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ABSTRACT

Increasingly, people go online to seek health advice. They com-
monly use the symptoms they are experiencing to identify the
health conditions they may have (self-diagnosis task) as well as to
determine an appropriate action to take (triaging task); e.g., should
they seek emergent medical attention or attempt to treat them-
selves at home? This paper investigates the effectiveness of two
of the most common methods people use for self-diagnosis and
triaging: online symptom checkers and traditional web search en-
gines. To this end, we conducted a user study with 64 real-world
users performing 8 simulated self-diagnosis tasks. Participants were
exposed to both a representative symptom checker and a search
engine. The results of our study provides empirical evidence for
whether using a search engine for health information improves
people’s understanding of their health condition and their ability
to act on them, compared to interacting with a symptom checker,
which bases its interaction model on a question-answering process.
Additionally, recorded answers to qualitative questionnaires from
study participants provide insights into which style of interaction
and system they prefer to use for obtaining medical information,
and how helpful they thought each system was. These findings can
help inform the development of better search engines and symptom
checkers that support people seeking health advice online.
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1 INTRODUCTION

A national survey in the US reported that one in three American
adults have gone online to diagnose their medical condition [24].
This search activity, however, comes with a number of problems.
Zeng et al. [29] reported that while most users believe they were
effective when searching for medical advice online, 70% of the
study’s participants relied on incorrect medical advice. In addition,
studies by Lau and Coiera [14] first, and White and colleagues [2,
25, 27] later, have also shown how these searches are often affected
by a number of biases, including anchoring and presentation bias.
Incorrect advice and biases can lead to potentially dire outcomes,
creating the need for accurate health information that users can
reliably trust, understand and easily obtain.

This study investigates how users obtain health advice online and
how they follow this advice. Consumer Health Search (CHS) tasks
include: self-diagnosing, triaging, seeking treatment for a known
diagnosis, finding first-hand experiences from other sufferers, and
others. We investigate two specific tasks: that of self-diagnosing
(identifying the medical condition based on observations, signs
and symptoms) and triaging (deciding the urgency of the health
condition and what to do, e.g., seek emergency medical attention vs.
self-treat). On one hand, self-diagnosis is the most popular search
activity related to health. According to Google, trending Coron-
avirus search in July 2020 has been mainly focused on the symptoms
of the virus (e.g., Is a sore throat a sign of coronavirus?, what are
the signs of coronavirus?, Is vomiting a symptom of coronavirus?).!
On the other hand, self-diagnosis is also a task for which current
search technology is often ineffective [30]. This is either because
the retrieval system itself fails to identify relevant information, or
because the users fail to formulate effective queries or correctly
understand the presented search results.

Online health advice is obtained from a number of different
avenues. In this study, we investigate two specific technological
solutions self-diagnosing users often rely upon: search engines and

!https://trends.google.com/trends/story/US_cu_D3EmPHEBAABYzM_en
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symptom checkers. Search engines have long been used by the gen-
eral public to access online health advice and information for self-
diagnosing [24]; however, in recent years symptom checkers have
been developed specifically to assist in this endeavour [7]. Symptom
checkers are designed to provide insight into a person’s condition
and provide advice on triaging and, at times, how to treat the con-
dition. Currently, the investigation into how effective and usable
these systems are is limited. For example, different symptom check-
ers have been evaluated and compared only to other symptom
checkers [7]. Similarly search engines have been evaluated for CHS
tasks, including for self-diagnosis [9, 20], but never compared with
symptom checkers.

This study specifically focuses on comparing search engines
against symptom checkers in an attempt to determine users pref-
erences between the two modes of accessing online health advice
for self-diagnosing tasks. This study also aims to investigate if
and how the information provided by the systems influences users
decisions to seek medical attention, and at what level of urgency
(self-treat vs. general practitioners vs. emergency). In fact, how the
user processes and utilizes the information is an important factor
in how symptom checkers operate, as many symptom checkers
only provide a recommendation of the action to undertake, rather
than a specific diagnosis with associated explanation of why that
diagnosis applies [7]. Through this study, we aim to answer the
following research questions:

RQ1: Does the use of search engines and symptom checkers
alter people’s decisions and confidence on self-diag-
nosis and triaging?

In order to determine if a user is influenced by the considered
systems, their self-diagnosis and triaging will be recorded
both before and after usage of the systems along with their
confidence in the answers, and then compared.

Which one is more effective for self-diagnosis and triag
ing — search engines or symptom checkers?
Effectiveness is measured by comparing the accuracy of the
decisions made by participants before and after using both

RQ2:

systems.

Which one requires less effort in interactions — search
engines or symptom checkers?

Effort is measured as time taken and self-perceived ease-of-
use.

Which one do people prefer more — search engines or
symptom checkers?

Participants are asked to rate which system they prefer to
use based on satisfaction, ease-of-use and usefulness.

RQ3:

RQ4:

2 RELATED WORK

Search engines are the first port-of-call for many people seeking
health advice: a study by Pew Research [24] reported over 70% of
online health seekers begin at a commercial web search engine.
The most common intents related to online health search include
seeking information on a specific health condition or medical prob-
lem (55%), treatments for a health condition (43%), and body weight
control (27%) [24]. Similarly, White and Horvitz reported that about
42% of web information seekers have searched at least once for
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self-diagnose [27]. People do report success in health searches on-
line [29]. Access to high quality online health information can help
people better understand their health conditions, make informed
decisions about health services access and treatment options, and
aid them in hypothesis testing and differential diagnosis [13].

Searching online for health information, however, does not come
without difficulties and risks. The quality, completeness, trustwor-
thiness, presentation and accessibility (understandability) of online
health information varies widely across websites [3, 4, 19]. People
searching in this context often formulate ambiguous and under-
specified queries [30], which in turn are not effective. People’s
prior medical knowledge impacts their effectiveness in formulating
health queries [8, 16, 22]. In addition, this prior knowledge may
not be necessarily correct [13], although they do rely on it, along
with previous illness experience, as a guide for self-diagnosis [17].
Finally, health information seekers are often subject to many bi-
ases, e.g., anchoring, availability [14, 25, 27]; these biases lead to
incorrect interpretation of health search results [13, 25, 26].

An alternative to search engines is symptom checkers, which
implement dedicated algorithms that, through a series of question-
answer interactions with users, attempts to determine the medical
condition that may affect the user or provide triaging information,
e.g., whether they should seek urgent medical attention.? A key
advantage of using a symptom checker over a search engine is that
people do not need to formulate queries or interpret web pages,
tasks for which they often perform poorly in the context of health
information seeking [29, 30]. In addition, the number of interactions
required by the system, and the amount of time required to arrive
at a recommendation, are typically lower than those needed when
interacting with a search engine.

Nevertheless, symptom checkers come with their own draw-
backs. At times people are uncertain about their answer to one
of the symptom checker questions, yet systems typically do not
support uncertain answers, or simply saying ‘I don’t know’. They
are also unable to confirm their understanding about a question
and the medical terminology used, e.g., they may confuse and mis-
interpret the expressions “chronic headache” and “severe headache”.
People may also struggle to interpret the answers provided by the
symptom checkers, or may not trust the recommended diagnosis
and triaging if no explanation regarding how the system arrived at
the particular conclusion.

There is little empirical evaluation of existing symptom checkers
with regard to the correctness of the diagnosis and triaging, and
the coverage of the conditions. The little evidence available is not
promising. A study by Semigran et al. [7] that compared a wide
array of symptom checkers reported that systems lack accuracy
for both the diagnosis and triaging tasks. Similar results have been
reported by other studies in the literature, e.g., [5, 18, 28]. For
triaging in particular, Semigran et al. [7] found symptom checkers
err on the side of caution and recommend users consult a medical
professional when self-treatment is instead reasonable (thus are risk
averse). A limitation of that study, however, is that the symptom
checkers were evaluated by one of the authors of the study rather
than a sample of the intended general public users. Thus it is unclear

2Note that different symptom checkers provide different information to their users
based on their design goals; however, the key functions they implement often include
providing assistance with condition diagnosis as well as triage advice.
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Figure 1: The user study flowchart.

how the general public would have interacted with these systems
in the simulated health scenario used for evaluation. For example:
would they have been able to understand and answer the questions
prompted by the symptom checkers? And would they have been
capable of entering the correct answer? What answer would they
have provided in uncertain situations? And how would they have
interpreted the output of the symptom checker? Would they have
trusted it and use it for their health decisions? Our study addresses
these limitations by empirically evaluating the effectiveness of
symptom checkers in simulated health scenarios with users from
the general public.

3 METHODS

A user study was set up to answer our four research questions.
A total of 64 participants from the general public were recruited.
The study was advertised through local Facebook groups, including
those related to local universities, local community groups and
local job seeking groups. The study required users to be above
the age of 18, have no prior medical study, and to be proficient in
English. Participants were told that the study would last approxi-
mately one hour, they were given a $15 gift card at the end of their
participation.?

Figure 1 depicts the flowchart of the user study. Participants com-
pleted eight simulated health scenarios representing self diagnoses
tasks. The tasks were to be completed using two different systems:
1) a search engine based on the Bing Search API; and 2) a symptom
Checker based on the HealthDirect Symptom Checker tool. Each
participant completed four tasks using one system and four tasks
using the other. To minimise bias with fatigue, we rotated the eight
scenarios and the two systems using a Graeco-Latin square rota-
tion [10]. All 64 participants completed all 8 scenarios resulting in
512 scenario data points.

3.1 Consent and demographic questionnaire

After consenting to participate, each participant was given a set
of instructions presenting the elements of the interface and rules
for answering the scenarios. Next, a demographic questionnaire
collected information on the participant’s age group (grouped by
ten-year intervals*), highest level of completed education, English

3The study has received Human Research Ethics Committee clearance (ref num
2018002115).

4Following the guidelines for age-group data anonymisation from the Australian
Bureau of Statistics.
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Table 1: Demographics of participants.

Age Group
18-24 37(57.81%)
25-34 19(29.68%)
35-44 3(4.68%)
45-54 1(1.56%)

Highest level of education

Pre-high school 1(1.5%)
High school 20(31.25%)
Certificate III/IV 4(6.25%)
Advanced diploma & Diploma 2(3.12%)

Bachelor degree 22(3.374%)
Postgraduate degree 13(20.31%)
Graduate diploma & Graduate certificate  2(3.12%)

Prior experience searching for health advice online

Never 5(7.8%)
Once 2(3.12%)
Seldom 14(21.87%)

Frequently 43(67.18%)

Prior experience using search engines for self-diagnosis
Never 8(12.5%)

Seldom 30(46.87%)
Frequently 26(40.62%)
Prior experience using symptom checkers
Yes 17(26.56%)
No 47(73.43%)

proficiency®, and the frequency of use of general-purpose search
engines. We used the responses to determine the participant’s eligi-
bility.

Results of the demographic questionnaire are shown in Table 1.
Participants were all over the age of 18. Age was distributed as
37(57.81%) participants between 18-24, 19(29.68%)between 25-34,
3(4.68%) between 35-44 and 1(1.56%) between 45-54. All were profi-
cient in English. The highest level of education achieved by partici-
pants was: 1(1.5%) pre-high school, 20(31.25%) high school, 4(6.25%)
Certificate III/IV, 2(3.12%) Advance diploma & diploma, 22(3.374%)
Bachelor Degree, 2(3.12%) Graduate Diploma & Graduate Certifi-
cate, 13(20.31%) Postgraduate Degree. In terms of prior experience
searching for health advice online, 59(92.18%) of the 64 participants
stated having prior experience with 2(3.12%) recalling doing so only
once, 14(21.87%) seldom, while the remaining 43(67.18%) reported
they search for health advice frequently. When asked specifically if
they use search engines for self-diagnosis (as opposed to searching
for other health information or advice), 8(12.5%) reported never do-
ing so, 30(46.87%) reported doing this sporadically, and 26(40.62%)
stated they often search with a self-diagnosis intent. When asked if

SWe verified participants English proficiency by checking whether they: (1) speak
English as first language, or (2) achieved IELTS overall test score of at least 5.0 with
a score of at least 4.5 in each of the four test components. These are the minimum
English proficiency to work in Australia.
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they have experience using symptom checkers, 17(26.56%) partic-
ipants reported having used these systems in the past, while the
remaining 47(73.43%) said they never used them.

3.2 Pre-scenario Questionnaire

After completion of the demographic questionnaire, participants
moved to consider each of the 8 health scenarios assigned to them,
one at a time. Before being assigned to a system (symptom checker
or search engine), participants had to read the scenarios and answer
a series of questions shown in Table 3. These would be repeated at
the end of each scenarios to compare the effect each system had
on the user’s ability to correctly diagnose and act on the medical
condition provided in the scenario.

3.3 Self-diagnosis Scenarios

We selected eight scenarios of the 45 standardised patient vignettes
(short description of the simulated illness) used in a survey of
symptoms checkers [7]. The vignettes were compiled from various
clinical sources such as education material for health profession-
als and a medical resource website. Each vignette contained age,
gender, symptoms, correct diagnosis and correct category of triage
urgency for a given condition. Diagnoses were provided by a panel
of clinicians in the original study. Vignettes include both com-
mon and uncommon diagnoses (based on prevalence) from four
categories of triage urgency: requiring emergency care, requiring
non-emergency care, self-care appropriate [9], and not needing
medical attention. We ensured that each diagnosis in the eight
selected scenarios had a matching Google health card [9].

Then, we created a topic description based on each vignette. A
topic description contains all symptoms as reported by the patient
in the vignette, excluding clinical observations (since in a real set-
ting, the user would not have such information). We also replaced
medical terms with layman terms, where appropriate (e.g., “rhinor-
rhea” was replaced with “runny nose” and “acetaminophen” was
replaced with “paracetamol” as “paracetamol” is a more commonly
known term in Australia than “acetaminophen”). Finally, we asked
research students in our team lab (who have no medical background
and had English as first language) to formulate a search query for
each topic description. The eight scenarios used are provided in
Table 2. Each scenario consisted of narrative describing a fictitious
person experiencing a number of symptoms. Each scenarios also
has a ground truth diagnosis and triage level. While the hypotheti-
cal scenario may not represent the participants’ actual information
need, this is a common approach (e.g., [11, 15, 21, 23]) which en-
ables control over the experiment conditions and comparison of
results across participants [1, 10].

To complete each scenario, we asked participants to first make
a diagnosis then copy and paste the condition mention — either
from the snippets, linked documents, or from the health cards.
This protocol allowed us to track where participants found the
relevant diagnosis mention and evidence for making their health
decision (i.e., they could have found it across different information
objects, but they made their final decision based on the copied one).
Second, we asked participants to select the urgency condition for the
scenario: requires emergency care (e.g., calling 911 or immediately
going to hospital), requires non-emergency care (e.g., contacting
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Scenario 8 of 8:
Your 65-year-old aunt has
had pain and swellinginthe | gg swelling Causes - Mayo Clinic

leg swelling Submit

right leg for 5 days. She has a  https:/jw i 20050910
history of hypertensionand | og gwelling related to inflammation. Leg swelling can also be caused by inflammation in leg tissues.
she was recently hoptialised Inflammation may be a normal response to injury or disease, or it may be due to rheumatoid arthritis or another

inflammatory disorder. You will usually feel some pain with inflammation. Factors that can contribute to
inflammation in the leg ..

for pneumonia. After

returning home from hospital,

she had begun walking, but

the right leg has become Leg Swelling: 21 Common Causes & Treatment of Swollen Legs ...

painful, tender, red and hitps:/ 1

swollen. Swelling in the legs is caused by a build-up of luid called edema. It can also result from inflammation of soft
tissue. Lear about the possible medical conditions and medications that can cause

iy
gs-puffy

Tasks:

1. What would youdonow? | eg Swelling: Symptoms, Signs, Causes & Treatment
O Use an Emergency https://ww i com/leg_s htm

service. Thisincludes | eg swelling generally ocours because of an abnormal accumulation of fluid in the tissues of the lower extremity.
calling 000 or The medical term for leg swelling from excessive fluid in the tissues is peripheral edema.Persisting indentation of
immediately going to a swollen leg after pressure from a finger is known as pitting edema.Common causes of leg swelling include salt

an hospital Emergency,  "etention, celluls, congestive heart faiure

Contact an health

professional. This

includes make an hitps:/

appointment with a Gp,  The ankles and legs are common sites of swelling because of gravity’s effect on the fluids in the human body.
However, fluid retention from gravity isn't the only cause of a swollen ankle of leg.

o]

Swollen Ankle and Leg Causes, Treatments, and More
healthline. ki d-

2 home doctor, or call a
nurse helpline.

Self treat, This includes  /Vhat You Should Know About Swelling in Your Legs — Health ...
buying an over the hat-you-should-know-about-swelling !
counter medicine/drug,
use an home-remedv.,

(e}

g
If you notice swelling in your feet or legs, you should definitely tell your primary care doctor, says a Cleveland
Clinic Vascular Medicine specialist. Sweling, or edema, can be caused by many ..

Figure 2: Screenshot of the search engine interface. Left-
hand panel contains the scenario and questions for the par-
ticipant to answer.

general practitioner or nurse help line), or self-care appropriate (e.g.,
taking over the counter drug or home-remedy, resting, performing
activities to mitigate the condition). Finally, we asked participants
to rate their confidence of the responses (1=Very not confident to
5=Very confident).

3.4 Search Engine

The search engine based system is developed to closely mimic that
of the Bing search engine, as the system is built of the Bing Search
APLS This user interface screenshot shown in Figure 2 is broken
into two columns: query input box and results on the right; form
containing the scenario and questions for the participant to answer
on the left. This form contains an explanation of the scenario, to rate
the triage urgency of the condition, what influence their decision
on this specific question and confidence.

3.5 Symptom Checker

The symptom checker system was a clone of that deployed on
HealthDirect.gov.au.” A screenshot of the user interface is show in
Figure 3. The reasons for considering a single symptom checker,
Health Direct in specific, are:

e Representative. It uses a question-answering process to
determine the outcome. Symptom checkers either ask users
to answer a series of questions or enter a list of symptoms [9].
The most popular symptom checkers on the market such as
WebMD and Mayo Clinic use this approach.

o Triage and Diagnosis focused. Existing popular symptom
checkers are either diagnosis focused, such as WebMD and
Mayo Clinic, or triage focused, such as NHS [9]. Health
Direct provides one or more diagnosis and a triage decision.

o Accessibility. It is a public service, which allows acquir-
ing the questions and answers, unlike commercial symptom
checkers, such as WebMD and Mayo Clinic.

®https://www.bing.com/
https://www.healthdirect.gov.au/symptom-checker/tool
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Table 2: Health scenarios provided to participants. Included are the correct diagnosis and correct triage level.

Scenario Diagnosis Triage
Your 12-year-old daughter had a sudden severe abdominal pain with nausea, vomiting, and Appendicitis Emergency
diarrhea. Her body temperature is 40C.

Your 18-year-old brother had sever headache and fever for the last 3 days. He also became very Meningitis Emergency
sensitive to lights and experienced neck stiffness.

Your 65-year-old aunt has had pain and swelling in the right leg for 5 days. She has a history of Deep vein thrombo- Emergency

hypertension and recently hospitalised for pneumonia. After returning home from hospital,
she had begun walking, but the right leg became painful, tender, red and swollen.

Your 18-month-old toddler has had a runny nose, cough and nasal congestion for a week. She
also became irritable, sleeping restlessly, and not eating well. She developed a fever overnight.
She attends day care and both you and your partner smoke.

Your 35 year-old aunt experienced nasal congestion for the last 15 days. She also has had facial
pain and green nasal discharge for the last 12 days. She has had no fever. She is otherwise
healthy, except for mild obesity. She is on no medications, except for an over-the-counter
decongestant. She has no drug allergies.

Your 56-year-old aunt who has a history of smoking had shortness of breath and cough for
several days. She also had runny nose since 3 days ago. Further, she mentioned to have a
productive cough with white sputum. She denies getting chilled or weight-loss and has not
received any relief from over-the-counter cough medicine.

Your 61 year old mother has had a runny nose and cough productive of yellow sputum for 4
days. She initially had fever as high as 38°C but those have now resolved. She is otherwise
healthy except for high cholesterol. She has no drug allergies.

Your friend, a 30-year-old man, has had a painful, swollen right eye for the past day. He
experienced minor pain on the eyelid but no any history of trauma, no crusting, and no change
in vision. He has no history of allergies or any eye conditions and denies the use of any new
soaps, lotions, or creams. His right eye had a localised tenderness and redness.

sis

Acute otitis media

Acute sinusitis

Chronic obstructive
pulmonary disease

Acute bronchitis

Stye

Non-emergency

Non-emergency

Non-emergency

Self-care

Self-care

Scenario 1 of
8: Gender

Your 18-month-old Male
toddler has had a runny

nose, cough and nasal

congestion for a week. Age
She also became

irritable, sleeping Age:
restlessly, and not
eating well. She
developed a fever
overnight. She usually
attends day care and
both you and your
partner smoke.

Female

What symptom is bothering you most?

Search..

Tasks:
1. What would you do A
now?

O Usean
Emergency
service. This
includes calling
000 or
immediately

Anine ta an

Abdominal pain Allergy - breathing problems Allergy - rash

Anal bleeding Angina Ankle pain or swelling Anxiety

Anxiety and depression Arm injury Asthma
Figure 3: Screenshot of the symptom checker interface. Left-
hand panel contains the scenario and questions for the par-

ticipant to answer.

¢ Quality of performance. It’s proven to perform with the
highest accuracy against other symptom checkers on the
market [6]. In addition, Health Direct is contextualized to
the local community needs of the Australian health market,
where this user study was conducted. For example, some
diseases are more common in Australia (e.g., Dengue Fever,
covered by Health Direct) than in the US (where the most
popular symptom checkers are). Another example is related
to the medical care system, which would affect the triage
decision.

e User experience and convenience. This user study re-
quired each participant to complete the health scenarios
using two systems (a search engine and a symptom checker)
for a fair comparison. There is a trade-off between the statisti-
cal power required by the study, number of health scenarios,
number of participants, the time allocated to complete the
scenario by each participant, and the budget. Hence, we de-
cided to limit it to two systems, 8 scenarios, 64 participants,
and approximately 1 hour per study.

The symptom checker works by asking participants a series of
multiple choice questions. On completion, the participant is pre-

sented with further information about their symptoms and a triage

e Public funding. A government-owned service that is en-
dorsed by Australia’s department of health and not driven

by private organisations with misaligned objectives [6]. is left to the user to infer.
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level (e.g., visit your doctor). Importantly, the symptom checkers
(in general and in our case) do not give an explicit diagnosis — this
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Table 3: Questionnaire items — pre, post and exit.

Pre and Post Questionnaire Items (options)

(1) What would you do now? (1=Use an emergency service, 2=Con-
tact a health professional, 3=Self-treat, 4=Re-assess later)

(2) How confident are you with your answers? (1=Very not confi-
dent to 5=Very confident)

(3) What Medical Condition do you believe to have? (open answer)

(4) How confident are you with this Medical Condition? (1=Very
not confident to 5=Very confident)

Pre-only Questionnaire Items (options)

(1) How interested are you to learn more about the topic of this
scenario? (1=Very uninterested to 5=Very interested)

(2) How many times have you searched for information about the
topic of this scenario? (1=Never, 2=1-2 times, 3=3-4 times, 4=>
5 times )

(3) How much do you know about the symptoms observed in this
scenario? (1=Nothing, 2=Little, 3=Some, 4=A great deal)

Exit Questionnaire Items (options)

(1) The Symptom Checker was easy to use. (1=Strongly disagree to
5=Strongly agree)

(2) The Search Engine was easy to use. (1=Strongly disagree to
5=Strongly agree)

(3) The Symptom Checker provided me with useful information.
(1=Strongly disagree to 5=Strongly agree)

(4) The Search Engine provided me with useful information.
(1=Strongly disagree to 5=Strongly agree)

(5) I am satisfied with the Symptom Checker. (1=Strongly disagree
to 5=Strongly agree)

(6) I am satisfied with the Search Engine. (1=Strongly disagree to
5=Strongly agree)

(7) Overall System Preference. (I prefer the Search Engine, I prefer
the Symptom Checker, I have no Preference, I would not use
either)

3.6 Post-scenario questionnaire

On the completion of a scenario, the participant was once again pre-
sented with questions regarding her self-diagnosis and her triage
level. These questions are once again found in Table 3. The partici-
pant had to provide a response for each question before moving to
the next scenario.

3.7 Exit questionnaire

On the completion of all 8 scenarios the participant was presented
with an exit questionnaire. These solicited qualitative feedback on
ease-of-use, satisfaction and overall system preference. It also asks
if the user has used Symptom checkers before, if so, what kind.
Questions are detailed in Table 3.

3.8 Data Gathering

The data gathering for this study is done using two components,
a standard SQL database along with a logging service called Big
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Table 4: Participants prior knowledge, interest, and search
experience.

Mean Std Deviation

Interest 3.72 0.85
Search Experience  1.44 0.76
Prior Knowledge 1.91 0.84

Brother 8. The Big Brother logging service captures the interactions
of participants as they use both the symptom checker and the search
engine. Logged actions include mouse moments, clicks, scrolls,
page loading, cut/copy/paste as well as window scroll position. The
data captured through Big Brother was to both understand how
participants interacted with the systems and the different efforts
this involved.

4 RESULTS
4.1 Prior Knowledge, Interest, Search
Experience

We start by analysing results of the pre-only questionnaire (Ta-
ble 3) to identify whether the participants’ level of interest (Q1),
search experience (Q2), and prior knowledge on the scenarios (Q3)
may have had a systematic effect on results. Table 4 shows that all
scenarios were perceived as moderate to highly interesting (Mean
(M)=3.72; Standard Deviation (SD)=0.85). As noted in Table 4, par-
ticipants responses in terms of past experience varied significantly
across scenarios, however, the past search experience was bound
between never to a couple of times (M=1.44; SD=0.76). In terms
of prior knowledge on the scenarios, differences across scenarios
were significant; however, on average, participants reported to have
no or little prior knowledge (M=1.91; SD=0.84). These results indi-
cate that the scenarios were homogeneous in terms of participants
interest, prior knowledge, and task definition.

4.2 RQ1— Change in Decisions

First we examine if search engines or symptom checkers influ-
enced self-diagnosis decisions. Figure 4(a) shows the percentage
of changed vs. unchanged decisions after using each system. We
observe that using either system causes participants to change their
decision roughly 60% of the time. A binomial statistical significance
test was performed for three different situations. First, participants
will change their initial diagnosis randomly (50%). Second, only par-
ticipants with incorrect self-diagnosis will change their decisions
(96%). Third, participants with incorrect diagnosis will change their
decisions randomly (48%). First situation generated a statistically
insignificant result with a p-value of 1, while the other two gen-
erated statistically significant results with p-values of 4e—142 and
5e—3, respectively. These tests were performed with the results of
both the search engine and symptom checker , which indicates that
these systems do indeed impact people’s decision making. Some
small variation exists between scenarios, but the overall trend re-
mains: most people change their decisions after using either system.
Remember however that the symptom checker did not explicitly

8https://github.com/hscells/bigbro
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Figure 4: Change of self-diagnosis decisions after using searching engine or symptom checker (a) and change in confidence
in their decisions (b). SE=search engine, SC=symptom checker. Confidence levels are from 5 (very confident) to 1 (very not

confident).

suggest a diagnosis to participants. Thus changes in diagnosis deci-
sions when using the symptom checker may be ascribed to (1) the
questions the symptom checker prompted the user, (2) the triaging
recommendation provided by the symptom checker.

Figure 4(b) shows the confidence of participants decisions re-
garding self-diagnosis for the search engine (left) and the symptom
checker (right). Overall confidence increased after using both sys-
tems. However, there were some cases of medium confidence before
using the system that resulted in low confidence after using the
system. The use of search engines also provided people with more
confidence than the symptom checker, albeit statistically insignifi-
cant with p-value of 0.64 (based on a paired t-test). We posit that
being able to query, read documents and interact with the search
engine, rather than follow the rigid steps of the symptom checker,
may have helped in raising confidence.

Now we examine if search engines or symptom checkers influ-
enced triage decisions. Figure 5 shows the change in triage decisions
(a) and change in triage decision confidence (b) before and after use
of the two systems. In Figure 5(a), only small differences in triage
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decisions are observed for scenarios that are initially perceived
as not needing medical attention, regardless of the system inter-
vention participants were exposed to. When participants used the
symptom checker, however, they often escalated their triaging deci-
sions from requiring non-emergency care to requiring emergency
care: a trend that is also observed, but with less strength, for when
they used the search engine. A binomial statistical significance test
is performed for three different situations. First, participants will
change their triage decision randomly (50%). Second, only partic-
ipants with incorrect triaging will change their decisions (52%).
Third, participants with incorrect triaging will change their deci-
sions randomly (26%). No statistical significant differences were
found between triaging decisions taken with the symptom checker
or with the search engine, with p-values of 1 for all scenarios.

In Figure 5(b), we observe a little difference between the two
systems in terms of the participant’s confidence in their triage
decisions, albeit statistically insignificant with p-value of 0.79 (based
on a paired t-test). Both systems exhibit a regression to the mean
after using the system; that is, highly confident participants lower
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Figure 5: Change in triage decisions (a) and change in triage decision confidence (b) before and after use of the two systems.
Triage decisions (top to bottom) are: requiring emergency care, requiring non-emergency care, self-care appropriate, and not
needing medical attention. Confidence levels are from 5 (very confident) to 1 (very not confident).

their confidence after using the system, while highly unconfident
participants raise their confidence.

In answer to RQ1, the use of search engines and symptom check-
ers (1) heavily alters peoples’ self-diagnosis decisions while in-
creasing their confidence in such decisions; (2) only slightly alters
their triage decisions, with symptom checkers generally tending to
escalate them.

4.3 RQ2 — System Effectiveness

We now compare the search engine and the symptom checker for
accuracy on self-diagnosis. Figure 6 presents the number of correct
answers for each scenario. First, the number of correct answers is
generally very low, highlighting the challenge for self-diagnosis
online and how people may struggle at this task or make poor
decisions based on their online interactions. A two sample propor-
tions z-test was considered to measure the statistical significance
of self-diagnosis accuracy between the two systems. A p-value of
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2e—3 indicates that the accuracy of the two systems was statistically
different, with the search engine being more accurate in 7 out of 8
scenarios, and equal in the remaining scenario.

Figure 7 shows the percentage of correct triage decisions using
each system, as well as the percentage of under-estimated and over-
estimated triage decisions. Using the search engine, participants
made slightly more correct decisions. When users make an incor-
rect triage decision, they are slightly more likely to underestimate
the triage level (e.g., choose self-treat instead of go to the doctor)
regardless of the underlying system.

Overestimating the triage level is more likely with the symptom
checker. A two sample proportions z-test was considered for partic-
ipants who have chosen either the correct or higher triage urgency
level. Although previous research reported that overestimation is a
characteristic of symptom checker and can be intentional in their
design [7], a p-value of 0.5 indicates that there was no statistically



Search Engines vs. Symptom Checkers:
A Comparison of their Effectiveness for Online Health Advice

30-

20-

Percentage

10-
0-

Scenario

h114‘+4.

WWW ’21, April 19-23, 2021, Ljubljana, Slovenia

. Pre Diagnosis
. Search Engine

. Symptom Checker

Figure 6: How using a search engine and a symptom checker impacts self-diagnosis decision correctness. SE=search engine,

SC=symptom checker.

50-

. Search Engine
. Symptom Checker

Percentage

Over-Estimate Under-Estimate

Triage Level

Correct

Figure 7: Correctness of triaging. SE=search engine,
SC=symptom checker.

significant difference between the symptom checker and the search
engine.

In answer to RQ2, the search engine was statistically more effec-
tive than the symptom checker for self-diagnosis. On the other hand,
the search engine and the symptom checker were not statistically
different for triaging.

4.4 RQ3 — Effort in use

The effort involved when using each system was analysed next. Ef-
fort was measured in terms of the time taken to complete a scenario
using each system and the self-reported ease-of-use. Considering
time, a paired t-test showed that there was no statistically signif-
icant difference between the time taken using the search engine
versus the symptom checker with a p-value of 0.39.

Ease-of-use was self-reported on a 1-5 scale (5=strongly agree
the system was easy to use). The search engine had a mean score of
3.6 while the symptom checker had a mean score of 3.25, indicating
that participants found the search engine easier to use as a whole.
The variance in ease of use was higher for the symptom checker:
SD=1.2 versus SD=1.05 for the search engine. A paired t-test showed
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that the search engine was statistically easier to use with a p-value
of 3e—7. Ease-of-use may be biased by the fact that many people
are intimately familiar with using a search engine but may have
never used a symptom checker.

In answer to RQ3, the search engine required less effort to use
from a self-reported perspective but did not differ from the symptom
checker in terms of the time taken to complete a scenario.

4.5 RQ4 — Participant preference

Next we examine the personal preference of participants with re-
gard to each system. When asked which system they preferred,
32/64 (50%) answered the search engine, 22/64 (43%) the system
checker, 5 (8%) no preference and 5 (8%) prefer to not use either.

Table 5 provides an overview of the qualitative feedback pro-
vided by participants. In terms of ease-of-use, the search engine
was easier to use as previously discussed with regard to effort. Con-
sidering usefulness, both systems were marked as marginally in the
Agree range, with the search engine slightly preferred. Similarly,
satisfaction was marginally in the Agree range for both systems, but
participants still found the search engine more satisfying. Paired
t-tests on both the usefulness and satisfaction for each of the sys-
tems indicated the preference of the search engine with statistically
significant p-values of 2e—5 and 6e—7, respectively.

To answer RQ4, participants were lukewarm with respect to the
usefulness and the their satisfaction of both systems. This may also
be representative of the challenge of the self-diagnosis as people
struggle to use either system in this complex task. When, however,
participants were directly asked which systems they preferred,
there was a slight preference for the search engine.

5 LIMITATIONS

Participants used our systems through the web and were not re-
quired to attend our usability laboratory. This remote setup allowed
us to recruit beyond the convenience sample of a university popu-
lation (more than half of our participants are not affiliated to the
university where this research took place). Thus our participants
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Table 5: Participant qualitative feedback on ease-of-use, usefulness of each systems and satisfaction of each system. Figures

show the number of participants

Strongly Disagree (2) Neutral (3) Agree (4) Strongly Mean Std. dev.
Disagree (1) Agree (5) Answer
Number of participants

Ease of use Symptom Checker 7 12 10 28 7 3.25 1.2084
Ease of use Search Engine 3 9 8 35 9 3.5937 1.0498
Useful Symptom Checker 4 11 16 27 6 3.3125 1.0671
Useful Search Engine 4 6 16 26 12 3.5625 1.0965
Satisfaction of Symptom Checker 6 12 16 23 7 3.2031 1.1571
Satisfaction of Search Engine 4 4 21 24 11 3.5312 1.0536

included people of different cultural background, age, experience
(with technology and health matters), education and walk of life, re-
sembling a realistic sample of the local community of an urban area
of a developed country. However, this setup reduces our ability to
verify whether participants genuinely performed the tasks assigned
to them. We note that any malicious behaviour by participants (e.g.,
randomly entering answers to the scenarios) would have equally
affected both the search engine and the symptom checker because
of the Graeco-Latin square rotation study design we adopted.

Our study employed two specific systems: a search engine which
used the Bing Search API, and a symptom checker that replicated
the one provided by HealthDirect.gov.au. Our experimental findings
may be highly influenced by the specific systems used, and thus
do not generalise to other search engines and symptom checkers.
While differences in quality among top commercial web search en-
gines may not be highly demarcated (e.g., a study in the context of
health search did not find large difference in effectiveness between
Bing and Google [30]), differences between symptom checkers may
be more prominent [7]. The symptom checker we used was de-
veloped by a national public health service, and thus we believe
it to be of high quality. Nevertheless, that symptom checker does
not provide a suggestion for the possible diagnosis, but only offers
triaging recommendations. In future work we will consider alterna-
tive symptom checkers, investigating the effect of system quality
and features (e.g., provision of both diagnosis and triaging versus
only triaging).

6 DISCUSSION & CONCLUSIONS

Going online for seeking health advice has become common prac-
tice. This is achieved through numerous avenues: the major share is
taken by search engines, but health-specific services like symptom
checkers are increasingly being consulted. We set out to study how
effective each of these systems were with respect to self-diagnosis
and triaging tasks.

The first finding to note is that both these systems strongly
influence people: from an initial diagnosis decision, approximately
60% of people change that decision after using one of these systems
(RQ1). Their triage decision was also altered by such systems. Triage
decisions, rather than diagnosis decisions, may be a more significant
measure in terms of someone’s health impact: making an incorrect
diagnosis, but consulting a doctor who proceeds to determine the
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correct diagnosis is a far better outcome than staying at home when
medical attention is needed.

On actually choosing the correct diagnosis, the case for the self-
diagnoser is not good: only a small percentage of people were
able to use either system to find correct diagnoses (RQ2). Where
people did get it right, it was more likely achieved using a search
engine than a symptom checker. Indeed, there were a number of
cases where people’s decisions were worse after using a symptom
checker. People’s confidence in their decisions also changed using
these systems — typically increasing. This also has implications: it
is far worse to be made more confident in your wrong diagnosis
after going online.

Overall, the search engine was more effective in almost every
factor evaluated. More correct diagnostic decisions were obtained
using the search engine. Given that the motivation for symptom
checkers is to constrain users and make them more accurate, ad-
dressing many of the perceived shortcomings of search engines,
this may be a surprising finding: one would have expected them to
be more accurate than search engines. The unconstrained nature
of interactions with search engines may well be their very advan-
tage, particularly for explorative hypothesis testing and differential
diagnosis [13].

Qualitatively, people preferred the general search engine over
the specific health symptom checker. They found the search engine
easier to use (even though the time taken to complete the tasks
was on par with the symptom checker). Usefulness and satisfaction
were also rated higher for the search engine. The exit questionnaire
provided to the users was broad and did not ask in-depth questions
about the aspects they preferred in the search engine. However,
we conjecture that the user preference for the search engine is
related to the freedom of exploration along with the explanation it
provided about the symptoms given.

While the generalized interpretation of findings across search
engines and symptom checkers is hard to make given the limitations
of this study, our results provide insight into how symptom checkers
could be developed to improve user satisfaction. For example, they
could provide broader information about the symptoms, like search
engines. These results might also motivate the investigation of
alternative solutions to both search engines or symptom checkers,
e.g., a system that structures interactions like symptom checkers
but provides the freedom of exploration and hypothesis verification
of search engines [2].
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This study certainly offers a cautionary tale for the use of online
systems for self-diagnosis. Poor answer correctness, underestima-
tion of severity (i.e., triage), and over confidence were all observed
in this study. The impact of these observations on real people mak-
ing real health decisions can be severe, even fatal. Given this, it may
be understandable why many medical professionals vehemently
oppose people performing any self-diagnosis online. Yet, surveys
over decades have shown people do not heed these warnings and
continue to self-diagnose online. If we cannot stop them, how might
we help them? There is certainly a fertile, and very active, area of
research on building better search engines and symptom check-
ers [12]. There is also a lot to be learnt to better understand users
— how they go about self-diagnosing online, when and why they
succeed or fail, and how best to support them. It is to this last area
that this study hopes to help the most.
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