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Imagine

• Your friend on social 
media posted an article 
about a cancer treatment
• The post reached 1.4 m 

shares
• You are curious to know 

more about this.. 
• You turn to your search 

engine and look up 
“dandelion weed cancer”
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Evidence-based medicine
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‘I'm living proof it works'

‘Snopes’ fact checking!

CBC: “researchers hoped to 
test dandelion root’s 
potential..”
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What about social media?
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They are all 
unproven 

treatments

They manipulate 
real facts

Cancer patients!



Problem Definition

Looking at two major online platforms 
(online search/social media), how does 

online health misinformation effect 
people’s health-related decisions?
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Proposed Solution

In online search
• Understand how search 

results influence 
decisions
• Controlled laboratory 

studies
> What factors contribute 
to people’s final health-
decisions?
> How can we help people 
make correctly informed 
decisions?

In social media
• Detect and track 

misinformation in social 
media
• Content analysis, ML,  

observational studies
> Can we automatically 
detect medical rumors?
> Who propagates 
questionable medical 
advise?
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Tracking Health Misinformation 
on Twitter (Chap. 3)
• Collected 13 million tweets regarding the Zika 

outbreak
• Selected 6 Zika rumors from WHO & Snopes
• Hand-craft queries to extract corresponding tweets
• Use crowdsourcing to identify rumor, clarification 

and other tweets
• Generated 48 different features (Twitter, linguistic, 

sentiment, medical and readability)
• Train classification model to identify rumor tweets
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Results
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R1: GMO

R2: Cold symptoms

R3: Killer vaccines

R4: Pesticides

R5: Immunities

R6: Coffee grounds

Mismatch between 
rumor and 
clarification (r<0.5)

Volume of rumor and 
clarification are close 
(r>0.5)



Results

• Best features to predict if a tweet is a rumor
• Medical features  
• Tweet text syntax
• Sentiment features
• Twitter features

• Classification model with high accuracy 0.92, precision 
0.97, recall 0.95, F-measure 0.96 (90/20 training testing 
split)
• Training on 5 topics and testing on the 6th

• New topic without labelled data when building the classifier
• Low accuracy for new topics 
• Importance of labelled data about the topic being classified

PAGE 14



We can automatically detect rumor tweets…what 
about possible future health rumors?

Looking at who propagates rumors might help predict 
potential health rumors!
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Health Misinformation User 
Modeling in Twitter (Chap. 4)

Rumor Control

User Selection

Relevance Refinement

Tweet Collection

Topic Definition
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969,259 tweets
676,236 users

ControlRumor

139 queries 144 million tweets
(Paul & Dredze 2014)

215,109 tweets
39,675 users

Humanizr

39,514 users 675,621 users

Name Lexicon

24,441 users 469,494 users

Tweet Rate Filter

506,412,503 tweets
443,883 users

16,017,084 tweets
7,221 users

17,978 users 324,590 users

Twitter API User Endpoint

Twitter API Cancer topic selection

Topic Refinement

7,221 users
433,883 users 

(270,622 personal, 
163,261 not personal)

4,212 users

Historic Selection

52,046 personal, 
37,191 not personal

User Selection



Can we predict the “rumor 
spreading” behavior?

• Look at all the tweets before a users posts a tweet 
about the rumor
• Rumor users: tweets before the first rumor post
• Control users: (no date for first rumor!) sample users’ 

dates from a normal distribution having mean and 
variance of first rumor in Rumor dataset

• At least 100 tweets of 4,212 rumor users, sample 
control users
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Can we predict the “rumor 
spreading” behavior?
• Use following feature types:
• User features
• Tweet features 
• Entropy: the intervals between posts to measure the 

predictability of retweeting patterns 
• LIWC (Linguistic Inquiry and Word Count): 

psycholinguistic measures shown to express user 
mindset

• Train logistic regression classifier to identify users 
that might be talking about rumors in the future 
using their historical timeline
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Figure 2: Logistic regression 
with LASSO regularization 
model, predicting whether a 
user posts about a rumor, with 
forward feature selection.
McFadden R2 = 0.90

Significance levels:
p < 0.0001 ***, p < 0.001 **, p 
< 0.01 *, p < 0.05 . 



We looked at cancer cures in social media.

What about using online search to answer health-
related questions? 



Measuring search results effect on 
people’s online health-search(Chap.5)
• Total of 60 participants were told to pretend to be 

searching for the answer to a question about the 
effectiveness of a treatment for a health issue
• Participants had to classify the medical treatments 

as 
• Helpful: Treatment has direct positive effect
• Unhelpful: Treatment is ineffective or has a direct 

negative effect
• Inconclusive: Unsure about the effectiveness

• They either received a search engine result page, or 
the control condition, with no SERP
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Medical treatments

• The medical treatments 
and associated medical 
conditions were all 
formulated as “Does X 
help Y?”
• Each medical question 

was classified as helpful 
or unhelpful, as 
determined by the 
Cochrane Review by 
White and Hassan. 

• Each participant 
answers 10 questions 
(5 helpful and 5 
unhelpful) 

Examples:
• Unhelpful: “Do insoles 

help back pain?”
• Helpful: “Does caffeine 

help asthma?”
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Search Result Bias 
• 8:2 ratio of results 
• 8 correct, 2 incorrect
• 2 correct, 8 incorrect

Ø 10 ×10 Graeco-Latin 
square to fully balance the 
experimental conditions 
with the treatments

Topmost Correct Rank 
• Always had a correct result 

at rank 1 or rank 3

Experimental Conditions

PAGE 24

Correct Incorrect

Incorrect

Correct



User performance

Accuracy
• Fraction of correct 

decisions
• A correct response 

agrees with the 
authoritative answer

ØGeneralized linear 
(logistic) mixed effect 
model for stat. sig

Harm
• Fraction of harmful 

decisions
• A harmful decision is 

opposite of the 
authoritative answer

• Inconclusive is not 
considered a harmful 
decision
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Results - Accuracy
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Bias Topmost Correct Rank Correct decisions Average 
Accuracy

Incorrect 3 0.23 ± 0.04
0.23± 0.04

Incorrect 1 0.23 ± 0.04

Control No search results 0.43 ± 0.05 0.43 ± 0.05

Correct 3 0.59 ± 0.05
0.65 ± 0.05

Correct 1 0.70 ± 0.04

Independent Variable Dependent Variable Pr(>Chisq)
Search Result Bias Correct Decision << 0.001

Topmost Correct Rank Correct Decision 0.16



Results - Harm
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Bias Topmost Correct Rank Harmful decisions Average Harm

Incorrect 3 0.41 ± 0.05
0.38 ± 0.05

Incorrect 1 0.35 ± 0.04

Control No search results 0.20 ± 0.04 0.20 ± 0.04

Correct 3 0.13 ± 0.03
0.10 ± 0.03

Correct 1 0.06 ± 0.02

Independent Variable Dependent Variable Pr(>Chisq)
Search Result Bias Harmful Decision << 0.001

Topmost Correct Rank Harmful Decision 0.06



People are influenced with the search result.

What factors contributed to their final decisions?
How can we help them make correct decisions?



Factors affecting Online health-
related search (Chap. 6)
• Total of 16 participants were asked to think aloud 

while they used search results to determine the 
efficacy of health treatments
• Procedure:
• Concurrent think-aloud with eye tracking and video 

recording
• Retrospective: Video recording reviewed by participants 

post hoc with further information elicited
• Final questionnaire

• Think-aloud data transcribed and coded
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Factors affecting Online health-
related search (Chap. 6)
• Previous study conditions (search bias/rank)
• 8 treatments out of the 10 treatments from the 

previous study
• Participants’ performance (accuracy/harm)
• Coding scheme:
• Think-aloud transcribed
• Performed twice within different time periods
• Mixed methods research approach to generated codes 

(top-down and bottom-up)
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Results – Search results bias
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Results Bias Correct decisions Harmful decisions

Correct 0.67 ± 0.08 0.06 ± 0.03

Incorrect 0.32 ± 0.06 0.28 ± 0.06

Independent Variable Dependent Variable Pr(>Chisq)

Search Result Bias Correct Decision << 0.001

Topmost Correct Rank Correct Decision 0.8



Results – Coding
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No Name Participants References

C1 Majority 14 36

C2 Authoritativeness 13 153

C2 Stats & studies 12 20

C6 Advertisements 7 16

C7 Date 7 15

C8 References 7 12

C9 Negative information 6 15

C10 Information representation 5 18

C12 Prior_belief 5 8

C14 Readability 4 8

C13 Relevance 4 7

C15 Past_experience 3 3

C16 Text_length 3 3

C17 Images 2 6

C18 Rank 2 4

C19 Social_factor 1 2



Results – Coding
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No Name Participants References

C1 Majority 14 36

C2 Authoritativeness 13 153

C2 Stats & studies 12 20

C6 Advertisements 7 16

C7 Date 7 15

C8 References 7 12

C9 Negative information 6 15

C10 Information representation 5 18

C12 Prior_belief 5 8

C14 Readability 4 8

C13 Relevance 4 7

C15 Past_experience 3 3

C16 Text_length 3 3

C17 Images 2 6

C18 Rank 2 4

C19 Social_factor 1 2

If participants are exposed 
to results geared towards a 
specific direction, they end 
up being influenced by 
what the majority of the 
search results state. 

The majority of the search results 
stating that the treatment helps or 
that the treatment does not help or 
looking for a consensus of different 
search results. 



Results – Coding
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No Name Participants References

C1 Majority 14 36

C2 Authoritativeness 13 153

C2 Stats & studies 12 20

C6 Advertisements 7 16

C7 Date 7 15

C8 References 7 12

C9 Negative information 6 15

C10 Information representation 5 18

C12 Prior_belief 5 8

C14 Readability 4 8

C13 Relevance 4 7

C15 Past_experience 3 3

C16 Text_length 3 3

C17 Images 2 6

C18 Rank 2 4

C19 Social_factor 1 2

Participants pay attention 
to authoritativeness.
(We did not control for 
authoritativeness)

The trustworthiness and 
reliability of the source of 
information. 



Results – Coding
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No Name Participants References

C1 Majority 14 36

C2 Authoritativeness 13 153

C2 Stats & studies 12 20

C6 Advertisements 7 16

C7 Date 7 15

C8 References 7 12

C9 Negative information 6 15

C10 Information representation 5 18

C12 Prior_belief 5 8

C14 Readability 4 8

C13 Relevance 4 7

C15 Past_experience 3 3

C16 Text_length 3 3

C17 Images 2 6

C18 Rank 2 4

C19 Social_factor 1 2

Participants pay attention 
to quality.

The quality of the search results 
page such as the presence of ads, 
research studies or 
reference/citations.



• Majority
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“I’m going to say helps because a lot of 
people, like it was just, the vast number 
were in agreement.”

“WebMD. It’s a more trustworthy source, I 
think.”

“So this looks like a research study, so I 
think it’s pretty reliable.”

• Authoritativeness

• Quality



Retrospective think-aloud & post-
task questionnaire
• Retrospective think-aloud to get insights on new 

strategies not discovered in the previous step
• Post task questionnaire aligns with the think-aloud 

collected data
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Conclusion

• Mixed-method approaches to address the health 
misinformation in online search and social media
• Online search:
• Traditional search needs to incorporate a notion of 

negative gain to incorrect information
• Social media: 
• Detection - automatically detecting Twitter users who 

may post questionable information
• Intervention- attempting to change those individuals’ 

views
• Prevention - quickly identifying and limiting the spread 

of misinformation
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Future work

• Effect of authoritativeness in online health search
• Rank effect in online search
• User studies on different populations
• False advertisement campaigns in social media 

(Facebook) about cancer cures
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Rumor Description Example #tweets

R1) Zika virus is linked to genetically modified 
mosquitoes  (WHO)

BIOWEAPON! #Zika Virus Is Being Spread by #GMO #Mosquitoes Funded 
by Gates! 73,832

R2) Zika virus symptoms are similar to 
seasonal flu (WHO)

The affects of Zika are same symptoms as the Common Cold. 
#StopSpreading- GMOMosquitos

469

R3) Vaccines cause micro- cephaly in babies 
(WHO)

Government document confirms tdap vaccine causes microcephaly.. 
https://t.co/4ZVLbaabbG 4,329

R4) Pyriproxyfen insecticide causes 
microcephaly (WHO)

”Argentine and Brazilian doctors sus- pect mosquito insecticide as cause of 
microcephaly” 

10,389

R5) Americans are immune to Zika virus 
(Snopes) Yup and Americans R immune to Zika, so why fund a response to it? 351

R6) Coffee as mosquito- repellent to protect 
against Zika (Snopes)

Bring on the Cuban coffee. Say Good- bye to Zika mosquitoes. Dee Lundy-
Charles Fredric Sweeney Joshua Oates Laure... http://fb.me/tArL595b 

202
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ZIKA RUMOR LIST



Geolocate Zika tweets:

43

1. Get GPS location (latitude and longitude) values
• Very small portion has this information (less than 1%)
• Convert GPS location to country name (World Borders API)

2. No GPS location, get country name from mentioned place in tweet

3. No place value, get country name from user location
• field is very messy and not well formatted
• Use Yahoo Placemaker API to get information about user 

mentioned place such as type (city, country, street..), GPS 
coordinates

4. Convert GPS coordinates of user location to country name (World 
Borders API)

5. No user location, country name is the country associated with the 
user in previously posted tweets



Instructions

Examples

Labeling task
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ZIKA CLASSIFICATION - MEDICAL LEXICON

1. Download “Infectious disease” pages 
[~ 22 thousand words] => corpus M

2. Get top ~22 thousand words from all 
Wikipedia pages => corpus W

3. Compute the probability of every work 
in corresponding corpus:

M!" = $%&'()
∑)+

W!" = $%&'()
∑),

4. Compute difference in probabilities:
!" = -!" −/!"

5. Get words with highest !"

Social media

Word(w) M!" W!" !" Rank

syphilis 0.01 - 0.01 4

bronchitis 0.002 - 0.002 81

tetanus 0.001 - 0.001 236

diarrhea 0.006 0.121 -0.121 13682

epidemiology 0.009 0.147 -0.138 15284

treatment 0.019 4.652 -4.633 33869

life 0.003 34.61 -34.608 35074
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Figure 3: Word frequency tables summarizing the top 20 most popular terms, excluding 
stopwords, in all historical tweets by control users (left), all historical tweets of rumor 
users (center), and only rumor tweets (right). 



Instructions & 
classifications

Document title, snippet, url

Clickable link, to take to 
document page

Submit Answer

SERP Page:



Confusion Matrices

The Positive and Negative Influence of Search 

Results on People's Decisions about the 

Efficacy of Medical Treatments
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§ Control Condition

Decision Total Responses
Unhelpful 33%

Helpful 33%

Inconclusive 33%

§ With SERP

Decision Total Responses
Unhelpful x%

Helpful x%

Inconclusive y%

1. Under the control we should expect an even percent of responses in each category.

2. Under the biased conditions, we should expect an even amount between helpful 

and unhelpful.

Ø There is an overall bias to saying that a treatment is helpful.

26%

37%
37%

27%

41%
32%



Results - Clicks

The Positive and Negative Influence of Search 

Results on People's Decisions about the 

Efficacy of Medical Treatments
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• We recorded the overall 

and unique clicks in each 

participant’s session.

• Participants that interacted 

more with the search 

results were more likely to 

make a correct decision. 

1 2 3 4 5 6 7 8 9 10

Rank

Fr
ac

tio
n 

of
 C

lic
ks

0.
00
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05
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10
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15

0.
20

Total Clicks
Unique Clicks

Dependent Variable Mean Number of 
Clicks

Correct Decisions 3. 73 ± 0.20

Incorrect Decisions 3.32 ± 0.2 

Harmed Decisions 3.02 ± 0.30

Unharmed Decisions 3.65 ± 0.3 



Post Task Questionnaire
No Question Yes No Maybe
1. Do you believe that exposure (i.e. most results say the treatment helps/does 

not help) is important in determining the effectiveness of the medical 
treatment? And why? 

13 2 1

2. Do you believe that rank (i.e. highly ranked results say the treatment 
helps/does not help) is important in determining the effectiveness of the 
medical treatment? And why? 

9 6 1

3. Do you believe that quality is important in determining the effectiveness of 
the medical treatment? And please elaborate on what quality means to you? 

15 0 1

4. Do you believe that the web page layout is important in determining the 
effectiveness of the medical treatment? And why? 

12 2 2

5. Do you believe that social factors (i.e. experience of other people you know 
such as friends, family etc.) is important in determining the effectiveness of 
the medical treatment? And why? 

9 5 2

6. Did you notice any manipulation of the search results? If yes, then can you 
guess what was it? 

9 7 0

7. How do you describe your experience with the think-aloud process? -
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Majority is not the Answer: A Think-Aloud 

Study to Understand Factors Affecting Online 
Health Search


