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1. Introduction

® Previous research explored use of online
searching as a diagnostic engine [13], as a
notable number of queries are targeted towards
self-diagnosing one’s symptoms [9]

e Motivating factors of this project are
cyberchondria [13] and online health
misinformation [/], which can lead to user anxiety
and misinformed health decisions

e |n this study, Google search results of medical
queries are compared to those of problematic
health queries

e Findings will prompt users to pay attention to the
types of health websites they click on, the key
aspects to look for on search results pages, and
how to best formulate health search queries

2. Research Questions

RQ1: Which websites are the most popular in
medical and problematic health searches?

RQ2: How do search results differ between medical
searches and problematic searches? Are any
features of search results an indication of
trustworthiness?

RQ3: How should symptom searchers formulate
their queries in order to maximize the helpful
content their receive?

3. Data and Methods

e 48 |egitimate health queries with 642 top results
generated

e 31 problematic health queries with 398 top
results generated

Legitimate Queries Problematic Queries

Extract Extract Extract
pseudoscience alternative recommended
diagnoses from health terms search queries

Wikipedia from Snopes from Google

Extract common
medical symptoms
from Wikipedia

Enter both sets of queries into
Google and use web scraping to
retrieve various features from each
search results page

Websites

4. Results

Heatmap of Most Popular Health Websites for Problematic Health Searches
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Figure 2: Heatmap shows the density of the most popular websites across all
problematic health searches. A value of 7 (dark blue) corresponds to a website
that showed up seven times in the top search results for a given health query. A
value of O (light blue) corresponds to a website that didn’t show up in the top
search results for a given health query. There are 31 problematic health queries
along the x-axis and 10 top websites along the y-axis.

Figure 1. Heatmap shows the density of the most popular health websites across
all medical symptom searches. A value of 4.0 (dark blue) corresponds to a
website that showed up four times in the top search results for a given symptom.
A value of 0.0 (light blue) corresponds to a website that didn’t show up in the
top search results for a given symptom. There are 48 medical symptoms along
the x-axis and 10 top health websites along the y-axis.

e Most popular websites in medical symptom searches were Healthline and WebMD, showing up at least
once for most queries (Fig. 1)

e Wikipedia and NIH (and its related subdomains) were the most popular websites in problematic health
searches (Fig. 2)
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Figure 3: Visualization of agglomerative hierarchical clustering as a dendrogram. Each node at the bottom corresponds to one of the 79 total health searches in
Google. The node labels are a shortened version of the query that was used and they are clustered together according to their computed Euclidean distances.
Nodes of the same color belong to the same cluster. Clusters from left to right: blue (Cluster C), orange, green, red (Cluster B), purple, and brown (Cluster A).

e Hierarchical clustering of all queries by 16 features: various website rankings, presence of Google knowledge
panels, and bolded query text in search results description (Fig. 3)

e Cluster A: only medical queries with popular health websites and knowledge panels in search results (Fig. 3)

e Cluster B: mostly problematic queries that lack many of the same features (i.e. knowledge panel) (Fig. 3)

e Cluster C: large distance between nodes reveals limitation in features not being normalized to binary digits (Fig. 3)

5. Conclusion

e Popular health websites are commonplace in
legitimate searches and contain easily digestible
information (Fig. 1), and are less present in
problematic searches (Fig. 2)

e Although NIH and Wikipedia appear more
frequently in problematic health searches, they
aren’t necessarily untrustworthy—their high
ranking is in accordance with Google’s PageRank
algorithm [2]

e Combination of website domains and visual
knowledge panels creates starkest contrast
between medical searches and problematic health
searches (Fig. 3)

e Preliminary findings (see my paper in References)
suggest small changes in query formulation can
significantly alter search results

e A design suggestion includes flagging potential

oroblematic queries in Google searches

e Limitations include sampling bias against

oroblematic queries and lack of normalized
features

e Future work will continue to explore RQ3,
understand role of authoritative pages in health
searches, and ultimately minimize risk of getting
cyberchondria and becoming exposed to health
misinformation
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