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1 Abstract

1. Deutschsprachige Synopse
Hintergrund: Symptom Checker Apps sind digitale Anwendungen (Smartphone Apps

oder Webseiten) die Laiennutzer bei klinischen Entscheidungen unterstitzen. Neben
der Einschatzung, welche Diagnosen fir ein beschriebenes Beschwerdebild
wahrscheinlich seien, geben sie auch oft Empfehlungen, ob und wo ein Nutzer
medizinische Hilfe aufsuchen sollte ("Triage Empfehlung™). Obwohl die Genauigkeit
von Symptom Checker Apps in unabhangigen Studien bisher eher als unzureichend
bewertet wurde, erfreuen sich solche Apps wachsender Beliebtheit. Bisher wurde noch
nicht verglichen, ob solche Apps medizinischen Laien bei der Triage-Einschatzung
Uberlegen sind.

Methoden: Auf Amazon MTurk haben wir 91 US-amerikanische Probanden rekrutiert.
In einer Online-Umfrage schéatzten die Probanden die Dringlichkeit von 45 fiktiven,
kurzen Fallvignetten ein. Daten zu 15 Symptom Checker Apps, die anhand der
gleichen 45 Fallvignetten getestet wurden, wurden aus einer vorigen Studie
Ubernommen. Wir verglichen die Genauigkeit der Triage-Einschatzung zwischen
Symptom Checker Apps und den Laien, bezogen auf alle 45 Fallvignetten und pro
Dringlichkeitsstufe. Zudem wurde bestimmt, ob die Apps und Laien eher tber- oder
untertriagieren. Explorativ haben wir analysiert, ob Alter, Geschlecht und
Bildungshintergrund einen Einfluss auf die Triage-Genauigkeit und die Neigung zur
Ubertriage haben bei den Laien haben.

Ergebnisse: Im Gesamtdurchschnitt waren die Triage-Genauigkeiten der Probanden
(60.9%; 95% KI 59.5%-62.3%) und Symptom Checker Apps (58%) sehr &hnlich. Der
Mehrheit der Probanden gelang es, besser als zehn von 15 Symptom Checker Apps
zu triagieren. Sowohl die Symptom Checker als auch die Laien machten mehr
Ubertriage-Fehler als Untertriage-Fehler. Einen Einfluss soziodemographischer
Merkmale auf die Triage-Genauigkeit bei den Laien zeigte sich nicht. Das Verhéltnis
von Ubertriage- zu Untertriage-Fehlern war bei Frauen (2:1) hoher als bei Mannern
(1.2:1).

Diskussion: Wahrend die meisten Symptom Checker Apps keine hohere Triage-
Genauigkeit hatten als der durchschnittliche Proband, gab es fiinf Apps, die der
deutlichen Mehrheit der Probanden tberlegen war. Ob die Verwendung von Symptom

Checker Apps nutzlich ist, hangt nicht nur ab von der Fahigkeit solcher Apps, sondern
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auch von denen ihrer Nutzer sowie den spezifischen Anwendungsfall. Weitere Studien
sollten untersuchen, wie Symptom Checker Apps die Defizite ihrer Nutzer ausgleichen
kénnen, ohne sie fehlzuleiten, wenn die Nutzer in ihrer Einschéatzung richtig liegen.
Erkenntnisse dazu, in welchen Fallen und warum Nutzer den Einschatzungen von

Symptom Checker Apps trauen, werden hierbei sehr wertvoll sein.



2. Englischsprachiges Abstract
Background: Symptom checkers are digital health applications (smartphone

applications or website-based applications) to support laypersons in clinical decision
making. Besides providing suggestions on probable diagnoses, symptom checkers
appraise the urgency of patient reported medical complaints (triage recommendation).
Despite past studies rating the accuracy of symptom checkers as deficient, these apps
are becoming increasingly popular among the general public. Until now, no study has
evaluated whether symptom checker triage accuracy is superior to that of their
intended user group, that is laypersons.

Methods: In an online survey, participants had to assess the treatment urgency of 45
fictitious, short patient descriptions (case vignettes). We recruited 91 US patrticipants
via the platform Amazon Mechanical Turk. Data on triage accuracy for 15 symptom
checkers on the same case vignettes was provided by a previous study. We compared
the triage accuracy between symptom checkers and laypersons, for all 45 vignettes
and for each of three urgency levels. We further investigated whether laypersons and
symptom checkers are inclined towards over-triage or under-triage. In exploratory
analyses we searched for effects of age, gender and level education on participants’
triage accuracy and inclination towards over-triaging.

Results: On average, participants’ triage accuracy (60.9%; 95% CIl 59.5%-62.3%) was
similar to that of symptom checkers (58%). The majority of participants outperformed
ten out of 15 symptom checkers in terms of overall triage accuracy. Both participants
and symptom checkers were inclined towards over-triage rather than under-triage. We
detected no influence of socio-demographic variables on participants’ triage accuracy.
Female participants had a higher ratio of over-triage to under-triage (2:1) errors than
male participants (1.2:1).

Discussion: While on average symptom checkers have no superior triage accuracy
than laypersons, five symptom checkers outperformed the majority of participants.
Whether symptom checker usage is beneficial, depends not only on the symptom
checker, but also on the user and the specific use case. Future studies should
investigate how symptom checkers can balance out laypersons’ deficits and blind
spots while not misleading them when their own intuition proves correct. Future
research on when and why laypersons trust symptom checker appraisals will prove

valuable.



2 Manteltext

1. Introduction

1.1.General Introduction
Grounding clinical decisions in solid science is at the core of evidence-based medicine.

But making those decisions requires not only data but also the means for drawing
coherent and reproducible conclusions from that data. Even before the digitization of
medical research and clinical documentation made health-related data available in
abundance, the magnitude and complexity of available evidence of in-print material
was already a challenge for the clinical decision maker. As a result, algorithms and
applications supporting clinical decision-making were envisioned as a necessity very
early in the course of evidence-based medicine in the dawning digital era [1,2].

The idea of what a decision aid should encompass has closely followed the developing
capabilities of computational methods: while early computer-based systems were
constructed on rule-based algorithms, the past decade has seen a surge in research
on more complex algorithms of machine learning (e.g., recurrent neural networks,
random forests, Bayesian networks) for clinical use cases. Most of these (notional) use
cases have in mind a user who is a healthcare professional as the clinical decision
maker, for example a radiologist who is being supported by pattern-detection
algorithms.

Apart from the scientific advances in medicine that have led to improved options for
therapy, diagnosis, and prevention, another shift in medicine has been to incorporate
the patient into clinical decision-making processes [3], an approach called shared
decision allocation or shared decision-making, an explicit renunciation of what is now
described as medical paternalism, where clinical decisions lay with healthcare
professionals alone [4]. There are other reasons why patients and/or medical
laypersons are now confronted with clinical decisions. For example, healthcare
systems have grown ever more complex, including providing a patient with more
options for where to seek care — but also burdening them with the responsibility of
determining which option is best.

Clinical decision-making is complex for healthcare professionals and laypersons alike,
and a general shift towards encouraging patients and/or the general public to take the
responsibility for their own health has consequently led to the marked rise in the

availability of clinical decision-support systems geared toward laypersons. One



example of such clinical decision-support systems is that of symptom checker

applications, which are the focus of the research presented here.

1.2. Symptom checker apps
There is no standard definition of what constitutes a symptom checker app. They have

been defined as tools "used by patients seeking guidance about an urgent health
problem. These services [i.e., symptom checkers] generally provide people with
possible diagnoses and/or suggest a course of action based on their reported
symptoms" [5], and as an alternative to generic health-related online keyword searches
attempt to provide patients at home with differential diagnoses and triage advice based
on self-reported symptoms [6]. Thus there exists a common understanding of the
purpose as well as the target group of symptom checkers, that is, supporting
laypersons in their self-assessment by naming probable diagnoses and/or providing
estimates of the urgency of the care needed. In their functionality they can, however,
be very different one from another. While some symptom checker apps are web
applications, others are smartphone applications, and some are both. Among the 23
symptom checkers assessed in a 2015 audit study [7], some require the user to input
his or her complaints as free text, while others are set-up as chatbots asking only
closed questions. The underlying algorithms are presumably quite diverse, too. Of the
36 symptom checkers assessed by Hill et al. in 2020, probably only a minority based
their reasoning on machine learning algorithms, while the remainder did not, with some
working from simple ruled-based systems [8].

Lastly, symptom checkers vary widely in their scope: next to general-purpose symptom
checkers, capable of consulting on a broad range of chief complaints, some cater only
to specific chief complaints or disorders (e.g., knee pain [9]) or patient groups (e.g.,
adult patients).

Symptom checker apps’ foremost functionality is to aid patients in self-assessing their
complaints, rating the urgency of these complaints and thereby helping them to identify
where best to seek care, and also educating them about (possible) diagnoses. Some
have described public health surveillance as another possible use case of symptom
checker apps: the aggregated data on symptoms entered by users could help identify
regional patterns such as outbreaks of infectious diseases [10,11]. Online self-
assessment apps have also been suggested as a supplement to or replacement for
telephone triage services, or as an assistive tool for the community health workers who

are triaging patients, especially in resource-limited countries [12]. Thus the notional
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utility of symptom checkers lies with both the micro level of the individual patient and

the macro level of the healthcare system.

1.3.Patients’ and healthcare professionals’ perspectives on symptom checkers
The current literature concerning healthcare professionals’ opinions on symptom

checker use by patients is ambiguous. A Finnish study reports a majority of surveyed
healthcare professionals (HCPs) agreeing that symptom checker apps can increase
availability of services to patients by guiding them through the available healthcare
services and be beneficial in the individual care of patients, while about half of HCPs
doubted that patients are capable of using symptom checkers or even willing to use
them [13]. A German qualitative interview study also documents clinicians' disapproval
of health-related online searches by patients, with a majority in that study presuming
patients’ general inability to adequately judge the retrieved information [14]. Similarly,
a US study reports that HCPs commonly do not recommend websites or apps to their
patients, and that they dislike patients bringing results from online searches to a
consultation [15]. Ironically, the same study, a randomized controlled trial on patients
in an emergency department’s waiting room using the search engine Google, found
that in the specific instances of patients bringing up information from a previous online
search during a consultation, the clinicians considered it helpful, and that neither the
clinicians’ satisfaction with the care provided, nor the patients’ satisfaction with the care
received, nor the patient-clinician relationship was compromised by patients’ prior
online health searches. Two observational studies reported that online health
information searching prior to visiting a doctor improves the patient-clinician interaction
and increases patient confidence in the physician [16,17]. In other words, the reported
subjective concerns of HCPs have not been shown to be justified by objective findings
thus far.

A large proportion of patients and the public in general consult online sources for health
information, a fact that has made Doctor Google an accepted term in everyday
language as well as in scientific literature. Laypersons consider symptom checker apps
a less well-known alternative to Doctor Google [18]. Handling the volume of unfiltered
and mostly inapplicable healthcare information that can be obtained using Google
searches is a challenge for anyone, whereas symptom checker apps promise to

provide advice tailored more specifically to the patient and his or her complaints [18].



Symptom checker apps are not commonly regarded as an alternative to seeking
professional medical care in the first place [18]. A systematic review summarises that
patients commonly consult symptom checker apps for what they consider trivial (non-
serious) complaints for which a visit to the doctor would be inappropriate, persistent
complaints that remain undiagnosed after they have sought professional medical care,
and complaints considered potentially embarrassing [19]. The complaints for which
symptom checkers are most usually consulted resemble those for which patients
commonly seek primary healthcare office visits [20-22], being foremost respiratory or
ear, nose, and throat (ENT) complaints such as the common cold, a runny nose, cough,
and sore throat, or abdominal pain and nausea, etc.

Users report a desire to receive advice on whether and where to seek a healthcare
professional and self-education on what can potentially cause complaints as the main
motivation for using a particular online symptom checker (Isabel) [23]. Similarly, a 2009
study names gaining information on self-management and the reduction of uncertainty
as reasons motivating patients to use symptom checker apps [20]. This study argues
that “taboo complaints,” defined by the authors as complaints relating to the
genitourinary tract, might be an exception, where patients prefer consulting a computer

system rather than a healthcare professional.

1.4.Prevalence of symptom checker app use
Despite limited evidence for the benefits of symptom checker app use, they are

nonetheless widely used as one of several options for seeking health information
online. A 2013 US study showed that in the general population, one in three people
regularly seeks healthcare information online, and attempting to diagnose oneself is
one of the most common use cases [24]. A 2020 German study reports that 20% of
the population uses the internet as the primary source of healthcare information [25].
Among patients, the proportion of those consulting online health information sources
prior to seeking professional medical care is reported to be between one-third and two-
thirds according to several studies [15-17]. Symptom checkers are already used by
many and the number is growing quickly: the German EPatient Survey 2020 estimates
the proportion of Germans using diagnostic apps at 13%, it having doubled in the last
5 years, and presumably this trend has been accelerated by the surge of digital health
applications during the COVID-19 pandemic [26,27]. Studies reporting on the
characteristics of symptom checker app users suggest that a typical user is female and



well-educated, and that older people use or would use apps less frequently than
younger people [22-24,28,29].

1.5. Evaluation of symptom checker apps
Several studies have been published on assessing online-based decision-support

tools similar to symptom checker apps, for example differential diagnostic generators
aimed at healthcare professionals as the user group [9,30,31]. However, unlike tools
intended to aid in pharmaceutical or diagnostic laboratory testing, no framework has
yet evolved on how to assess the performance and safety of symptom checker apps
[32]. What has been published thus far in the literature in terms of approaches for
evaluating symptom checkers varies. One common approach is to utilize patient
descriptions (case vignettes), either fictitious [7,8] or based on clinical documentation
of real patients [6], and test the symptom checker's response to these. An alternative
approach lets patients or healthcare professionals enter signs and symptoms for
themselves or their patients, respectively [33]. With either of these approaches, some
studies focus on a limited range of symptoms (for example symptom checker
performance concerning only abdominal [33], knee [34], or ophthalmic complaints
[35]), while others aim at capturing the entire breadth of complaints for which symptom
checkers might be consulted. Independent of the chosen approach, these studies
commonly face study-specific limitations, for example how the gold standard for the
correct diagnoses and adequate triage level was set regarding the composition of the
pool of case vignettes, or how ambiguities during the entering of information from the
vignettes were handled, which hinders comparability of results between different
studies. Furthermore, many studies evaluating symptom checkers are conducted by
the developers of such systems themselves [34-37] and are therefore at risk of
reporting overly promising results. Two literature reviews on symptom checker apps
for that reason have concluded that there is only limited evidence that the apps are
accurate and aid in providing better care [5,38]. Thus it is argued that establishing a
framework for evaluating the performance of symptom checkers and the effects of their
utilization is necessary [32,39].

1.6. Contribution of this thesis
In 2015, Semigran et al. reported that, on average, symptom checker apps return

correct triage advice in 57% of their triage evaluations [7]. Though Semigran et al. do
not provide a benchmark for sufficient accuracy, they judge this performance as

deficient [7]. In a subsequent study, Semigran et al. found that physicians
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outperformed symptom checker apps in terms of diagnostic accuracy [40]. Other
studies have also compared symptom checker apps’ or differential diagnosis
generators’ (geared towards healthcare professionals as users) diagnostic or triage
accuracy against that of healthcare professionals [33,36,41]. Such study designs imply
that symptom checker apps would have to perform equally as well as healthcare
professionals in order to be deemed useful. This would, however, only be reasonable
if symptom checker apps were used or promoted as alternatives to seeking advice
from a healthcare professional, which is not actually what the user is looking for [18,23],
and only one app developer has publicly hinted that this is its own aim [41].

Symptom checker apps can be considered useful when they enable their target user
groups to make better clinical decisions than users could make on their own. As the
target user groups of symptom checker apps generally consist of laypersons,
contrasting the performance of symptom checker apps and laypersons is a more
adequate comparison for establishing a benchmark criterion. Although some studies
have focused on laypersons’ ability to self-diagnose with the help of online tools
[15,34,42,43], triage advice is the more important feature of symptom checkers [8],
both in terms of patient safety and the potential to make the providing of healthcare
more efficient, and thus the comparison of the triage abilities of laypersons and
symptom checker apps is the more relevant.

Research performed in a different field provided further inspiration for the main
guestion that our own study, Schmieding et al. [44], explored. Dressel and Farid (2018)
evaluated the performance of a commercial algorithm in predicting recidivism rates for
criminal defendants in the US [45]. Though the commercial algorithm is highly complex
and bases its recommendations on more than one hundred features, that is, variables
of information inputted into the algorithm, laypersons were able to achieve a similar
accuracy when provided with only seven features on which to base their decisions.
Thus the question arises whether symptom checker apps, too — despite their
complexity — achieve no higher level of accuracy than laypersons do.

A previous study assessing laypersons’ ability to triage using case vignettes shows
that laypersons do struggle with triaging, but that their performance is better than that
of someone guessing at random [46]. Following this approach, our study reports on
the triage capability of laypersons using the same case vignettes with which the
symptom checker apps were tested by Semigran et al. [7] and thereby provides a
benchmark that apps need to surpass as a first criterion for being considered useful.
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Apart from suggesting a criterion for assessing symptom checker apps' usefulness,
our approach also yields detailed insights into where the strengths and weaknesses of
laypersons’ triage abilities lie, which can contribute to identifying the use cases where

symptom checker apps are most and least necessary.

2. Methods
The following sections on Methods, Results and Discussion will summarise and

discuss the main findings from Schmieding et al. [44], but include two more in-depth
analyses which are not part of the published paper.

2.1. Summary of methods of Schmieding et al.
Our research builds upon a study from 2015 that examined the accuracy of the triage

recommendations of 15 publicly available symptom checker apps: Semigran et al.
based their evaluation on 45 fictitious descriptions of patients and their complaints
(case vignettes), 15 for each of three triage levels, that is, the gold-standard rating of
a respective case’s urgency of need for treatment (emergency care, non-emergency
care, and self-care) [7].

We modified these 45 case vignettes to make the information they provide
comprehensible to a lay audience, for example by rephrasing rhinorrhea as runny
nose. Three experts modified the vignettes, two of whom were physicians and two of
whom were native English speakers. In that way, we were able to ensure that the
modified vignettes remained medically correct while at the same time were
comprehensible to an English-speaking layperson. We embedded the modified
vignettes in an online survey, asking the participants to rate the urgency of the need
for treatment of the fictional patients using the three-tiered scale (emergency care, non-
emergency care, and self-care). Prior to the case vignettes being presented, these
urgency levels were explained to the participants by providing the definition for each
level as phrased by Semigran et al. [7]. Additionally, we surveyed three demographic
variables of the participants: age, sex, and level of education.

In addition to the case vignettes and the triage-level definitions, we also used Semigran
et al.’s data on the symptom checker apps’ triage capability [7]. In other words, for the
comparison of the triage accuracy of the participants to that of the symptom checkers,
we did not collect our own data for the symptom checkers. Some symptom checkers
had limitations as to which cases they were capable of evaluating. For example, the
app Healthy Children [47] only considers paediatric patients and thus could only

provide a triage appraisal for 15 of the 45 cases. Similarly, other apps do not address
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a vignette character’s chief complaint and so could not be used with that particular
case vignette. As a consequence, since not every one of the 15 apps was able to
evaluate all of the 45 case vignettes, the total number of vignette evaluations by the
apps provided in the Semigran et al. study amounts to 532 [7]. This stands in contrast
to the data we collected on laypersons’ triage accuracy, where each of the 91
participants assessed the urgency of all 45 vignettes, yielding 4,095 case-vignette
evaluations in total. As four of the 15 apps sampled by Semigran et al. [7] never
recommended the least urgent triage level (self-care), probably because they were not
designed to do so, we conducted our main analyses twice, including and excluding
these apps, to ensure that our results were not skewed by this subset of symptom
checkers erring on one-third of the vignettes presumably because of their design.

In March 2020, we recruited participants via the online platform Amazon Mechanical
Turk (MTurk) [48]. As the case vignettes’ gold-standard solutions were designed to be
appropriate in the US healthcare system, we chose only to recruit participants with
permanent residence in the United States. Participants were remunerated $4.00 US
for their participation, and a bonus payment of $3.00 US was awarded to those
participants who accurately assessed more than 26 of the 45 case vignettes. This
threshold was chosen as it roughly corresponds to outperforming the average app as
assessed by Semigran et al. [7].

Our primary outcome measure was the difference between the mean triage accuracy
of participants and apps for all case vignettes (overall triage accuracy). In sub-analyses
to the main outcome measure, we evaluated whether the mean accuracies differed
between the three triage levels for participants and apps. To determine 95%
confidence intervals for the mean triage accuracy of participants, we chose a
bootstrapping approach, which returns stable estimates of confidence intervals even
when the underlying data is non-normally distributed [49].

As secondary outcome measures, we determined: (a) the proportion of participants
outperforming each app (discussed and presented in the published paper, but not in
this synopsis); (b) the degree of difficulty of each case vignette (discussed and
presented in the published paper, but not in this synopsis); (c) and the types of errors
for apps and participants. Finally, we juxtaposed the triage estimates of apps and
laypersons on an app-by-app basis (not included in the published paper, but described

in this synopsis).
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For the analyses of types of errors, we evaluated the proportion of evaluations where
the participants and apps over-triaged and under-triaged. Over-triage was defined as
rating a case vignette’s triage level as higher (more urgent) than appropriate, for
example assigning emergency care to a case vignette where non-emergency care was
set as the gold-standard solution, while under-triage was defined as the opposite.

The required sample size for our participant sample could only be roughly estimated,
as no sufficient data basis on distribution, variance, and mean triage accuracy of
laypersons existed at that time. The minimum sample size was estimated by
calculating the sample size required if a two-sided t-test to detect the difference
between a participants’ mean accuracy and a constant (the apps’ mean accuracy) of
an effect size of Cohen’s d = 0.4 had been planned to be utilized with an alpha level =
0.05 and a power = 0.8, and assuming equal variance for symptom checkers and
laypersons. This yielded a required sample size of 52 participants. We used this
sample size calculation as an estimate of the minimum number of participants required
to acquire meaningful results but decided to continue sampling more participants within
the earmarked budget in order to have a larger sample for the exploratory secondary
analyses. We considered the benefits anticipated from the secondary analyses higher
than the risks associated with oversampling (i.e., burden to study patrticipants, risk of

detecting significant yet irrelevant differences) in our case.

2.2. Juxtaposition of symptom checker apps and participant triage evaluations
We observed that some case vignettes were challenging to symptom checkers but

correctly evaluated by most participants, and vice versa [44]. Thus symptom checker
apps might prove beneficial when they are able to correctly evaluate scenarios with
which laypersons tend to struggle. Conversely, an app’s advice is less helpful to users
when it provides correct advice only for scenarios that the users are commonly able to
rate correctly by themselves.

To address this issue, we juxtaposed the triage evaluations of each symptom checker
app with those of every participant for each case vignette: for every symptom checker
app, we selected the subset of vignettes it evaluated (as most apps evaluated only a
portion of vignettes). For every case vignette in this subset, we juxtaposed the app’s
triage recommendation against the appraisals of each of the 91 participants. We
compared the app’s triage appraisal with each participant's triage appraisal by
determining whether the app and the participant agreed in their ratings, and whether

both, neither, or only one of them was correct in their rating. We summarised these
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comparisons by determining for each app (a) the proportion of evaluations where it
concurred with participants, that is, both app and participant assigned a case vignette
the same urgency level, and (b) the proportion of evaluations where the app disagreed
with participants. Based upon a) and b) we calculated the percentage of evaluations
where the app was correct when it (c) concurred or (d) disagreed with participants.
These two latter measures are of interest for different use cases of symptom checker
apps: an app that proves to be commonly correct when disagreeing with its users is
valuable when the user is seeking advice in order to question his or her own judgement,
while an app that more commonly affirms a user’s own correct judgement rather than
falsely affirming a user’s incorrect judgement might prove beneficial to users seeking
reassurance. Although an ideal app that never misjudges a patient’'s symptomatic
urgency can serve both purposes, imperfect apps might prove better in one function
than the other, depending on whether they are mistaken in the same cases as their

users or in different ones.

2.3. Analyses of demographic factors influencing the triage capability of
laypersons
Our sample size did not allow us to obtain a participant sample representative of the

US population. To rule out that the demographic composition of our participant sample
influenced the external validity of our results on laypersons' triage accuracy, we
performed a logistic regression with correct triage advice as a dependent variable and
the three surveyed demographic variables (age, gender, and level of education) as
independent variables. For this synopsis we further conducted post-hoc analyses on
these three demographic variables' univariate influence on risk-aversion by means of
descriptive statistics. If the descriptive statistics indicated a relevant influence, we

conducted a post-hoc Pearson Chi?-test using R 4.0.0 [50].

3. Results
The following summarises the main results from the publication Schmieding et al. [44],

and the subsequent sections present two analyses not included in the publication.

3.1. Summary of results of the publication
In total, 91 participants are included in our sample. Our sample includes relatively more

male participants and more persons with higher levels of education than the general

US population. With each of the 91 participants assessing all 45 case vignettes, 4,095

case evaluations were produced by the participants.

With all three triage levels taken together, the average participant’s triage accuracy

(60.9%, SD 6.8%) was comparable to the average symptom checker's (58%, SD
15



12.8%). While a symptom checker’s triage ability decreased with lower urgency of
triage level, that is, that they did best with emergency vignettes and worst with self-
care vignettes, our participants showed a different pattern: their triage accuracy was
about equal for emergency and non-emergency vignettes, and considerably lower for
self-care vignettes. In comparison, the apps outperformed the participants in detecting
emergencies but were less reliable than the participants in the remaining two
categories. Upon exclusion of the four symptom checker apps that never suggested
self-care, the symptom checkers’ average accuracy did improve, but the overall pattern
remained unchanged.

Both the participants and the apps were inclined towards over-triage, that is, they more
commonly erred by assigning a higher triage level than appropriate than by assigning
a lower than appropriate triage level. This inclination is more pronounced in symptom
checker apps than in human decision makers: while our participants over-triaged in
23.3% of case-vignette evaluations, symptom checkers did so in 34.8%. Additionally,
the symptom checker apps rated approximately every fourth self-care vignette as an
emergency (i.e., in 24.7% of case evaluations), while the participants only misjudged
vignettes in that way in 4.1% of case evaluations.

While the participants had in common with the symptom checkers a general inclination
towards over-triage, their patterns of over-triage differed on closer inspection of the
data; see Table 1. Differentiating between self-care and non-emergency, participants
made more over-triage errors (53.3% of self-care vignette evaluations) than under-
triage errors (14.9% of non-emergency vignette evaluations). In contrast, when
differentiating between emergencies and non-emergencies, participants erred more
towards under-triaging (32.6% of emergency vignette evaluations) than over-triaging
(16.7% of non-emergency vignette evaluations). Thus calling the participants risk-
averse does not grasp the full picture: when deciding whether care should be sought
at all (self-care versus non-emergency care) the participants are risk-averse, but when
deciding where to seek care (emergency versus non-emergency care), participants
show no such risk-aversion.

The pattern is simpler for symptom checker apps: both when deciding between
whether care is necessary at all and where to seek care, they more often err towards
the more urgent triage level than towards the less urgent one. This holds true upon

exclusion of the four symptom checker apps that do not include all three triage levels.
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Triage Appraisal
All SCs (n=15) Select 11 SCs (n=11) Participants (n=91)

Solution Em NE S-c Em NE S-c Em NE SC
80.3% 16.9% 2.2% 79.2% 16.9% 3.8% 67.5% 28.4% 4.2%

Em (147/183) (31/183) (5/183) (103/130) (22/130) (5/130) (921/1365) | (387/1365) (57/1365)
37.7% 54.9% 7.4% 32.0% 57.8% 10.2% 16.7% 68.4% 14.9%

NE (66/175) (96/175) (13/175) (41/128) (74/128) (13/128) (228/1365) | (934/1365) | (203/1365)
24.7% 42.0% 33.3% 18.1% 36.2% 45.7% 4.1% 49.2% 46.7%

S-c (43/174) (73/174) (58/174) (23/1127) (46/127) (58/127) (56/1365) (672/1365) | (637/1365)

Table 1. Confusion matrices of triage appraisals for symptom checkers (SCs) and participants. "Select
11 SCs" refers to the subset of symptom checkers providing self-care advice at least once. Em, NE,
and S-c refer to the three triage levels emergency, non-emergency and self-care. Table is based on
data from Schmieding et al. (2021) [51] and Semigran et al. (2015) [7].

3.2.Further results

3.2.1. Influence of demographic variables on risk aversion
A logistic regression on the influence of the three demographic variables (age, gender,

level of education) on triage accuracy yielded no significant results [44]. A post-hoc
analysis, however, hints at differences concerning risk-averseness, that is, the
proportion of over-triage errors among erroneous triage appraisals. On average,
female participants made twice as many over-triage errors as under-triage errors
(407:195 case evaluations); see Figure 1. The ratio of over-triage to under-triage errors
was less marked for males, at 1.2:1 (549:452 case evaluations). This difference in risk-
aversion was also significant in a post-hoc Chi?-test (x*1= 24.9, p<0.001). The level of
education and the age of participants, on the other hand, showed no such effect on

risk-aversion; see Figures 2 and 3.
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Figure 1. Inclination towards under- and over-triage (risk-aversion) among female and male

participants. Data from Schmieding et al. [51]. lllustration by Malte Schmieding.
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Figure 2. Inclination towards under- and over-triage (risk-aversion) by a participant’s highest level of

education attained. Data from Schmieding et al. [51]. Illustration by Malte Schmieding.
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Figure 3. Inclination towards over-triage (risk-aversion) by age of participants. Proportion of over-triage
errors refers to the proportion of over-triage errors in relation to all errors made by the respective
participant. The dashed line represents a linear model. Data from Schmieding et al. [51]. lllustration by
Malte Schmieding.

3.2.2. Juxtaposing participants’ and symptom checkers’ triage appraisals
When participants and symptom checkers agreed in their triage appraisals, those

appraisals were likely to be correct, especially when the symptom checker had a high
accuracy rate on its own, but also at times when the symptom checker had a low
accuracy rate: the minimum combined accuracy rate for case vignettes on which
participants and symptom checkers agreed in their assessments was 62.6%, and the
maximum was 87.7%. The accuracy when participants agreed with a symptom checker
was always superior to both the participants’ stand-alone accuracies and the
participants’ accuracies when disagreeing with the SC; see Table 2.

When a symptom checker’s triage appraisal did not match that of the participant's
(disagreement), the best five symptom checkers ranked by accuracy were more often
correct than the average participant. Concerning the less accurate apps, the

participants were more reliable when disagreeing with them; see Table 2.
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Stand-alone SC and P disagree SCand P
ccese accuracies Rate of 9 agree
SCname "™ | e SETE agree-
Shs ants' mente SC . Both in- Correct||Iincorrect
accuracy P correct || correct ]| correct
b
accuracy
HMS Family
0, 0, -
Health 3640 80% — 59.5% (SD: 5740 69706 216% 87% 87.7%  12.3%
o (32/40) 7.1%)
Healthy 73.3%  49.9% (SD:
Childran 1365 i | o 642%  785% 12.9%  8.6% 705%  29.5%
71.4%  59.7% (SD:
Steps2Care 3822 e 7_20/53) 555%  59.5% 33.1% 7.4%  81%  19%
0, 0, -
Symptify 3640 (27&{‘6) 60'72§)0/(())SD' 62.3%  56.1% 30.2% 13.7% 78.4%  21.6%
Symp- 64.3%  60.9% (SD: Q Q Q T . .
Al 1274 i e 5520  50.6% 43.1%  63% 754%  24.6%
0, 0, .
Drugs.com 3822 (52%%") so.g.g)%())su 58% 43%  456% 11.3% 715%  28.5%
0, 0, .
FreeMD 4004 (52%/1‘/{’) 60'5;"0/505[" 58.9%  41.8% 44.7% 13.5% 71.1%  28.9%
Doctor 62.5%  69.5% (SD: Q T 7 T T g
Dingnose 1456 ey | s 60.1%  38.7% 56.4%  4.8%  78.2%  21.8%
i 0, 0, -
Eir:t'c'% 3731 (5232%") 58'17%5'3' 30.1%  40.9% 48.2%  11%  73.6%  26.4%
0, 0, .
Early Doc 1547 ?S/'f?/;’ GsﬁﬁgD' 435%  37.4%  56%  6.6% 73.1%  26.9%
0, 0, .
Isabeld 4095 (52%3'/142") eo.g.g)(yg)so. 53.6%  32.9%  54%  13.2% 66.9%  33.1%
0, 0, .
NHS 4004 (52%'/1/1") stgg/f)D' 44.4%  32.9% 50.4% 16.7% 76.6%  23.4%
0, 0, .
Symcate 4095 {42%/%0) so.g.g)%())sn 496%  265% 59.2% 14.3% 62.6%  37.4%
0, 0, .
Healthwise 4004 {41%/242?) 61'27%8'3' 404%  221% 52.4% 255% T742%  25.8%
iTriagede 3913 (ﬁ%") eo.gcgo(yg)so: 285%  14.9% 54%  31% 76.7%  23.3%

Table 2. Summary of the juxtaposition of triage appraisals by symptom checkers (SC) and participants (P).
a An assessment is the juxtaposition of each participant's appraisal with that of the symptom checker. Hence
the number of assessments is the product of the number of cases an SC considered and the participant
sample size (n=91). P Accounting only for cases that the respective SC considered. ¢Mean proportion of
assessments where the respective SC and the participants provide the same triage appraisal. 4 SCs that
never suggested self-care. ¢ SC always advises to go to the emergency department. Data from Semigran et
al. [7] and Schmieding et al. [51].
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4. Discussion

4.1. Principal results
Our main outcome suggests that the triage capability of laypersons is comparable to

that of the 15 symptom checker apps as evaluated by Semigran et al. in 2015 [7]. This
result is also in line with Dressel and Farid’s finding that laypersons' judgement can
keep up with that of complex computational algorithms in some use cases [45].
However, looking beyond the comparison of both samples' mean accuracies, our data
reveal that five of the 15 symptom checkers outperform a large majority of the
participants. Furthermore, apps’ and laypersons’ strengths and weaknesses do not
fully overlap, which might enable users to make better decisions when supported by
an app than they would on their own. Thus concluding that symptom checkers are not
of benefit is short-sighted.

Female participants demonstrated a greater risk-aversion than males in our sample of
laypersons. This concurs with previous studies describing gender differences in risk
perception and risk-taking in general and in a health-related circumstance in particular
[52,53]. With symptom checkers being risk-averse on average, the on average risk-
taking male user group might benefit from their use to a greater extent than female
users.

Our analyses further identified that for some case vignettes, symptom checkers reliably
provided accurate advice, but that laypersons failed to appraise these vignettes
correctly. Thisis a valuable insight, as it indicates the possibility that symptom checkers
and their users balance out each other’s shortcomings and blind spots, that is, that
symptom checkers and users enable better decision-making when working together
rather than by themselves. To further investigate this idea, we juxtaposed symptom
checkers' advice and laypersons’ urgency appraisal. This comparison revealed that
when a user's triage appraisal is in agreement with a symptom checker app, be it a
high-performing one or not, his or her chance of making the correct decision always
increases. Thus this juxtaposition suggests that symptom checkers can be beneficial
when used as confirmation of a user’'s own evaluation (reassurance). However, upon
disagreement between app and layperson, only the top five apps managed to be
correct more often than the average layperson. Consequently, users should generally
trust their own judgement more than that of an app unless the app has a proven high
triage capability.

These results emphasize that the usefulness of a symptom checker must be assessed

with an eye to its specific users. Different user groups might benefit to a greater or
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lesser extent from a particular symptom checker app, or might benefit for different
reasons. Furthermore, the results demonstrate that although symptom checkers may
provide useful decision support and thereby potentially simplify clinical decision-
making for laypersons, the user is burdened with two new decisions: which app to trust
and when to trust that app.

4.2.Discussion of Methods

4.2.1. Aggregate statistics
Semigran et al. reported an overall triage accuracy of 57% for the symptom checker

apps [7]. This percentage is the fraction of all correct triage evaluations by symptom
checker apps (n=301) over all of the vignettes for which the apps provided a triage
recommendation (n=532). Of the 15 apps, only two evaluated all 45 vignettes, hence
the remaining 13 apps evaluated only a subset of vignettes, each subset of different
number and composition. For example, the app Doctor Diagnose evaluated only 16
vignettes, 10 of them correctly, whereas the app Isabel evaluated all 45 vignettes, 23
correctly. Consequently, those two apps contribute differently to the denominator of
Semigran et al.’s fraction: Isabel’s accuracy has an impact on the overall accuracy
reported by Semigran et al. nearly three times higher than that of Doctor Diagnose [7].
For the analyses in our study, the overall purpose of which is to compare the
capabilities of symptom checkers and laypersons a different approach is more suitable.
We first calculated the triage accuracy of each app, that is, the fraction of correct
evaluations that the app made over all of the vignettes evaluated, and then determined
the mean of these 15 fractions. Thus each app has an equal weight in our calculation
of the apps’ aggregated triage accuracy. This explains why we report an average triage
accuracy of 58% for the apps [44] while Semigran et al. report 57% [7].

The analysis approach of Semigran et al. [7] seeks to answer the following question:
if a user sought medical advice from all available apps, how often would he be advised
correctly? Our approach to reporting the triage accuracy of the symptom checker
sample seeks to answer a slightly different question: if a user sought medical advice
from any one given app, how often on average would the returned advice be correct,
omitting instances where the app did not provide a recommendation at all?

The results from comparing the apps’ and participants’ mean averages using our
approach are still somewhat skewed, as the case vignettes contribute unequally to the
apps’ aggregated average: some vignettes were evaluated by more apps than others
(and no vignette was evaluated by all), allowing each vignette’s influence on the overall
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triage accuracy reported to vary. Therefore we considered any aggregation of the apps’
triage accuracy as a simplification best avoided by reporting results on an app-to-app
basis. Consequently, our paper’s analyses focus on comparing the participants with
each app rather than with the apps’ sample average. This is a more nuanced approach
that does not try to answer whether apps or laypersons are more capable of triaging in
general, but which apps are better or worse than the average layperson, which we

consider a suitable benchmarking criterion.

4.2.2. Inferential statistics for the sample of symptom checker apps
Studies evaluating the capabilities of symptom checker apps commonly provide

inferential statistics, such as confidence intervals and p-values, in their analyses
[7,8,36]. For example, Semigran et al. calculated the 95%-confidence intervals for the
symptom checker apps’ aggregated triage accuracy based on a binomial distribution
[7]. However, the assumptions underlying a binomial distribution are not met when
considering a sample of symptom checkers and their triage evaluations: inferential
statistics are used to infer insights on a population of which only a fraction was studied
(sample). The sample must represent a random sampling of the population since
otherwise the inferences would be biased.

Symptom checker apps share the same purpose and target user group, but in all other
respects are highly heterogenous, for example, in terms of their underlying algorithms
or user interface, and arguably have fewer commonalities than differences. Thus there
is doubt as to whether each app can be regarded as members of the same class of
app (population). Regarding all symptom checker apps as belonging to one class (in
statistcal terms: “stemming from one population”) is analogous to assessing the
efficacy of a limited sample of painkillers and then extrapolating the conclusions of that
study to all substance classes of painkillers, including those with a different
pharmaceutical agent.

Even if one assumes that each symptom checker app can be regarded as an individual
from a larger population of symptom checker apps, only a randomly drawn sample
provides a valid basis for inferences on the larger population. Semigran et al., however,
state that they sampled the apps purposefully and not at random and thus compiled a
sample that is not appropriate for inference [7]. Secondly, the binomial distribution
Semigran et al. assumed [7] requires that the events, in this case the evaluations
(n=532), are not clustered, but that they all share the same probability, that is, the

probability of being evaluated correctly. The case evaluations, however, are grouped

23



both by the symptom checker (n=15) that provides the recommendation and the case
vignette to which the recommendation refers (n=45). Thus a binomial model
oversimplifies the complexity of the data. Models capable of accounting for these
dependencies between the case evaluations, such as generalized linear mixed-effect
models with crossed random effects, potentially prove to be a better fit to describe the
data on symptom checkers’ case evaluations. For the analyses in this study such
intricate models are not suitable for data with a single data point for each cluster
combination (combination of app or participant and case vignette) and thus mostly
descriptive statistics for the symptom checker apps are provided.

4.3.Limitations
To our knowledge, our study represents the first attempt to directly compare the triage

accuracy of symptom checkers with their potential users, that is laypersons. Our study
does come with limitations. Some are due to the study's design and thus difficult if not
impossible to mitigate without using an entirely different one, while other of its
shortcomings could be avoided in future studies.

First, our study used the data on symptom checkers’ accuracy from Semigran et al.,
which was published in 2015 [7]. In that study, they entered the vignettes into the
symptom checkers in 2014, which means that their data was six-and-a-half years old
when our paper came to press. The triage capability of symptom checkers may have
changed significantly during that time. Four of the 15 symptom checker apps assessed
by Semigran et al. [7] have been discontinued since, as Yu et al. point out [6]. On the
other hand, many of the currently prominent symptom checker apps were not included
in Semigran et al.’s analyses, as a comparison to much more recent study on symptom
checkers suggests [8].

The compilation of case vignettes came from Semigran et al. [7], too. This was
necessary in order to allow a fair comparison between symptom checkers and
laypersons’ triage capability. However, it restricted us to recruiting US participants, as
the case vignettes’ gold-standard triage levels might not be appropriate in another
healthcare system. Some of their case vignettes also lacked proper diagnoses, naming
only chief complaints instead (e.g., back pain, vomiting), which makes it difficult to
independently re-evaluate the appropriateness of their gold-standard triage levels.
Additionally, the Semigran et al. vignettes [7] cannot be regarded as a representative
sample of acute-care cases: while a disproportionate number (13/45) of case vignettes’

chief complaint is a respiratory one (e.g., shortness of breath, cough), none of the
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fictitious patients suffers from a mental-health condition. With 15 case vignettes for
each of the three triage levels, the levels of urgency are equally distributed, while in
acute care the less urgent cases are the more common ones. Calculating metrics like
overall triage accuracy, but also sensitivity, specificity, and negative and positive
predictive values (which have not been calculated by us but are reported in other
studies [6,36]) are therefore heavily influenced by the composition of the pool of case
vignettes. These metrics are very useful and common in test theory, but without
consideration of the pool of case vignettes with which the apps were tested, a
comparison of these metrics between studies is unreliable.

A more fundamental limitation is that laypersons potentially base their decisions on
different information than symptom checkers. Both the symptom checkers and our
participants have been provided with the same information—however, in real life, a
human decision maker might notice more information than what is provided in a case
vignette or overlook other information if not explicitly prompted by a symptom checker
to provide such information. Furthermore the laypersons were provided the information
as matter-of-fact text. They might have decided differently if the information had been
presented differently. For example, one case vignette soberly states that the patient is
in severe pain (eight on a scale of one to ten). In a real-life setting, this patient would
be in great despair, and such strong emotions would probably influence a human
decision maker’s decisional context, but not a symptom checker app's, since it is not
influenced by social and emotional contextual factors.

Semigran et al. had the case vignettes that they used entered into the app by a medical
layperson [7], while other vignette-based studies have had vignettes entered by
medical professionals [6,36,54], raising the question of which approach is the more
suitable to appropriately assess a symptom checkers capability. Laypersons are the
target user group of symptom checkers, not medical professionals, which speaks for
the latter providing greater validity. However, just as healthcare professionals are not
the intended target group, laypersons entering fictitious clinical vignettes is not the use
case of symptom checkers, either. Arguably, patients might enter their own symptoms
into an app differently and potentially with greater ambiguity than when they simply
transfer information from a given case vignette into a symptom checker app. The
sources and effects of such ambiguity are out of the scope of the assessment
capabilities of vignette-based studies. Rather, the strength of vignette-based studies is
that they allow very controllable laboratory conditions: the information provided can be
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controlled and a gold-standard solution can be set for the case vignette. Other types
of study designs commonly used to assess the accuracy of symptom checker apps,
such as using non-fictitious cases from medical records [1] or having real patients enter
their complaints into an app [55], face greater difficulties in reaching these two
laboratory conditions.

Consequently, it is worth noting that vignette-based studies commonly ignore
contextual factors in decision-making and in fact name it as one of the study’s
limitations [36], but really, it should be regarded as a strength of vignette-based studies
rather than a weakness: ultimately, vignette-based studies can be used to estimate a
decision maker's highest attainable capability (here the triage accuracy of a symptom
checker) when factors potentially compromising adequate decision-making are
disregarded: For the human decision maker, contextual factors such as emotional or
social context can be minimized. For the symptom checker app, information should be
entered in a manner that is unambiguous and most suited to the respective app, as
pioneered by Berner et al. in a study on medical expert systems [31]. Thus vignette-
based studies are a fruitful first step in assessing a symptom checker’s capability
despite their limited ecological validity, that is the limited generalisability from an app’s
performance in a case vignette-based assessment to its usefulness for its intended

use case.

4.4.0pen questions for further research
The evaluation of symptom checker apps is a relatively new scientific endeavour, and

no framework has yet been established on how best to assess symptom checker
stand-alone capabilities or how to estimate the risks and opportunities of integrating
such apps into routine clinical care [32]. Building on our own contribution to the field,
the following outlines two directions that future research can take: a) addressing the
guestion of how the methodology of vignette-based studies can advance to become
more reproducible and more meaningful, and b) addressing the interaction of users

and apps and the factors influencing this interaction.

4.4.1. Advancing the methodology of vignette-based studies on triage
accuracy
Numerous studies have tested symptom checker apps or differential diagnostic

generators with case vignettes. Unfortunately, their results are often not directly
comparable to each other for many reasons, three of which are addressed here and
remedies suggested for improving generalisability.

4.4.1.1. Dichotomising triage appraisals
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Our study follows Semigran et al. in categorising the case vignettes into three levels of
urgency, or triage levels, namely emergency-care, non-emergency-care and self-care
[7]. Other studies assessing the triage ability of symptom checker apps have used
different classifications of urgency, for example only two levels (emergency and non-
emergency) [6], four levels [8], or even six levels [36]. Naturally, the number of triage
levels, that is, the number of possible answers, influences the accuracy found in the
tested symptom checker app and thus our judgement of it: with a binary triage decision,
even random guessing would result in an accuracy rate of around 50%, while with six
triage levels, an attained accuracy rate of 50% would be far above what can be
expected from a poorly performing system providing nothing more than randomly
chosen estimates.

Coming to a consensus on how to subdivide and define triage levels will prove difficult,
as healthcare systems differ widely regarding what levels and providers of care the
patient can choose from and how accessible these are. One approach to this issue of
differing triage-level definitions is to evaluate symptom checkers on a set of binary
triage questions, for example, (a) can the symptom checker apps reliably discern
between complaints requiring emergency care versus non-emergency care and no
professional care, and (b) can symptom checker apps reliably discern between
whether complaints need professional care at all or whether self-care is appropriate
instead. These and similar binary questions would allow utilising analysis methods of
signal detection theory, such as determining sensitivity, specificity, and the area under
the curve of the receiver operating characteristic, or more modern approaches such as
the decision curve analysis [56]. These analyses of binary—and more actionable
recommendations — are of great value in identifying the potential use cases of
symptom checkers. For example, their advice on where to seek care might be
unreliable, but the provided advice on whether care should be sought at all might be
reliable and safe, and thus beneficial to users seeking advice on that specific question.

4.4.1.2. Differentiating vignettes

The number of case vignettes included in case vignette-based evaluation studies
varies greatly, from as little as four [54] to as many as 200 [36]. The more vignettes
used, the more meaningful the results ostensibly are, as a high number of diverse
vignettes can better resemble the distribution and wide variety of complaints for which
patients seek advice in a primary-care setting. However, as case vignettes are primarily

a means for discerning symptom checker apps with high performance rates from those
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with low performance rates, they themselves should be assessed on their suitability for
this task. Our analyses on the data provided by Semigran et al. show that some case
vignettes were assessed correctly by all the apps and others by none [7,44]. Such
vignettes cannot contribute to differentiating between high- and low-performing apps.
Similarly, case vignettes on which high-performing apps fail but low-performing apps
do not might potentially have been assigned an erroneous gold-standard solution or
be highly ambiguous, thus not providing a sufficient basis for a sound decision.
Irrespective of the reasons why this occurs, such vignettes are not helpful in
differentiating between high- and low-performing apps, either.

Accordingly, future studies should focus on developing metrics to assess the suitability
of case vignettes to attain a higher informative value, instead of (solely) relying on
increasing the quantity of them used in studies.

4.4.1.3. Transparent, pre-defined instructions on entering symptoms into
apps

The user interface and reasoning engines underlying symptom checker apps differ
substantially: some symptom checker apps prompt the user to provide specific
information, while others expect the user to provide all input with no prompts at all. For
example, the symptom checker Isabel lets the user enter input as free text and only
asks a limited number of fixed, that is, non-adaptive questions, for example the
respective patient's age and sex [57]. In contrast, symptom checker apps like
Symptomate [58] and Ada — check your health [59] let the user choose from a finite set
of symptoms as chief complaints and, based on these, prompt the user in a chatbot
format to provide more information, for example on the onset of these symptoms or
whether certain additional symptoms are present. These differences in the interaction
between user and symptom checker apps provides an obstacle to meaningfully
comparing the performance of symptom checker apps against each other since they
require the test user to make many decisions: How should a symptom checker app’s
guestion be answered on which the case vignettes provide no information? Should all
of a vignette’s information be presented unhesitatingly by the test user, or should some
information be provided only if specifically asked for by the app, as a real user might
engage? No matter how elaborately the case vignettes are designed, they will most
likely still contain some ambiguities or omit information that one or many symptom
checker apps specifically address in their assessments. Accordingly, specifying

instructions on how test users should handle such instances when interacting with the
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assessed symptom checkers and publishing these instructions as given should
become an essential part of the methods published in articles assessing symptom
checker apps. At the moment, this is not standard practice, which hinders researchers’

ability to reproduce, but also comparability between study results.

4.4.2. Interaction between layperson users and apps
Apart from assessing the performance of symptom checker apps and establishing

benchmarking criteria to help in judging their capabilities, the potential benefit of these
apps can only be estimated when one looks at whether and when their users would
follow the presented advice and which groups of users are most and least in need of
this advice. Hence, after having elaborated three suggestions above on how the
methods of symptom checker app performance evaluation can improve, the following
describes two paths that future research on the interaction between symptom checker
apps and their users might follow.

4.4.2.1. Subpopulations of laypersons benefitting differently

Our results indicate that neither age nor level of education showed any influence on
risk-aversion but that gender did. Gender differences probably are not the only factor
influencing laypersons’ triage accuracy and triage behaviour; health literacy and risk-
aversion in general might also be influencing factors. Thus when approaching the
guestion of whether the use of symptom checkers is beneficial to a layperson, a more
nuanced answer indicates that their use is potentially beneficial to some but not all
laypersons. For example, the given data on symptom checkers characterises them as
rather risk-averse and thus very good at detecting emergencies. Such risk-averse
symptom checkers might be beneficial to laypersons currently inclined to
underestimate risks, while less useful to laypersons sensitive towards emergencies
themselves. For that reason, further research could follow the path of analysing who
would benefit from such apps, and whether users can reliably judge what kind of
decision support they require and when. For example, users might benefit from a tool
reassuring them that self-care is appropriate, while a tool that is more risk-averse than
the users themselves could cause more anxiety than benefit, an effect termed
cyberchondria in the literature [60,61]. Also, if users cannot adequately judge when
they would benefit from consulting a self-assessment app and when they would not,
then even high-performing symptom checker apps would be of only limited value, and

research focus should turn towards educating the laypersons rather than improving the
apps.
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4.4.2.2. Influences on trust

A symptom checker app’s reliability in providing safe and accurate advice does not on
its own provide sufficient proof that it might be beneficial to a user in supporting his or
her decision-making. The user must in fact trust the symptom checker app in order for
it to benefit the user.

Current symptom checker apps use different methods to attain their users' trust. Some
apps accompany their advice with explanations, illustrating how the information
provided by the user contributes to the app’s suggestions, for example by using Sankey
diagrams. Others include anthropomorphic elements (e.g., icons resembling human
physicians) in the app’s user interface to emulate a patient-physician interaction.
Studies on user-machine interaction in other use cases provide evidence of such
measures affecting trust in automation [62,63]. It cannot be assumed, however, that
the findings from these studies apply to the interaction between users and symptom
checkers, as trust in automation is dependent on the specific use case and
stereotypical assumptions about the advising agent's expertise [64]. Research on trust
in automation-related aspects of symptom checker apps will prove of value for two
major reasons: A landmark study on trust in automation has shown that users tend to
“‘under-trust” advice from software when it is not perfectly accurate, even when it is
much more accurate than the user is [65]. Thus, even highly accurate and safe
symptom checker apps worthy of the user’s trust still need to actively employ other
means of acquiring the user’s trust in order to fulfil their potential for guiding the user
through the healthcare system and disburdening over-utilized healthcare services such
as emergency departments. On the other hand, efficacious measures for acquiring the
user’s trust pose a threat when they are utilized by symptom checker apps not worthy
of attaining that level of trust, that is, such measures might impede the user from
critically appraising the app’s advice. Measures proven to influence the user’s trust in
the app poorly calibrated to the app’s ability could be used in a manipulative manner.
Accordingly, independent research should investigate how efficacious different trust-
building measures actually are in convincing a user to follow an app’s correct advice,
while at the same time considering whether such measures aggravate the risk of users

being misled by an app’s wrong advice.
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Abstract

Background: Symptom checkers (SCs) are tools developed to provide clinical decision support to laypersons. Apart from
suggesting probable diagnoses, they commonly advise when users should seek care (triage advice). SCs have become increasingly
popular despite prior studies rating their performance as mediocre. To date, it is unclear whether SCs can triage better than those
who might choose to use them.

Objective: This study aims to compare triage accuracy between SCs and their potential users (ie, laypersons).

Methods: On Amazon Mechanical Turk, we recruited 91 adults from the United States who had no professional medical
background. In a web-based survey, the participants evaluated 45 fictitious clinical case vignettes. Data for 15 SCs that had
processed the same vignettes were obtained from a previous study. As main outcome measures, we assessed the accuracy of the
triage assessments made by participants and SCs for each of the three triage levels (ie, emergency care, nonemergency care,
self-care) and overall, the proportion of participants outperforming each SC in terms of accuracy, and the risk aversion of
participants and SCs by comparing the proportion of cases that were overtriaged.

Results: The mean overall triage accuracy was similar for participants (60.9%, SD 6.8%: 95% CI 59.5%-62.3%) and SCs (58%,
SD 12.8%). Most participants outperformed all but 5 SCs. On average, SCs more reliably detected emergencies (80.6%, SD
17.9%) than laypersons did (67.5%, SD 16.4%; 95% CI 64.1%-70.8%). Although both SCs and participants struggled with cases
requiring self-care (the least urgent triage category), SCs more often wrongly classified these cases as emergencies (43/174,
24.7%) compared with laypersons (56/1365, 4.10%).

Conclusions: Most SCs had no greater triage capability than an average layperson, although the triage accuracy of the five best
SCs was superior to the accuracy of most participants. SCs might improve early detection of emergencies but might also needlessly
increase resource utilization in health care. Laypersons sometimes require support in deciding when to rely on self-care but it is
in that very situation where SCs perform the worst. Further research is needed to determine how to best combine the strengths
of humans and SCs.

(J Med Internet Res 2021;23(3):e24475) doi: 10.2196/24475
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Introduction

Methods

Use of Symptom Checkers

Patients obtain health-related information from health care
professionals, but more frequently, information for patients is
provided in print; on the web; and, most recently, via
smartphone apps. Patients not only use these resources to
supplement information received from health care professionals
but also as a decision-support tool to advise them on whether
and where to seek adequate health care, especially as health
care pathways grow more complex. Symptom checkers (SCs)
are tools developed to provide support to laypersons. Users can
enter their complaints and, with some SCs, demographic or
health-related information (eg, age, sex, and past medical
history) to obtain advice on the urgency of their complaints
(triage advice) and the most likely diagnosis. The demand for
this type of support is evident; in the United States, 1in 3 people
reported resorting to the internet for self-diagnosis [1], and a
study from 2019 found that half of the patients involved in that
study had investigated their symptoms with an online search
engine before going to an emergency department [2].

Evidence on SCs

Despite their popularity, there is no established framework to
evaluate the performance of SCs [3,4]. The use of case vignettes,
based onreal or fictitious patients, has been a common approach
for rating SCs [5-9]. The 2 most recent non—industry-funded
audit studies using this methodology rated SC triage capability
as unreliable, with an average of only 49% and 58% of
appraisals deemed correct [10,11]. In line with these findings,
a 2020 literature review concluded that most investigated SCs
offered limited benefits [12].

A study showing that laypersons are just as capable of predicting
criminal recidivism as a complex commercial algorithm [13]
inspired us to compare the triage capability of SCs with that of
participants with little or no medical training: are SCs merely
a more complicated means of pointing out what an untrained
individual could just as easily deduce? Is there an advantage to
consulting SCs instead of relying on one’s own judgment?

In addition to advising the individual user, SCs are also said to
have the potential to reduce the burden on health care services.
Unfortunately, not only has this potential benefit not
materialized yet [3] but also there is evidence of the opposite
effect, as overly risk-averse SCs promote more visits to
emergency care services [14]. To address this issue, we also
analyzed whether SCs were more risk averse than our
participants. Although SCs can also provide diagnostic
suggestions, we considered triage advice to be more relevant
for assessing the impact of SC on use of health care resources
and patient safety.

The purpose of this study is to benchmark the triage capability
of SCs against that of their potential users, that is, laypersons.

hutps://www.jmir.org/2021/3/c24475

Ethics Approval and Consent to Participate

This study was approved by the Ethics Committee of the
Department of Psychology and Ergonomics (Institut fiir
Psychologie und Arbeitswissenschaft) at Technische Universitit
Berlin (tracking number: FEU_03_20180615). Participants
volunteered to participate in the survey, and informed consent
was required.

Data Collection

This investigation builds on a prior study by Semigran et al
[11], who evaluated SC triage performance based on case
vignettes. We used their results on the performance of SCs as
well as their case vignettes. Data were collected to determine
the triage ability of medical laypersons, which was then used
as a benchmark for comparing laypersons’ performance with
that of SCs.

Participants

All participants were US residents, at least 18 years of age, and
had no professional medical background. Our investigation was
limited to US residents, as the triage level definitions and the
gold standard solutions assigned to the case vignettes by
Semigran et al [11] might only be applicable to the US health
care environment and might not apply to other health care
systems with different service provider options.

Survey

We created an online survey with UNIPARK (QuestBack
GmbH) [15] containing questions on demographics (age, sex,
US residency, and highest level of completed formal education),
past online searching behavior for medical information, 45
randomly ordered clinical case vignettes, and 5 attention checks
(see Procedure for further details). We used the 45 case
vignettes compiled and adjusted by Semigran et al [11], which
are between | and 3 sentences long and describe a patient’s
signs and symptoms and occasionally mention elements of the
patient’s past medical history.

Participants were asked to classify each vignette into 1 of 3
triage categories, as defined by Semigran et al [11]: emergency
care, involving “the advice to call an ambulance, go to an
emergency department, or see a general practitioner
immediately™; nonemergency care, which encompasses “advice
to call a general practitioner or primary care provider, see a
general practitioner or primary care provider, go to an urgent
care facility, go to a specialist, go to a retail clinic, or have an
e-visit”; and self-care, which is “advice to stay at home or go
toa pharmacy.” The definition of each triage level was explained
at the beginning of the survey. The understanding of these
definitions by participants was ascertained by 3 control questions
given before the case vignettes were presented. The
questionnaire was piloted with 12 participants and refined
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according to their feedback to ensure readability and
understandability.

Preparing the Case Vignettes

The 45 standardized case vignettes included 15 cases for each
triage level. The vignettes, as chosen by Semigran et al [11],
included both common and uncommon conditions with a wide
range of chief complaints. The vignettes stemmed from various
clinical sources, including material used to educate health care
professionals.

For the purpose of our study, the vignettes were adapted to
increase the comprehensibility of lay individuals. First, we
transformed the bullet points into complete sentences. Second,
we paraphrased technical terms. For example, we replaced
“rhinorrhea” with “runny nose” and “tender” with “painful to
the touch.” In very few cases, explanations required elaboration.
Our overall aim was to provide participants with the same
information used by Semigran et al [11] to assess SCs. We
deemed | case vignette vague regarding a crucial piece of
information and had to supplement it with a detail left out in
the Semigran et al [11] version of the vignette (see Multimedia
Appendix | [11] for details). We retained the classification of
the 45 case vignettes into 3 triage levels.

Understandability and paraphrasing were cross-validated by
two native English speakers: one was a medical professional
(RM) and the other was without a professional medical
background (MALS). The adapted vignettes are shown in
Multimedia Appendix 1.

Procedure

We recruited the participants through Amazon Web Service
Amazon Mechanical Turk (MTurk), as it provides an established
means to recruit US-based participants for sociopsychological
surveys and is easy to access for researchers working outside
of the United States [16]. Each participant received US $4.00
for completing the survey and a US $3.00 bonus if their overall
accuracy in assigning the correct triage level was greater than
orequal to 58%. The bonus was intended to provide an incentive
for participants to pay close attention to the case vignettes and
to assess a case’s urgency as accurately as possible. The chosen
threshold of 58% corresponds to outperforming the SC average
reported by Semigran et al [11].

Two methods were employed to ensure that the participants
paid close attention to the survey questions. First, we added 5
attention checks to the set of 45 case vignettes. These attention
checks were formatted similarly to the case vignettes but
included prompts to choose specific answer options. Participants
were excluded from the analysis if they answered any of the 5
attention checks incorrectly. Second, upon completion of the
survey, participants were asked to affirm that they were attentive
and honest to improve the reliability of our data, as suggested
in a reliability analysis on MTurk data [17]. We assured
participants that they would be compensated for completing the
survey even if they stated that they had responded inattentively
or dishonestly. We analyzed data only from participants who
affirmed their honesty and attentiveness.

hutps://www.jmir.org/2021/3/c24475
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The survey on MTurk was published on 3 different days (March
21, 2020, at 2 PM Pacific Daylight Time [PDT]; March 22,
2020, at 1:45 PM PDT; and March 29, 2020, at 1 PM PDT). By
selecting the weekend day and early afternoon PDTs, we
attempted to reach an MTurk population as diverse as possible,
following a 2017 study on the intertemporal variation of the
MTurk population [18]. On each day, participants were recruited
within a few hours of publishing the survey.

Due to limited funding, the sample size was ultimately
determined by the availability of funds and the number of
participants who performed well enough to earn a bonus.

Data Analysis

Data were cleaned and explored using R 4.0.0 [19] and tidyverse
packages [20]. Inferential analysis was conducted using the
packages Ime4 [21] and infer [22]. Figures were created using
the package ggplor2 [23]. The data set containing participants’
triage assessments and their demographic variables was made
publicly available [24].

Following Semigran et al [11], we refer to each instance of an
SC or a participant assessing a case vignette as a “case
evaluation.” For example, 2 participants each assessing all 45
case vignettes yielded 90 case evaluations.

Participant Characteristics

To assess the effects of demographic variables (age, sex, and
educational level), a logistic regression was performed with the
correct triage of a case vignette as a dependent variable. We
calculated 95% ClIs for the marginal probabilities of the fixed
effects using the Wald method to assess whether demographic
variables had a significant effect on participants’ accuracy. The
o level was set at .05.

Comparing SCs and Participants

For the comparison of SCs and participants, we performed (1)
a comparison between participants and all rated SCs aggregated
and (2) between participants and individual SCs.

Aggregate Comparison of SCs and Participants

The performance of the SCs was obtained from the appendix
of the audit study by Semigran et al [11]. Comparisons were
made between SCs and participants in terms of (1) triage
accuracy, (2) tendency to overtriage (risk aversion), and (3)
how difficult each case vignette was for the respective group
(SCs and participants). Of the 15 SCs, 4 (iTriage, Isabel, Symcat,
and Symptomate) were designed to never suggest self-care, with
1 SC (iTriage) always advising users to seek emergency care.
To ensure that our results were not skewed by these special SCs,
we conducted the main aggregate analyses twice, including and
excluding those 4 SCs, and reporting results for both.

Triage Accuracy

Following Semigran et al [11], we compared the performance
of SCs and participants at an aggregate level and for each triage
level separately and overall. This was performed by calculating
the sample’s mean accuracy for SCs and participants, with
accuracy defined as the proportion of vignettes solved correctly.
For the participants, the standard error of the sampling mean
with 95% Cls was estimated by bootstrapping the participant
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data with 15,000 replications. The limits of the CI were
calculated using the quantile method (2.5th and 97.5th quantile
of the bootstrap sample means). The CIs for the SC sample were
not calculated, as Semigran et al [11] sampled the SCs
purposefully, that is, they selected which SCs to evaluate with
care and not randomly.

Risk Aversion

The risk aversion of the SCs and the participants was determined
using the ratio of overtriaged vignettes to undertriaged vignettes.
We deemed aratio greater than 1:1, which is more case vignettes
overtriaged than undertriaged, as risk averse. To determine what
type of triage mistakes were most likely to occur, we calculated
the proportion of triage recommendations given in each triage
category by SCs and by participants (eg, the proportion of
evaluations in which participants recommended emergency care
when self-care was appropriate or the proportion of evaluations
in which SCs recommended nonemergency care when
emergency care would have been the correct solution) and
compared these proportions using the Pearson )2 test.

Difficulty of Case Vignettes

To analyze whether SCs and participants were challenged by
the same case vignettes, the degree of difficulty of a case was
calculated using the proportion of SCs and participants correctly
triaging it. For example, if a case vignette was solved correctly
by every SC, the vignette's degree of difficulty for SCs was
100%. SCs that did not evaluate the respective case vignette for
technical reasons were not included in the denominator. A linear
correlation analysis was then conducted to determine the
relationship between case difficulty for SCs and case difficulty
for participants.

Comparing Individual SCs With Participants

As users are likely to use only one or very few SCs, there is no
basis for recommendations about using or not using SCs on an

hutps://www.jmir.org/2021/3/c24475
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aggregated analysis alone. Therefore, additional analyses
compared the performance of the participant group with each
SC. Considering that most SCs did not evaluate every case
vignette (due to technical reasons, see the study by Semigran
etal [11]), the triage accuracy of the participants was calculated
using only the cases evaluated by a specific SC, enabling a
direct comparison. The Cls for participants’ mean accuracy
were calculated as described above. We also determined the
proportion of participants that managed to achieve higher
accuracy across cases than the respective SC. Furthermore, risk
aversion was also evaluated, given the specific set of case
vignettes for any given SC by plotting the proportion of
vignettes that were overtriaged against the proportion of those
undertriaged for participants versus SC.

Results

Participant Characteristics

Our survey was accessed 142 times in 3 days during which it
was available in total, 51 participants were excluded, either for
failing attention checks (n=41) or for not fulfilling the eligibility
criteria (n=10). All the remaining participants affirmed that they
had paid close attention during the survey and answered
honestly. This yielded a total of 91 participants, each having
assessed all 45 case vignettes, which totaled 4095 case
evaluations by participants, 1365 for each triage level (Table
1).

The median time for completion of the survey (excluding the
time for obtaining informed consent) was 20 minutes and 12
seconds (Ist quartile=15 minutes:43 seconds; 3rd quartile=27
minutes:23 seconds). There was no significant difference in the
participants’ mean accuracy between the 3 sampling days. We
detected no statistically significant influence of demographic
variables on participants’ triage accuracy.
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Table 1. Participant characteristics (N=91).

Schmieding et al

Characteristics Values
Age (years), median (range) 37 (20-73)
Gender, n (%)

Female 36 (40)

Male 55 (60)
Education, n (%)

Non-high school graduate 0(0)

High school graduate 18 (20)

Some college 33 (36)

Bachelor’s degree 36 (40)

Graduate degree 4(4)
Recent” triage experience, n (%)

Recently consulted an SC 20 (22)

Recently faced triage decision 23 (25)

Neither faced triage decision nor consulted an SC recently 62 (69)
Medical training, n (%)

No training 80 (88)

Basic first aid training

11(12)

“Recent was defined as “in the last 6 months.”

Comparing SCs’ and Participants’ Triage Performance

Participant Performance

Overall, the participants triaged 3 out of 5 case vignettes
correctly (2462/4065, 60.57%), and most participants qualified
for the bonus payment (56/91, 62%). Their mean accuracy varied
with triage level, roughly balanced for emergency and
nonemergency situations (67.5% and 68.4%, respectively) but
dropped below 50% for self-care vignettes. Of the 39.43%
(1603/4065) of incorrect assessments, the majority (956/4065,
23.52%) were overtriaged, that is, participants assigned a more
urgent triage level than necessary. Only about every sixth case
vignette was undertriaged (647/4065, 15.92%), that is,
participants assigned a less urgent triage level than necessary.

Aggregated Comparison Analyses

As most SCs were unable to evaluate at least one of the case
vignettes, the 15 SCs assessing the 45 case vignettes yielded

hutps://www.jmir.org/2021/3/c24475

only 532 case evaluations (see the study by Semigranetal [11]
for details): 183 for emergency vignettes, 175 for nonemergency
vignettes, and 174 for self-care vignettes.

Triage A ccuracy

Atthe aggregate level, SCs (58.0%; SD 12.8%) and participants
(60.9%; SD 6.8%) showed very similar mean accuracies (Table
2). This remains to be the case when excluding the 4 SCs that
did not suggest self-care (adjusted mean for the 11 SCs; 61.6%;
SD 11.0%). Table 2 shows that differences become apparent
when evaluating the triage levels separately: for emergency case
vignettes, SCs outperformed the participants, whereas the
participants outperformed the average SC in the nonemergency
and self-care cases. For the least urgent triage level, this
difference decreases when excluding those SCs that never
recommend self-care.
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Table 2. Mean triage accuracy of symptom checkers and participants.

Schmieding et al

Triage level Percent triage accuracy, mean (SD) 95% Cl1
All 15 SCs* Subset of 11 SCs” Participants®

Emergency cases 80.6 (17.9) 79.8 (17.2) 67.5(164) 64.1-70.8

Nonemergency cases 58.5(29.1) 61.6 (27.8) 68.4(13.8) 65.6-71.2

Self-care cases 30.6 (25.7) 41.8 (20.3) 46.7(15.9) 43.4-49.8

Overall 58.0 (12.8) 61.6 (11.0) 60.9 (6.8) 59.5-62.3

SC: symptom checker:

PFor the subset of 11 SCs, SCs never recommending self-care or always recommending emergency care by design were excluded.

“For the participant sample, 95% Cls were calculated using bootstrapping.

Risk Aversion

The SCs were risk averse and overtriaged in more than a third
of the evaluations (182/532, 34.2%), whereas undertriaging
occurred in only 9.2% (49/532). Although participants also
tended to be risk averse, this tendency was less pronounced
(Figure 1). The ratio of overtriage to undertriage errors was
1.5:1 for participants whereas it was 3.5:1 for SCs. The SCs
misclassified self-care cases as emergencies 6 times more often
than participants did (43/174, 24.7% vs 56/1365, 4.10%) and

4.5 times more often (23/127, 18.1% vs 56/1365, 4.1%) when
considering the subset of 11 SCs. The pair-wise differences in
recommendations per triage level were statistically significant
between participants and SCs (P=.002 for triage-level
emergency [%2%=12.5]; P<.001 for nonemergency [}2=46.3]
and self-care [%2,=109.6]). This holds true when comparing the
participants’ performance with the subset of 11 SCs (P=.02 for
an emergency [x%=8.1] and P<.001 for a nonemergency
[%%,=19.0] and for self-care [y2=47.1]).

Figure 1. Triage evaluations by participants and SCs and triage level. “11 SCs” refers to the SC sample after exclusion of SCs that never recommend

self-care (the least urgent triage level). SC: symptom checker.
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Comparing Case Vignette Difficulty for SCs and for
Participants

How challenging a case vignette was for SCs and participants
varied widely: 3 vignettes were solved correctly by every SC
and | vignette by none. Similarly, 4 vignettes were solved

https://www.jmir.org/2021/3/e24475

Nonemergency care . Self-care

correctly by more than 90% of the participants and 2 by less
than 10%. At every triage level, a broad variation in the degree
of difficulty among case vignettes was observed. A very weak
or no relationship could be detected for SCs and participants
regarding case difficulty within each triage level (Figure 2).

J Med Internet Res 2021 | vol. 23 |iss. 3| e24475 | p. 6
(page number not for citation purposes)

N
A 8 I_ U
RenderX

45



JOURNAL OF MEDICAL INTERNET RESEARCH

Schmieding et al

Figure 2. Distribution of case difficulty for participants and SCs. Case difficulty is defined as the proportion of the group (SC or participants) evaluating
the respective case correctly. The dashed line models a linear relationship. SC: symptom checker.
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Comparing Individual SCs With Participants

As previously mentioned, an aggregated analysis of SCs is less
meaningful than a direct comparison between the participant
population and each SC, as users are likely to consult only one
or very few SCs. The overall trend shows that the accuracy of
both participants and SCs decreases for self-care vignettes
(Figure 3).

A total of 5 SCs (HMS [Harvard Medical School] Family Health
Guide, Healthy Children, Steps2Care, Symptify, and
Symptomate) managed to outperform the participant sample,
achieving an overall accuracy greater than the mean of the
participants and its CI's upper limit (Table 3; see yellow dots
in Figure 3). Five SCs had a triage capability lower than 80%
(73/91) of the participants. This finding is partially explained
by 3 of them apparently designed to never recommend self-care,
hence failing in one-third of the cases owing to their design.
One of these 3 SCs (Isabel) was outperformed only by a

1000 23 50
lor parlicipanls (%)

75 1000

minority of participants (17/91, 18%), when self-care case
vignettes were excluded from the analysis. The remaining 2
SCs (Symcat and iTriage) were still outperformed by most
participants when self-care case vignettes were excluded. The
participants’ mean accuracy was stable at approximately 60%,
independent of the slightly different samples of vignettes
assessed by the SCs, with 2 exceptions: the participants were
challenged by the sample of vignettes evaluated by Healthy
Children, reaching a mean accuracy that was approximately
10% lower than in the other samples; conversely, the participants
fared much better in assessing the vignette sample considered
by DoctorDiagnose.

All but 2 SCs (Family Doctor and Drugs.com) wererisk averse,
making more overtriage errors than undertriage errors. Although
the best 5 SCs were inclined toward overtriage, only one of
them overtriaged more vignettes than the average participant
(Symptomate; Figure 4).

Figure 3. Accuracy of SCs and participants by triage level (Em), nonemergency, and S-c. The accuracy of individual participants is indicated with
blue dots. The aggregate accuracies of participants are shown as box plots. Em: emergency; SC: symptom checker; S-c: self-care.
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Table 3. Comparison of accuracy between symptom checkers and participants.

SC*P name Accuracy®, n (%) Participants Comparison
Percent accuracyd’c, 95% CI Percentage of participants outperforming the SC
mean (SD) ©95% Cne

ums! Family Health Guide, 32 (80) 59.5(7.1) 58.0-60.9 0(0-0)

n=40

Healthy Children, n=15 11 (73) 49.9 (10.1) 47.7-52.1 1.1 (0-3.3)

Steps2Care, n=42 30 (71) 59.7(7.2) 58.2-61.1 1.1 (0-3.3)

Symptify, n=40 28 (70) 60.2(7.2) 58.2-61.7 5.5 (1.1-11.0)

Symptomate®, n=14 9(64) 60.9 (11.6) 58.6-63.2 26.4 (17.6-35.2)

Drugs.com, n=42 25(59) 60.6 (6.5) 59.3-61.9 51.6 (41.8-61.5)

FreeMD, n=44 26 (59) 60.2 (6.7) 589-61.6 56.0 (45.1-65.9)

Doctor Diagnose, n=16 10 (62) 69.5 (10.9) 67.3-71.7 63.7 (53.8-73.6)

Family Doctor, n=41 22 (53) 58.1(7.0) 56.7-59.6 68.1 (58.2-78.0)

Early Doc, n=17 9(52) 634 (11.4) 61.1-65.7 76.9 (68.1-85.7)

Isabel®, n=45 23(51) 60.9 (6.8) 59.4-62.2 89 (82.4-94.5)

NHSP, n=44 23(52) 62.0 (6.9) 60.9-63.4 80 (82.4-94.5)

Symcat®, n=45 20 (44) 60.9 (6.8) 59.5-62.2 97.8 (94.5-100)

Healthwise, n=44 19 (43) 61.2(7) 59.7-62.6 98.9 (96.7-100)

iTriagch'i, asAd 14 (32) 60.5 (6.9) 59.1-61.9 100 (100-100)

4SC: symptom checkers
PSCs are listed in order by the proportion of participants outperforming them.

“Most SCs did not evaluate every case vignette. Their accuracy is given as the proportion of correctly solved vignettes of the total vignettes that they
evaluated.

IThe participants’ accuracy is based on their assessment of the same case vignettes assessed by the respective SC.
For the participant sample, 95% Cls were calculated using bootstrapping.

'HMS: Harvard Medical School.

2Four SCs were apparently designed never to recommend self-care.

"NHS: National Health Service.

iOne SC advised seeking emergency care for all case vignettes.
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Figure 4. Comparison of the overtriage inclination of symptom checkers (SCs) and participants. The dashed line shows where proportions of over and
undertriaged errors are equal. Proximity to the left lower corner indicates a high triage accuracy. The red dot marks the respective symptom checker.
The faded blue dots refer to the performance of individual participants. The larger blue dot marks their average performance. The SCs are ordered from
left to right and top to bottom by the proportion of participants outperforming them, with the lowest proportional difference at the top left and the highest
proportional difference on the bottom right.
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(defensive decision making). In contrast, false alarms raised by
SCs can functionally exacerbate overcrowding in health care
services. In fact, the ability of some SCs to reliably detect
emergencies can be partially attributed to their general
tendency—by design—to recommend emergency care even for
self-care cases (the least urgent triage level) where no medical
care is warranted. This trade-off must be considered before
recommending their use.

Our study suggests that an average SC has no greater overall
triage accuracy than an average user. However, this does not
imply that SCs are not useful. Specifically, our data confirm a
prior study showing that the lay population has difficulties
reliably identifying medical emergencies [25]. On average,
participants failed to identify every third emergency, and 12%
(11/91) of our participants identified emergencies less reliably
than the worst-performing SC.
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Studies on the effects of SC advice on users are scarce.
Therefore, general recommendations on whether laypersons
should use SCs cannot be formulated as yet. On the basis of a
detailed analysis of the performance variation among SCs and
human decision makers, we showed that the five best SCs that
Semigran et al [11] included in their sample outperformed
almost all our participants and thus could be seen as beneficial
to users. In contrast, SCs mistake self-care cases for emergencies
a substantial number of times. This hints at SCs being better
suited to help users who are looking for an answer on where
they should seek professional help (ie, by discriminating
between emergency and nonemergency cases) rather than on
whether they should seek medical care at all (ie, by
discriminating between self-care and non—self-care cases).

Finally, SCs and participants struggled with different kinds of
case vignettes, that is, SCs performed poorly in some clinical
situations, whereas in others, their performance was superior
to that of their users. For example, the 15 pediatric cases
evaluated by the SC Healthy Children appear to have been more
challenging for participants (mean accuracy of 49.9%) than the
30 nonpediatric cases (mean accuracy of 66.3%). To provide a
more differentiated picture of SC triage performance, further
analyses should also investigate performance differences with
respect to different types of cases.

Limitations

Compared with the general population of the United States [26],
our participants were better educated and included more men
than women. The median and mean ages were similar to those
of the general US population. One study suggests that the groups
most likely to seek health information online are younger White
females from high-income households, most with a bachelor’s
degree or higher [ 1]. Most participants in a survey among users
of a specific SC (Isabel) were female and White but older than
the average population [27]. Despite the fact that our sample’s
demographic distribution did not fully resemble the US
population or, presumably, the population of SC users, we
consider our findings to have at least some external validity for
these populations, as demographic variables showed no
significant influence on triage accuracy.

The data on SCs date back to a study published in 2015 [11],
where the specific versions of the SCs assessed were not
specified. Therefore, changes in performance due to possible
upgrades were not considered. Such upgrades are likely, and
new SCs have since entered the market. Other SCs included in
the Semigran et al sample [11] are no longer available online,
including the best-performing SC (HMS Family Health Guide).
This speaks to the general problem that future research
evaluating the performance of SCs will have to address the
rapidly changing markets and technological developments.

As we built our study on the materials of the Semigran et al
study [11], we also inherited their limitations: the chosen 45
case vignettes do not cover the entire spectrum of prehospital
case presentations, especially with the omission of mental
health-related scenarios. In addition, some case vignettes lacked
a proper diagnosis and stated only the presenting complaints

Schmieding et al

(eg, “Vomiting” for vignette 45, “Constipation” for vignette 40,
“Back pain” for vignette 20). This prevented a plausibility check
of the gold standard triage level that should be assigned to each
vignette.

In general, assessing triage capability with case vignettes has
limited validity. This limitation is arguably greater for human
participants than for SCs. Although SCs assess a case with a
set algorithm and are therefore dependent only on input,
contextual (social, emotional, etc) factors play a greater role in
human decision making. In a real-life setting, humans might
also notice and process more or less information than presented
in a case vignette. In addition, reading “back pain” in adry case
vignette is surely a different matter than experiencing it. Thus,
our results might be more valid for situations where SC users
utilize the tool to triage someone other than themselves.
Research shows that this is common practice, as up to 50% of
online health information seekers do so on behalf of someone
else [1].

Conclusions

Prior publications have emphasized the need for a framework
within which the safety and usefulness of SCs should be
analyzed. Assessing the average performance of SCs, as has
often been done, fosters few actionable recommendations. Given
the high-performance variability among SCs, we consider
benchmarking with case vignettes as a valuable first step in
identifying the best SCs, which could then be tested extensively
against relevant competitors.

Although comparing SCs’ triage capability against that of health
care professionals is certainly useful [28], this approach
implicitly asks whether the former could replace the latter, rather
than assessing whether and under which circumstances a user
should rely on an SC or refrain from using it. Similar to the
common practice of testing a new medicine against a placebo,
we suggest that SCs should be benchmarked against a realistic
alternative, for example, an SC user relying on his own appraisal
(stand-alone triage capability).

Following this approach, our study suggests that the lay
population would benefit from some SCs to some extent.
Although SCs detect emergencies more reliably than the average
user, they are more risk averse than the general population and
recommend emergency care more often than is actually
necessary. This is a cause for concern, as it might unnecessarily
increase the burden on already overwhelmed health care
services. Thus, advice on when not to seek emergency care
would be the most useful feature of SCs, but it is precisely in
that situation that they performed the worst. Further research
should investigate which user groups benefit the most from
using SCs and whether it is possible to identify the
characteristics of scenarios where laypersons are superior to
SCs in assessing triage levels. The detailed analyses presented
in this paper provide a first step toward a framework for
comparatively assessing the respective weaknesses and strengths
of both SCs and human decision makers to be able to determine
when humans should rely on SCs rather than on their gut feeling
and vice versa.
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