost.

Human Validation of LLM-classified outbreak characteristics  
In  our  human  validation  studies,  we  found  substantial  consistency  in  some  areas  and
significant discrepancies in others. For instance, while humans generally agreed with GPT-4 in
categorizing  outbreaks  as  infectious,  allergic,  or  environmental,  there  were  notable
inconsistencies  in  the  sensitivity  and  specificity  values,  especially  for  more  severe  or  rare
conditions.   Human  graders  and  GPT-4  showed  a  high  level  of  agreement  in  identifying
infectious outbreaks,  with  sensitivity  values  close  to  1.0  across  different  LLMs  and  human
assessments. This consistency suggests that both humans and LLMs are effective at recognizing
clear signs of infectious diseases in social media posts. This consistency supports the use of
LLMs as a tool to assist public health monitoring and potentially lighten the load on human
analysts.   Limitations:  However,  inconsistencies,  especially  in  severe  or  rare  conditions,
highlight  the  challenges  in  using  LLMs  as  standalone  diagnostic  tools.  These discrepancies
underscore the need for ongoing human oversight and the potential for LLMs to complement,
rather than replace, human judgment in assessing urgency of detected potential outbreaks.  
 
Specialist Validation of etiological cause
For etiology,  the trained ophthalmologists demonstrated a high specificity in identifying non-
infectious  causes  of  conjunctivitis  indicating  a  strong agreement  on  what  clearly  does  not
constitute  a  certain  type  of  conjunctivitis  based  on  the  posts.  This  suggests  that  medical
training can lead to a consistent ability to rule out certain conditions. But the sensitivity to
detect specific types of infectious conjunctivitis varied, such as viral and AHC. Despite varied
sensitivity for detecting AHC etiology,  the sensitivities of 0.71 and (3 out of 4,  too small  to
reliably estimate a sensitivity), in light of specificity values 0.99 and 0.96 suggest LLMs could
reliably rule out irrelevant posts and find some small early AHC outbreaks (per MD1, with high
sensitivity),  which  one  could  make  the  case  has  value  from  a  public  health  perspective.
Limitations: The variation seen between the specialists could stem from individual differences
in  clinical  experience,  judgment,  or  even  the  subjective  interpretation  of  the  social  media
content’s  context  and  descriptions.  This  may  highlight  the  nuanced  nature  of  identifying
complex conditions from unstructured data, a concept that is also true in clinical settings often
requiring laboratory testing in order to consistently define the type or etiology of cases  78,  79.
They also likely also reflect constraints of social media data, which may lack comprehensive
clinical details, affecting the reliability of such data on its own for disease identification.  Future
studies could conduct targeted social media campaigns to interact with the users posting on
social media and survey them on any clinical diagnoses or even collect samples for laboratory
study.   

Future studies of epidemics are possible using LLM extracted values

Our  findings  suggest  that  by  using  social  media  and  LLMs  we  can  leverage  assessed
characteristics of a large number of known outbreaks to test generalizable hypotheses about
epidemics. For example, we might be able to test if a group of cases have higher (reported,
“digital”)  severity  during  outbreaks  vs.  individual  non-outbreak  cases.   Our  approach  may
provide  a  new  opportunity  to  leverage  information  about  epidemics  in  small  community
settings to ask research questions  at even a household epidemic level. For example, can we use
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information about these micro-epidemics to predict the emergence of larger more traditionally
detectable epidemics, in particular, the severe ones?   A future study could collect social media
from the time and location of known infectious conjunctivitis outbreaks with known severity,
and primary etiologies and assess the ability of LLMs to characterize them, including etiology,
such a study could assess and characterize symptoms as well, if known80-83.  Finally, with our
validated  findings  of  reliable  ability  to  identify  mentions  of  other  health  conditions,  our
epidemic detection and characterization approaches could be studied for their ability to reveal
early significant other public health concerns from social media, such as flu outbreaks, COVID-
19, foodborne illness, and contaminated products.

Conclusions 

Our findings suggest that top-performing LLMs can reliably infer the probability of and classification
of other conjunctivitis outbreaks as determined from multiple sources of social media data. This
could lead to the ability to better understand outbreak dynamics.  This  approach could uncover
outbreaks that might not yet have been  detected, or well-characterized in traditional clinical or
epidemiological reporting datasets or systems. Moreover, identifying higher-risk severe epidemics
through social  media monitoring could enable public  health authorities to take timely, targeted
actions to address severe outbreaks earlier, potentially mitigating their impact.
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Multimedia appendix 1

Boolean query,  additional code, and additional tables

Appendix Item 1: Boolean Query

The details of the query are as shown below (not shown: additional exclusion of terms to remove
posts about animals, obscenities, artistic or literary references, celebrities and politicians): 
“(("aankh aana" OR "azoumounou" OR "Bindehautentzündung" OR "bindhinneinflammation" OR

"bindvliesontsteking" OR "congiuntivite" OR "conjonctivite" OR "conjunctivită" OR "conjunctivitis"

OR  "conjuntivite"  OR  "conjuntivitis"  OR  "je  woz"  OR  "konjonktivit"  OR  "konjuktiviti"  OR

"konjuktivitis"  OR  "konjunktivitis"  OR  "konjunktivīts"  OR  "konjunktivitt"  OR  "konjunktyvitas"  OR

"kötőhártya-gyulladás"  OR "œil  rose"  OR "pinkeye"  OR "pink  eye"  OR "sidekalvontulehdus"  OR

"sidekestapõletik"  OR  "Viêm  kết  mạc"  OR  "viem  ket  mac"  OR  "zánětspojivek"  OR

"zapaleniespojówek"  OR  "zápalspojiviek"  OR  "  конјуктивит  "  OR  "  конъюнктивит  "  OR  "

конюнктивит " OR " التهابالملتحمة" OR " وجانا ہآنکھکالال " OR " आखका ला लहो जा न" OR " ਅੰਖਦਾ ਲਾ
ਲਹੋਜਾ ਣਾ" OR " ตาแดง " OR "결막염 " OR "結膜炎 " OR "結膜炎 " OR "结膜炎" ))

AND 

(our OR my OR hers OR his OR her OR him OR their OR he OR she OR he OR we)

AND

(

(((outbreak OR epidemic OR "going around" OR "spreading" OR cancelled OR closed OR postponed

OR "the entire" OR "everybody" OR "everyone" OR "my entire" OR "the whole") NEAR/5 (has OR

got OR gotten OR "coming down with" OR getting OR sick OR spreading))  NEAR/15 (pollen OR

smoke OR swimming OR pool OR pollution OR fires OR pus OR "stuck shut" OR green OR yellow OR

swollen OR edema OR itch* OR burn*)) 

OR

(((outbreak OR epidemic OR "going around" OR "spreading" OR cancelled OR closed OR postponed

OR "the entire" OR "everybody" OR "everyone" OR "my entire" OR "the whole") NEAR/5 (has OR

got OR gotten OR "coming down with" OR getting OR sick OR spreading)) NEAR/5 (bacteri* OR virus

OR viral OR allergic))

)

Appendix Item 2: Algorithm for generating synthetic posts.

 ```{r, eval=FALSE}
function generateSyntheticTweets(numTweets, probDB, settDB, conjDB, orgDB, sevDB, altProb)
    for i = 1 to numTweets do
        probComponent = randomly select a component from probDB
        settComponent = randomly select a component from settDB
        sevComponent = randomly select a component from sevDB
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        if random number < altProb then
            mainPhrase = randomly select a phrase from alternativePhrases
            isAlt = true
        else 
            mainPhrase = randomly select a phrase from conjunctivitisRelatedPhrases
            isAlt = false
        end if
        
        j1, j2, j3, j4, j4a = randomly select joining phrases from joiningPhraseLists
        
        if isAlt then
            probScore = 5
        else
            probScore = get probability score from probComponent
        end if
        
        sizeCat = get size category from settComponent
        severity = get severity from sevComponent
        
        if probScore <= 25 and sizeCat <= 50 and severity is "mild" then
            conjType = randomly select from all conjunctivitis types in conjDB
        else
            conjType = randomly select from non-environmental types in conjDB
        end if
        
        if conjType is "blank" then
            conjComponent = ""
            j4 = ""
            conjSeverity = "mild" 
        else
            j5 = randomly select a joining phrase
            conjComponent = concatenate 2 random components from conjDB where type=conjType,
joined by j5
            conjSeverity = get severity from first selected conjunctivitis component
        end if
        
        if conjType is "allergic" or "environmental" or "blank" then
            if random number < 1.0 then
                tweet  =  concatenate(probComponent,  j1,  settComponent,  j2,  mainPhrase,  j3,
conjComponent, j4, sevComponent) 
            else
                tweet = concatenate(sevComponent,  j4,  probComponent,  j1,  settComponent,  j2,
mainPhrase, j3, conjComponent)
            end if
            orgComponent = ""
            orgType = null
            orgSeverity = ""
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        else if isAlt then
            j5a = randomly select a joining phrase
            tweet  =  concatenate(probComponent,  j1,  settComponent,  j2,  mainPhrase,  j3,
conjComponent, j4, sevComponent)
            orgComponent = concatenate 2 random non-eye-related components from orgDB, joined by
j5a
            orgType = null
            orgSeverity = get severity from selected organism components  
        else
            orgType = randomly select an organism type from orgDB
            if orgType is not "blank" then
                j5a = randomly select a joining phrase
                orgComponent = concatenate 2 random components from orgDB where type=orgType,
joined by j5a
                if random number < 0.5 then
                    tweet = concatenate(probComponent,  j1,  settComponent,  j2,  mainPhrase, j3,
conjComponent, j4, orgComponent, j4a, sevComponent)
                else 
                    tweet = concatenate(sevComponent, j4a, probComponent, j1, settComponent, j2,
mainPhrase, j3, conjComponent, j4, orgComponent)
                end if
                orgSeverity = get severity from selected organism components
            else
                if random number < 0.5 then  
                    tweet = concatenate(probComponent,  j1,  settComponent,  j2,  mainPhrase, j3,
conjComponent, j4, sevComponent)
                else
                    tweet = concatenate(sevComponent, j4, probComponent, j1, settComponent, j2,
mainPhrase, j3, conjComponent) 
                end if
                orgComponent = ""
                orgSeverity = ""
            end if
        end if
        
        maxSeverity = max(severity, conjSeverity, orgSeverity)
        
        store generated tweet and metadata
    end for
    
    return generated tweets and metadata
end function
```
Appendix  Item  3:  Qualtrics  Instructions  that  Human  Graders  Were  Provided,  and  Additional
Etiological Cause GPT-4 Prompt

1) Outbreak Probability 
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The instructions in the Qualtrics survey were: “Here is a text portion of our request "prompt" that
we had provided to the LLM to get its responses:  [LLM PROMPT WAS HERE].  Below, is a modified
version of the same request for you: Please read each snippet in blue and then based upon that
content,  indicate how certain are you that this snippet is about a multiperson outbreak of pink
eye occurring at the time the snippet was posted?  For each row, you can hover your mouse over
the "hover here for full instructions" to review the entire LLM prompt instructions again, including
when to assign a 0% or other very low likelihood (for example if it you are certain it is fictional or a
rumor proven incorrect etc).  Please try the hover function to be sure you  can see the pop-up of the
full portion of the prompt instructions to the LLMs.”

2) Outbreak Severity, Size, Type 
 The instructions in the Qualtrics survey were:  “Here is a text portion of our request "prompt" that
we had provided to the LLM to get its responses:  [LLM PROMPT WAS HERE].  Below, in each row we
will provide a modified version of the above prompt as requests for you.  For each row, we will ask
you to read the blue snippet and then estimate the info about the mentioned conjunctivitis cases:
Severity, Number of Cases, Type of Cases.  Here are guidelines and definitions to please read before
proceeding (these will be briefly described in each row for your convenience):  1) Severity of these
cases on health:  "NOT SPECIFIED" (too hard to tell severity), "MILD" (not significant), "MODERATE"
(has some impact on health),"STRONG" (has serious health impact), "SEVERE" (life-threatening).   2)
Number of people affected:  Best guess based in part on the estimated population of the location
and  how  many  of  them  might  be  affected.  Type  the  NUMBER(integer)--or--type  "N"  for  "not
defined".  Examples: 2  |  5,500  |  N . 3) Type of conjunctivitis cases:  "NOT SPECIFIED" (select this if
it's too hard to feel very confident guessing the type of conjunctivitis).  "ALLERGIC" (select this if you
think  allergic  conjunctivitis  for  example  if  it's  about  allergy  season,  or  symptoms  of  allergy  or
pollen). "INFECTIOUS" (select this if you think it may be viral or bacterial conjunctivitis, but NOT
AHC).  "ENVIRONMENTAL"  (select  this  if  you  think  the  conjunctivitis  is  from  swimming  pools,
pollution, toxic spills, smoke, wildfires, drug-usage). "AHC-INFECTIOUS" (select this if you suspect is
may  be  AHC  --  acute  hemorrhagic  conjunctivitis,  also  known  epidemic  keratoconjunctivitis,
hemorrhagic conjunctivitis -- is very severe and typically includes extremely red, bloody or bleeding
eyes,  vision  loss  and  other  severe  symptoms).” 

3) Health Conditions: 
The instructions in the Qualtrics survey were:  “Here is a text portion of our request "prompt" that
we had provided to the LLM to get its responses:  [LLM PROMPT WAS HERE].  For every snippet
provide the following: tell us the health condition(s) or disease(s) being discussed (e.g. conjunctivitis,
flu, broken leg, etc.)" Below is our request for you, a modified version of the prompt above. For each
row, read the blue snippet and based upon that content, please provide the following: Tell us what
health condition(s) or disease(s)  are being discussed (e.g.  conjunctivitis, flu, broken leg,  etc.)?
(please DO provide health condition/disease names, even if you suspect this is not about a real case
of that condition).  Please list health conditions (e.g. conjunctivitis, flu, broken leg, etc) but do not
list individual symptoms (e.g. itchy eyes, fever, pain) unless you feel that that symptom is a known
health condition.”.

4) Specialist Validation of Conjunctivitis Etiological cause
The  additional  GPT-4  prompt  for  the  conjunctivitis  etiological  cause  included:  “...Cause:  Please
assign an infectious  or  non-infectious  cause,  choosing one of  the following etiology categories:
1.  \"NOT  INFECTIOUS\"  (select  this  if  you  think  it  seems  not  infectious),  2.  \"INFECTIOUS:
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UNSPECIFIED\" (select this if it's too hard to feel very confident guessing the type of organism but it
seems  infectious),  3.  \"BACTERIAL\"  (select  this  if  you  think  it  may  be  bacterial  conjunctivitis),
4. \"VIRAL: UNSPECIFIED\" (select this if you think it may be viral conjunctivitis but not COVID-19 or
AHC), 5. \"VIRAL: COVID-19\" (select this if you think it may be viral COVID-19 conjunctivitis more
than other forms of viral conjunctivitis),  6. \"VIRAL: AHC\" (select this if you think it may be viral
AHC conjunctivitis more than other forms of viral conjunctivitis)....”  

The  instructions  in  the  Qualtrics  survey  for  the  two  trained  surface  disease  practicing
ophthalmologists to assess the conjunctivitis etiological cause included:  “...For each row, we will
ask you to read the blue snippet and then estimate the conjunctivitis cases: Severity, Type of
Cases and Etiology of Cases. Here are guidelines and definitions to please read before proceeding
(these  will  be  briefly  described  in  each  row  for  your  convenience)...Etiology  of  cases:  "NOT
INFECTIOUS" (select this if you think it seems not infectious);  "INFECTIOUS: UNSPECIFIED" (select
this if it's too hard to feel very confident guessing the type of organism but it seems infectious);
"BACTERIAL"  (select  this  if  you think  it  may be bacterial  conjunctivitis);  "VIRAL:  UNSPECIFIED"
(select this if you think it may be viral conjunctivitis but not COVID-19 or AHC);  "VIRAL: COVID-19"
(select  this  if  you  think  it  may  be  viral  COVID-19  conjunctivitis  more  than  other  forms of  viral
conjunctivitis);  "VIRAL: AHC"  (select this if you think it may be viral AHC conjunctivitis more than
other forms of viral conjunctivitis).   Once you become familiar with the definitions above, please
now proceed with each row below"
 
Appendix Item 4: Full Set of LLMs, Post Sources and Graders (Expansion of Table 2)

Supplement Table S2.i Validating LLMs against known values – all 7 LLMs shown
LLM Characterizations GPT 4 Sonnet 3 Mixtral 8x22B Opus LlaMa 3 70B GPT 4o GPT 3.5

Outbreak (OB) Probability 0.73 (0.70, 0.76) 0.73 (0.70, 0.76) 0.77 (0.74, 0.79) 0.72 (0.69, 0.75) 0.71 (0.67, 0.74) 0.71 (0.68, 0.74) 0.71 (0.68, 0.74) 
OB Severity of Cases 0.82 (0.79, 0.85) 0.81 (0.78, 0.84) 0.80 (0.77, 0.83) 0.91 (0.89, 0.93) 0.86 (0.83, 0.88) 0.86 (0.83, 0.88) 0.78 (0.75, 0.81) 
OB Size (# of Cases) 0.54 (0.47, 0.59) 0.45 (0.39, 0.52) 0.37 (0.30, 0.43) 0.67 (0.63, 0.71 0.45 (0.37, 0.53) 0.56 (0.51, 0.61) 0.63 (0.52, 0.72) 

  OUTBREAK TYPE 
Infectious, Sensitivity 1.0 (448/450) 0.99 (445/450) 1.0 (450/450) 0.99 (444/450) 0.98 (443/450) 0.99 (444/450) 1.0 (449/450) 
Infectious, Specificity 0.68 (191/281) 0.62 (174/281) 0.64 (181/281) 0.52 (146/281) 0.42 (117/281) 0.66 (185/281) 0.33 (93/281) 

Allergic, Sensitivity 0.57 (87/153) 0.41 (63/153) 0.54 (82/153) 0.37 (57/153) 0.12 (18/153) 0.52 (79/153) 0.34 (52/153) 
Allergic, Specificity 1.0 (578/578) 1.0 (578/578) 1.0 (578/578) 1.0 (578/578) 1.0 (578/578) 1.0 (578/578) 1.0 (578/578) 

AHC, Sensitivity 0.56 (83/148) 0.28 (42/148) 0.52 (77/148) 0.52 (77/148) 0.56 (83/148) 0.66 (97/148) 0.034 (5/148) 
AHC, Specificity 1.0 (581/583) 1.0 (581/583) 0.99 (580/583) 1.0 (583/583) 0.99 (580/583) 0.98 (571/583) 1.0 (583/583) 

Environ., Sensitivity 1.0 (103/103) 1.0 (103/103) 0.95 (98/103) 0.96 (99/103) 0.85 (88/103) 1.0 (103/103) 0.35 (36/103) 
Environ., Specificity 0.99 (624/628) 0.97 (612/628) 0.98 (618/628) 1.0 (628/628) 0.99 (620/628) 1.0 (625/628) 1.0 (626/628) 

  HEALTH CONDITIONS 
Conjunct., Sensitivity 0.85 (816/961) 0.87 (839/961) 0.95 (910/961) 0.85 (819/961) 0.96 (922/961) 0.83 (801/961) 0.75 (718/961) 
Conjunct., Specificity 0.89 (170/191) 0.89 (170/191) 0.84 (160/191) 0.84 (160/191) 0.77 (148/191) 0.91 (173/191) 0.83 (158/191) 

COVID-19, Sensitivity 1.0 (9/9) 1.0 (9/9) 1.0 (9/9) 1.0 (9/9) 1.0 (9/9) 1.0 (9/9) 0.78 (7/9) 
COVID-19, Specificity 0.99 (1131/1143) 0.99 (1133/1143) 0.99 (1135/1143) 0.99 (1129/1143) 0.99 (1133/1143) 0.99 (1136/1143) 1.0 (1139/1143) 

Influenza, Sensitivity 0.96 (46/48) 0.94 (45/48) 0.96 (46/48) 1.0 (48/48) 0.96 (46/48) 0.88 (42/48) 0.79 (38/48) 
Influenza, Specificity 1.0 (1102/1104) 0.99 (1098/1104) 1.0 (1104/1104) 1.0 (1102/1104) 1.0 (1101/1104) 1.0 (1104/1104) 1.0 (1104/1104) 

Int. Flu, Sensitivity 0.33 (48/145) 0.27 (39/145) 0.36 (52/145) 0.31 (45/145) 0.26 (38/145) 0.27 (39/145) 0.15 (22/145) 
Int. Flu, Specificity 0.98 (990/1007) 0.99 (1001/1007) 0.99 (997/1007) 0.98 (990/1007) 0.99 (999/1007) 0.99 (1001/1007) 1.0 (1005/1007) 
Croup, Sensitivity 0.89 (17/19) 0.95 (18/19) 0.74 (14/19) 0.95 (18/19) 0.79 (15/19) 0.74 (14/19) 0.42 (8/19) 
Croup, Specificity 1.0 (1133/1133) 1.0 (1133/1133) 1.0 (1133/1133) 1.0 (1133/1133) 1.0 (1133/1133) 1.0 (1133/1133) 1.0 (1133/1133) 

Lice, Sensitivity 0.76 (19/25) 0.84 (21/25) 0.56 (14/25) 0.80 (20/25) 0.68 (17/25) 0.60 (15/25) 0.12 (3/25) 
Lice, Specificity 1.0 (1127/1127) 1.0 (1127/1127) 1.0 (1127/1127) 1.0 (1127/1127) 1.0 (1127/1127) 1.0 (1127/1127) 1.0 (1127/1127) 

Leg Break, Sensitivity 0.88 (15/17) 0.65 (11/17) 0.65 (11/17) 0.24 (4/17) 0.53 (9/17) 0.53 (9/17) 0.0 (0/17) 
Leg Break, Specificity 1.0 (1134/1135) 1.0 (1134/1135) 1.0 (1135/1135) 1.0 (1135/1135) 1.0 (1135/1135) 1.0 (1134/1135) 1.0 (1135/1135) 

Supplement Table S2.ii - Synthetic posts, Comparative Validations of 6 LLMs vs. GPT-4
LLM Characterizations Sonnet Mixtral 8x22b Opus LlaMa 3 GPT 4o GPT 3.5

Outbreak (OB) Probability 0.92 (0.91, 0.93) 0.81 (0.79, 0.83) 0.83 (0.80, 0.86) 0.82 (0.80, 0.84) 0.91 (0.90, 0.92) 0.67 (0.63, 0.71) 
OB Severity of Cases 1.0 (0.99, 1.0) 1.0 (0.99, 1.0) 0.99 (0.98, 1.0) 0.99 (0.98, 1.0) 0.99 (0.98, 1.0) 0.98 (0.96, 0.99) 
OB Size (# of Cases) 0.81 (0.78, 0.84) 0.75 (0.71, 0.78) 0.79 (0.75, 0.82) 0.80 (0.76, 0.84) 0.75 (0.72, 0.79) 0.71 (0.61, 0.79) 
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LLM Characterizations Sonnet Mixtral 8x22b Opus LlaMa 3 GPT 4o GPT 3.5
  OUTBREAK TYPE 

Infectious, Sensitivity 0.97 (549/565) 0.99 (557/565) 0.98 (554/565) 0.97 (549/565) 0.96 (541/565) 0.99 (562/565) 
Infectious, Specificity 0.90 (164/182) 0.92 (168/182) 0.77 (140/182) 0.60 (110/182) 0.95 (173/182) 0.47 (86/182) 

Allergic, Sensitivity 0.70 (57/81) 0.90 (73/81) 0.65 (53/81) 0.21 (17/81) 0.86 (70/81) 0.59 (48/81) 
Allergic, Specificity 1.0 (666/666) 1.0 (663/666) 1.0 (666/666) 1.0 (666/666) 1.0 (663/666) 1.0 (666/666) 

AHC, Sensitivity 0.47 (40/85) 0.85 (72/85) 0.84 (71/85) 0.91 (77/85) 1.0 (85/85) 0.047 (4/85) 
AHC, Specificity 1.0 (659/662) 0.99 (654/662) 0.99 (658/662) 0.99 (654/662) 0.96 (637/662) 1.0 (661/662) 

Environ., Sensitivity 0.98 (103/105) 0.93 (98/105) 0.92 (97/105) 0.82 (86/105) 0.97 (102/105) 0.33 (35/105) 
Environ., Specificity 0.98 (628/642) 0.99 (634/642) 1.0 (642/642) 0.99 (633/642) 1.0 (639/642) 1.0 (641/642) 

  HEALTH CONDITIONS 
Conjunct., Sensitivity 0.88 (739/837) 0.94 (790/837) 0.98 (822/837) 0.96 (805/837) 0.84 (705/837) 0.87 (726/837) 
Conjunct., Specificity 0.62 (194/315) 0.52 (164/315) 0.91 (287/315) 0.49 (155/315) 0.64 (201/315) 0.92 (290/315) 

COVID-19, Sensitivity 0.81 (17/21) 0.71 (15/21) 0.86 (18/21) 0.81 (17/21) 0.76 (16/21) 0.52 (11/21) 
COVID-19, Specificity 1.0 (1129/1131) 1.0 (1129/1131) 1.0 (1126/1131) 1.0 (1129/1131) 1.0 (1131/1131) 1.0 (1131/1131) 

Influenza, Sensitivity 0.90 (43/48) 0.92 (44/48) 0.96 (46/48) 0.92 (44/48) 0.85 (41/48) 0.79 (38/48) 
Influenza, Specificity 0.99 (1096/1104) 1.0 (1102/1104) 1.0 (1100/1104) 1.0 (1099/1104) 1.0 (1103/1104) 1.0 (1104/1104) 

Int. Flu, Sensitivity 0.52 (34/65) 0.63 (41/65) 0.60 (39/65) 0.55 (36/65) 0.52 (34/65) 0.34 (22/65) 
Int. Flu, Specificity 0.99 (1076/1087) 0.98 (1066/1087) 0.98 (1064/1087) 0.99 (1077/1087) 0.99 (1076/1087) 1.0 (1085/1087) 
Croup, Sensitivity 0.94 (16/17) 0.76 (13/17) 0.94 (16/17) 0.76 (13/17) 0.76 (13/17) 0.47 (8/17) 
Croup, Specificity 1.0 (1133/1135) 1.0 (1134/1135) 1.0 (1133/1135) 1.0 (1133/1135) 1.0 (1134/1135) 1.0 (1135/1135) 

Lice, Sensitivity 0.84 (16/19) 0.63 (12/19) 0.84 (16/19) 0.74 (14/19) 0.68 (13/19) 0.16 (3/19) 
Lice, Specificity 1.0 (1128/1133) 1.0 (1131/1133) 1.0 (1129/1133) 1.0 (1130/1133) 1.0 (1131/1133) 1.0 (1133/1133) 

Leg Break, Sensitivity 0.69 (11/16) 0.62 (10/16) 0.25 (4/16) 0.56 (9/16) 0.56 (9/16) 0.0 (0/16) 
Leg Break, Specificity 1.0 (1135/1136) 1.0 (1135/1136) 1.0 (1136/1136) 1.0 (1136/1136) 1.0 (1135/1136) 1.0 (1136/1136) 

Supplement Table S2.ii - Twitter/X posts, Comparative Validations of 6 LLMs vs. GPT-4
LLM Characterizations Sonnet Mixtral 8x22b Opus LlaMa 3 GPT 4o GPT 3.5

Outbreak (OB) Probability 0.82 (0.76, 0.87) 0.74 (0.67, 0.79) 0.73 (0.63, 0.80) 0.38 (0.11, 0.60) 0.75 (0.65, 0.83) 0.57 (0.48, 0.66) 

OB Severity of Cases 0.99 (0.96, 1.0) 1.0 (0.98, 1.0) 1.0 (0.98, 1.0) 1.0 (0.98, 1.0) 1.0 (0.98, 1.0) 0.98 (0.95, 1.0) 

OB Size (# of Cases) 0.85 (0.79, 0.90) 0.84 (0.78, 0.88) 0.74 (0.65, 0.81) 0.71 (0.60, 0.79) 0.73 (0.66, 0.80) 0.13 (-0.19, 0.43) 

  OUTBREAK TYPE 

Infectious, Sensitivity 0.98 (235/241) 0.96 (232/241) 0.95 (228/241) 0.88 (213/241) 0.93 (224/241) 0.71 (171/241) 

Infectious, Specificity 0.57 (4/7) 0.29 (2/7) 0.43 (3/7) 0.71 (5/7) 0.57 (4/7) 0.57 (4/7) 

Allergic, Sensitivity (1/1) (1/1) (1/1) (1/1) (1/1) (0/1) 

Allergic, Specificity 1.0 (246/247) 1.0 (247/247) 1.0 (247/247) 1.0 (247/247) 1.0 (247/247) 1.0 (247/247) 

AHC, Sensitivity (0/0) (0/0) (0/0) (0/0) (0/0) (0/0) 

AHC, Specificity 1.0 (248/248) 1.0 (248/248) 1.0 (248/248) 1.0 (248/248) 1.0 (248/248) 1.0 (248/248) 

Environ., Sensitivity (3/5) (1/5) (1/5) (1/5) (1/5) (0/5) 

Environ., Specificity 0.98 (239/243) 1.0 (243/243) 1.0 (243/243) 0.99 (241/243) 1.0 (242/243) 1.0 (243/243) 

  HEALTH CONDITIONS 

Conjunct., Sensitivity 0.94 (333/354) 0.95 (335/354) 0.94 (332/354) 0.97 (343/354) 0.86 (306/354) 0.57 (203/354) 

Conjunct., Specificity 0.44 (7/16) 0.50 (8/16) 0.62 (10/16) 0.44 (7/16) 0.88 (14/16) 0.94 (15/16) 

COVID-19, Sensitivity 0.81 (21/26) 0.50 (13/26) 0.77 (20/26) 0.69 (18/26) 0.69 (18/26) 0.50 (13/26) 

COVID-19, Specificity 0.98 (338/344) 0.99 (340/344) 0.95 (328/344) 0.99 (339/344) 0.98 (336/344) 0.99 (339/344) 

Influenza, Sensitivity 0.68 (13/19) 0.63 (12/19) 0.53 (10/19) 0.58 (11/19) 0.89 (17/19) 0.53 (10/19) 

Influenza, Specificity 0.98 (344/351) 0.98 (345/351) 0.98 (345/351) 0.99 (346/351) 0.98 (343/351) 0.99 (346/351) 

Int. Flu, Sensitivity 0.89 (16/18) 0.72 (13/18) 0.61 (11/18) 0.61 (11/18) 0.89 (16/18) 0.28 (5/18) 

Int. Flu, Specificity 0.99 (348/352) 0.99 (348/352) 0.99 (347/352) 0.99 (348/352) 0.99 (349/352) 0.99 (348/352) 

Croup, Sensitivity (2/2) (2/2) (2/2) (1/2) (2/2) (0/2) 

Croup, Specificity 1.0 (368/368) 1.0 (368/368) 1.0 (368/368) 1.0 (368/368) 1.0 (368/368) 1.0 (368/368) 

Lice, Sensitivity (1/1) (0/1) (0/1) (0/1) (0/1) (0/1) 

Lice, Specificity 0.99 (367/369) 0.99 (365/369) 0.99 (366/369) 1.0 (368/369) 1.0 (368/369) 1.0 (369/369) 

Leg Break, Sensitivity (0/0) (0/0) (0/0) (0/0) (0/0) (0/0) 

Leg Break, Specificity 1.0 (370/370) 1.0 (370/370) 1.0 (370/370) 1.0 (370/370) 1.0 (370/370) 1.0 (370/370) 

Supplement Table S2.ii - Forum posts, Comparative Validations of 6 LLMs vs. GPT-4
LLM Characterizations Sonnet Mixtral 8x22b Opus LlaMa 3 GPT 4o GPT 3.5

Outbreak (OB) Probability 0.93 (0.90, 0.95) 0.82 (0.77, 0.86) 0.79 (0.71, 0.85) 0.73 (0.59, 0.82) 0.56 (0.44, 0.67) 0.50 (0.39, 0.60) 

OB Severity of Cases 1.0 (0.97, 1.0) 0.99 (0.95, 1.0) 1.0 (0.96, 1.0) 1.0 (0.97, 1.0) 0.98 (0.92, 1.0) 0.98 (0.93, 1.0) 

OB Size (# of Cases) 0.95 (0.92, 0.97) 0.82 (0.72, 0.89) 0.64 (0.46, 0.77) 0.84 (0.74, 0.90) 0.36 (0.14, 0.55) 0.69 (0.44, 0.84) 

  OUTBREAK TYPE 

Infectious, Sensitivity 0.99 (100/101) 1.0 (101/101) 0.92 (93/101) 0.92 (93/101) 0.71 (72/101) 0.89 (90/101) 
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LLM Characterizations Sonnet Mixtral 8x22b Opus LlaMa 3 GPT 4o GPT 3.5

Infectious, Specificity 0.88 (7/8) 0.75 (6/8) 0.88 (7/8) 0.62 (5/8) 0.88 (7/8) 0.50 (4/8) 

Allergic, Sensitivity (0/0) (0/0) (0/0) (0/0) (0/0) (0/0) 

Allergic, Specificity 1.0 (109/109) 1.0 (109/109) 0.99 (108/109) 1.0 (109/109) 0.99 (108/109) 1.0 (109/109) 

AHC, Sensitivity (0/0) (0/0) (0/0) (0/0) (0/0) (0/0) 

AHC, Specificity 1.0 (109/109) 1.0 (109/109) 1.0 (109/109) 0.99 (108/109) 1.0 (109/109) 1.0 (109/109) 

Environ., Sensitivity 0.88 (7/8) 0.75 (6/8) 0.75 (6/8) 0.62 (5/8) 0.88 (7/8) 0.38 (3/8) 

Environ., Specificity 1.0 (101/101) 1.0 (101/101) 1.0 (101/101) 0.99 (100/101) 0.97 (98/101) 1.0 (101/101) 

  HEALTH CONDITIONS 

Conjunct., Sensitivity 0.95 (219/231) 0.91 (210/231) 0.82 (189/231) 0.95 (220/231) 0.80 (184/231) 0.65 (151/231) 

Conjunct., Specificity 0.71 (42/59) 0.75 (44/59) 0.90 (53/59) 0.68 (40/59) 0.58 (34/59) 0.86 (51/59) 

COVID-19, Sensitivity 0.83 (29/35) 0.66 (23/35) 0.80 (28/35) 0.80 (28/35) 0.43 (15/35) 0.54 (19/35) 

COVID-19, Specificity 0.96 (246/255) 0.98 (249/255) 0.95 (243/255) 0.98 (249/255) 0.91 (233/255) 0.99 (253/255) 

Influenza, Sensitivity 0.60 (6/10) 0.70 (7/10) 0.60 (6/10) 0.50 (5/10) 0.50 (5/10) 0.30 (3/10) 

Influenza, Specificity 0.97 (272/280) 0.99 (277/280) 0.99 (276/280) 0.99 (276/280) 0.99 (277/280) 1.0 (280/280) 

Int. Flu, Sensitivity 0.50 (4/8) 0.62 (5/8) 0.75 (6/8) 0.38 (3/8) 0.50 (4/8) 0.12 (1/8) 

Int. Flu, Specificity 1.0 (281/282) 0.99 (280/282) 0.98 (276/282) 1.0 (282/282) 0.99 (279/282) 0.99 (279/282) 

Croup, Sensitivity (0/0) (0/0) (0/0) (0/0) (0/0) (0/0) 

Croup, Specificity 1.0 (290/290) 1.0 (290/290) 1.0 (290/290) 1.0 (290/290) 1.0 (290/290) 1.0 (290/290) 

Lice, Sensitivity (0/0) (0/0) (0/0) (0/0) (0/0) (0/0) 

Lice, Specificity 1.0 (290/290) 1.0 (290/290) 1.0 (290/290) 1.0 (290/290) 1.0 (290/290) 1.0 (290/290) 

Leg Break, Sensitivity (0/0) (0/0) (0/0) (0/0) (0/0) (0/0) 

Leg Break, Specificity 1.0 (290/290) 1.0 (290/290) 1.0 (290/290) 1.0 (290/290) 1.0 (290/290) 1.0 (290/290) 

Supplement Table S2.iii Comparing Human Validation to GPT-4 Insights, all 4 Human Graders

LLM Characterizations
NON md 
Person 1

NON md
Person 2

MD1 MD2

Outbreak (OB) Probability 0.59 (0.41, 0.72) 0.62 (0.45, 0.74) n/a n/a
OB Severity of Cases 0.73 (0.59, 0.83) 0.78 (0.65, 0.86) n/a n/a
OB Size (# of Cases) 0.98 (0.91, 1.0) 0.98 (0.87, 1.0) 0.99 (0.93, 1.0) 1.0 (0.96, 1.0) 

  OUTBREAK TYPE 
Infectious, Sensitivity 1.0 (57/57) 0.98 (47/48) 0.91 (50/55) 0.84 (66/79) 
Infectious, Specificity 0.68 (21/31) 0.50 (20/40) 0.48 (16/33) 0.89 (8/9) 

Allergic, Sensitivity 0.93 (13/14) 0.88 (14/16) 0.92 (12/13) 0.89 (8/9) 
Allergic, Specificity 0.97 (72/74) 0.99 (71/72) 0.96 (72/75) 0.91 (72/79) 

AHC, Sensitivity 0.57 (4/7) (0/0) 0.57 (4/7) (0/0) 
AHC, Specificity 0.99 (80/81) 0.94 (83/88) 0.99 (80/81) 0.94 (83/88) 

Environ., Sensitivity 0.67 (6/9) (1/3) (1/1) (0/0) 
Environ., Specificity 0.99 (78/79) 0.93 (79/85) 0.93 (81/87) 0.92 (81/88) 

  HEALTH CONDITIONS 
Conjunct., Sensitivity 0.88 (15/17) 0.88 (15/17) n/a n/a
Conjunct., Specificity 1.0 (33/33) 1.0 (33/33) n/a n/a

COVID-19, Sensitivity 0.86 (6/7) 0.86 (6/7) n/a n/a
COVID-19, Specificity 1.0 (43/43) 1.0 (43/43) n/a n/a

Influenza, Sensitivity 0.62 (5/8) 0.83 (5/6) n/a n/a
Influenza, Specificity 1.0 (42/42) 1.0 (44/44) n/a n/a

Int. Flu, Sensitivity (2/2) (2/2) n/a n/a
Int. Flu, Specificity 0.92 (44/48) 0.92 (44/48) n/a n/a
Croup, Sensitivity (5/5) (5/5) n/a n/a
Croup, Specificity 1.0 (45/45) 1.0 (45/45) n/a n/a

Lice, Sensitivity 0.88 (7/8) 0.88 (7/8) n/a n/a
Lice, Specificity 1.0 (42/42) 1.0 (42/42) n/a n/a

Leg Break, Sensitivity (1/1) (1/1) n/a n/a
Leg Break, Specificity 1.0 (49/49) 1.0 (49/49) n/a n/a
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