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Abstract

Background: Artificial Intelligence has the potential to revolutionize healthcare, and it is increasingly being deployed
to support and assist medical diagnosis. One potential application of Al is as the first point of contact for patients,
replacing initial diagnoses prior to sending a patient to a specialist, allowing health care professionals to focus on
more challenging and critical aspects of treatment. But for Al systems to succeed in this role, it will not be enough for
them to merely provide accurate diagnoses and predictions. In addition, it will need to provide explanations (both to
physicians and patients) about why the diagnoses are made. Without this, accurate and correct diagnoses and treat-
ments might otherwise be ignored or rejected.

Method: Itisimportant to evaluate the effectiveness of these explanations and understand the relative effective-
ness of different kinds of explanations. In this paper, we examine this problem across two simulation experiments. For
the first experiment, we tested a re-diagnosis scenario to understand the effect of local and global explanations. In a
second simulation experiment, we implemented different forms of explanation in a similar diagnosis scenario.

Results: Results show that explanation helps improve satisfaction measures during the critical re-diagnosis period
but had little effect before re-diagnosis (when initial treatment was taking place) or after (when an alternate diagnosis
resolved the case successfully). Furthermore, initial ‘global” explanations about the process had no impact on immedi-
ate satisfaction but improved later judgments of understanding about the Al. Results of the second experiment show
that visual and example-based explanations integrated with rationales had a significantly better impact on patient
satisfaction and trust than no explanations, or with text-based rationales alone. As in Experiment 1, these explanations
had their effect primarily on immediate measures of satisfaction during the re-diagnosis crisis, with little advantage
prior to re-diagnosis or once the diagnosis was successfully resolved.

Conclusion: These two studies help us to draw several conclusions about how patient-facing explanatory diagnos-
tic systems may succeed or fail. Based on these studies and the review of the literature, we will provide some design
recommendations for the explanations offered for Al systems in the healthcare domain.

Introduction these systems are still in their infancy, they have the
Background potential to serve as a first point-of-contact for patients,
Al systems are increasingly being fielded to support diag-  and eventually may produce diagnoses and predictions
noses and healthcare advice for patients [1]. Although about patient’s health, perform routine tasks, and provide

non-emergency medical advice. This has the potential to

provide innovative solutions for improved healthcare out-
*Correspondence: lalam@mtu.edu comes at a reduced cost. In fact, numerous systems are
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Al as the first point of contact for patients [2—13]. Almost
all these systems (e.g., chatbots) are dialogue-based and
provide initial diagnosis, medical advice, or consultation
based on the information they gather from the users.
Some of them may also provide recommendations if the
patient needs to visit the doctor or submit report to doc-
tors for further analysis. These systems have the poten-
tial to address the efficiency gap and thus reduce medical
costs by automating tasks, triaging patients to the most
appropriate services and allowing them to self-care, and
thus have enthusiasm from medical providers. For exam-
ple, the UK’s National Health Services (NHS) announced
a partnership with Amazon to allow elderly people, blind
people and other patients who cannot easily search for
health advice on the internet to access the information
through the Al-powered voice assistant Alexa [13]. That
day is not far when AI might take a primary role in the
initial consultation, routine check-ups, or triage advice.
However, in order to replace or supplement human diag-
nosis from physicians and health care professionals, it
may not be enough for the Al diagnosis system to just
be accurate. An accurate diagnosis without justification
or explanation might be ignored, even from a competent
physician. This was perhaps first noted in the early days
of medical diagnosis systems, Teach and Shortliffe [14]
found that when considering AI diagnostic systems, the
most important desire of both physicians and non-phy-
sicians was that it should be able to explain its diagnostic
decisions. In contrast, avoiding incorrect diagnoses and
erroneous treatments were rated among the least impor-
tant properties. A more recent study surveying expert
physicians on clinical decision support systems (CDSS)
[15] showed that although accuracy is now a greater
concern, understanding the underlying reasoning of the
system (“CDSSs act like block boxes”) remains a top con-
cern among diagnosticians. Other research shows that
clinicians’ trust and understanding of Al diagnostic sys-
tems are also improved by explainable systems [16, 17].
Recently, Holzinger et al. [18] argued that Explainable AI
(XAI) may help to facilitate transparency and trust for
the implementation of Al in the medical domain, so we
expect that any successful patient-focused Al diagnoses
system will also provide explanations and justifications of
that diagnosis so that the patient can understand why a
diagnosis is made or a treatment plan is recommended.
It is even possible that an average diagnosis system with
better explanation will lead to better healthcare outcomes
than a perfect diagnosis system without explanation.

A variety of algorithms have been identified for provid-
ing explanations of Al diagnostic systems, both within
and outside the field of healthcare. For example, early
expert systems provided rule-based logical explanations
that were tightly coupled to the knowledge the systems
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used to make diagnoses [19-23]. More recently, research-
ers have focused on visualizing elements of the classifi-
cation algorithms being used to make a diagnosis (e.g.,
heat-map image analysis), and visualizing decision trees
or complex additive models [24-28]. Other researchers
have explored using case-based explanations, provid-
ing examples, and compelling support for the systems’
conclusions [29-35]. Consequently, there are several
algorithmic approaches to both diagnosis and explana-
tion of diagnoses that have been explored in medical Al
However, neither of these approaches has emphasized on
patient-centered communication which helps to develop
a shared understanding of patient problems [36]. Patient-
centered communication considers a patient as an active
partner in the healthcare environment and values the
patient’s wants, needs, and preferences [37]. Explanations
to the patients are a crucial part of the communication
[38] and it helps to understand their illness and prob-
lems in a clearer way [39]. Physicians who exhibit these
behaviors gain a higher level of trust among patients [40].
A recent study also showed that if patients feel that the
Al systems are providing them personalized care, it helps
reduce the resistance to Al-based diagnosis [41]. But
it is not clear which current XAI methods are effective
for patient-centered communication, whether a single
method is sufficient, or whether the explanations need to
be tailored to individual patients, situations, or different
timepoints during diagnosis. Furthermore, the literature
on XAI in healthcare focuses primarily on algorithms,
rather than the impact the algorithms have on patients
(such as their satisfaction, trust, understanding, or will-
ingness to use the system in the future) for establishing
their compatibility with patient-centered communication
[42]. Understanding how trust in these systems is con-
structed would provide an insight into how these systems
would be used, misused, or disused [43].

One approach we have pursued to study explainable Al
(XAI) in healthcare is to understand the types of expla-
nations real physicians offer when they interact with
patients. For example, Alam [44] conducted an interview
study with physicians to document how they explained
diagnoses to the patients. The results suggest that phy-
sicians use a variety of explanation methods, which are
dependent on context, including time (i.e., early or later
in diagnosis) and the patient or patient’s advocate’s iden-
tity (including cultural, education, age, and other con-
cerns). The explanations identified included the use of
logical arguments, examples, test results, imagery, analo-
gies, and emotional appeals. The results of this study also
suggest that physicians tend to provide different types of
explanations at different points of diagnosis. Although
many of these explanations have been explored in the
XA literature [45], few systems have acknowledged the
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variety and contextual aspects of the different explana-
tion types.

Methods for providing explanations

In the present paper, we will report on two experiments
we conducted that explore how different types of expla-
nations may impact satisfaction and trust in a simulated
Al diagnostic system. In these studies, we will examine
several different types of explanations that have been
proposed and explored in the XAI community. As such,
our explanations are general and might apply to many
kinds of Al and Machine Learning algorithms, from rule-
based systems, Bayes networks, and decision trees to
deep networks and complex ensemble approaches. One
such type of explanation is whether the goal of the expla-
nation is to inform about the diagnostic process, versus
justify why a particular diagnosis was made. These expla-
nation types are respectively referred to as “global” and
“local” explanations [46—49].In general, Alam [44] found
that physicians report using both methods; sometimes
they explain how a particular disease or diagnostic pro-
cess works; other times they justify why a particular diag-
nosis is given based on evidence (symptoms, test results,
history, etc.).

Another important distinction is the means by which
an explanation is provided. Alam [44] also found that
physicians’ explanations mapped onto many of the expla-
nation types studied in the XAI literature, including case-
based information and examples [50, 51], analogies [52,
53], logical arguments [54, 55], visualizing imagery and
highlighting important aspects [56, 57]. For imagery, Al
healthcare systems may use graphs to show the relative
probability of different outcomes or the relative impor-
tance of different symptoms for those outcomes, which
is more akin to how the LIME algorithm [58] works for
diagnostic features. Physicians may present visualiza-
tion differently from how Al systems offer visual expla-
nations, but even the use of x-rays and other test reports
are generally accompanied by explanations highlighting
the location of critical signs indicating a diagnosis—with
a similar goal as gradient-based heatmaps [59-62] in XAI
systems. Of course, the particular visualizations provided
by algorithms such as LIME [63] may themselves be hard
to understand. We are focused on the general question of
whether representing feature and outcome importance is
informative, and not the specific question of whether a
particular algorithm that supports this is useful.

Next, we will report the results of two studies in
which we tested a variety of explanation methods and
approaches in a simulated diagnostic situation. Rather
than testing a single explanation of an isolated case, we
designed a garden path scenario in which symptoms ini-
tially pointed to one diagnosis, but later it became clear
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that another diagnosis was correct. This provided an
emerging diagnosis, which we believe is particularly well-
suited to understand how simulated patients both trust
and understand an Al diagnostic system.

Experiment 1

Hoffman et al. [64] argued that elements of satisfaction
and trust follow from an improved understanding of an
Al system that might be gathered from different kinds of
explanations. Consequently, we hypothesize that expla-
nations will induce greater satisfaction, trust, under-
standing, and perceptions of accuracy. However, no
existing theories suggest whether these benefits should
exist throughout a scenario, or only at certain time
points, and so we will investigate whether these potential
benefits change over time. We also hypothesize that both
global and local explanations will be beneficial in com-
parison to control but may have differential effects when
compared to one another. To investigate this, we tested
participants interacting with a simulated Al system that
initially gives the most likely but incorrect diagnosis, but
later it changes the diagnosis to the correct disease once
further testing is complete. This provides an important
case for understanding explanation, because, at all times,
the Al can be judged to be behaving optimally given its
information—even when its diagnosis is incorrect.

Method

Participants

Eighty undergraduate students at Michigan Techno-
logical University took part in the study in exchange for
partial course credit. They were enrolled in the “Intro-
ductory to Psychology” course. Students in the class are
typically first or second-year undergraduate students.

Procedure

We created a diagnosis scenario in which a simulated
Al system gives a most likely but incorrect diagnosis but
later changes the diagnosis to the correct disease. The
scenario involved gastrointestinal disorders and symp-
toms, which are often difficult to diagnose in real-world
situations. The participants played the role of patients
in the scenario, instructed to say they were suffering
from specific symptoms (abdominal pain, cramps, diar-
rhea, fatigue, and joint pain). A simulated AI system
(called MediBot.ai) provided diagnostic information
about the scenario, initially concluding that the patient
was suffering from Irritable Bowel Syndrome (IBS), and
advised patients to follow a specific diet chart and come
back for follow up next week. After one week, the par-
ticipants were told that they had begun to feel better, but
the symptoms started getting worse after that. When the
patient did not feel good even after three consecutive
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weeks, MediBot determined that the patient might not
be suffering from the “most likely” condition IBS and
changed its diagnosis, ordered additional diagnostic tests,
and determined the patient was suffering from Celiac
disease, which occurs due to gluten allergy (the ‘ground
truth’ of the scenario). Participants had to communicate
with MediBot through six simulated weeks, but the study
took around 20 min to complete. All participants experi-
enced the same basic scenario with identical symptoms
and diagnoses. To maintain certain intervals between
the simulated weeks, they were given brief crosswords to
solve during the intervals. After they solved one cross-
word, they were asked to start following up with MediBot
and play their role as patients again.

Participants were divided into three groups: Control,
global explanation, and local explanation. The control
group received no explanation of why MediBot was mak-
ing any decision in any week. The global explanation
group received an initial tutorial describing how MediBot
does diagnosis in general and focusing especially on how
the AI follows a most-likely diagnostic approach, which
means that it may make errors in particular cases. This
included two examples: (1) A success case of the first
diagnosis, and (2) a failure case for the first diagnosis,
but eventually a successful second diagnosis. The Local
explanation group received local justifications about each
decision and prediction of MediBot throughout the sce-
nario. Local justifications explained why the MediBot
made a particular decision for a particular case. For this
group, MediBot showed a probability chart of the disease
likelihood of the patient in each week (see Fig. 1), rep-
resenting the probability or likelihood of different out-
comes visually, and including descriptive text explanation
about why it was making a particular decision.

The Additional file 1: Appendix lists the entire scenario
for a patient across six weeks of diagnosis. After each
simulated week, participants were asked to rate their sat-
isfaction, trust, perception of accuracy, sufficiency, use-
fulness, and completeness for the explanations received
from MediBot (Rating scale range was 1-21), These are
some of the key attributes of explanations identified in
the literature and are referred to as “Explanation Sat-
isfaction Scale” attributes [64]. At the end of the study,
participants also rated their agreement about their
understanding of the AI system in four 5-pointLikert
scale statements (see Table 2).

Results

Both the control and the global explanation groups
expressed less satisfaction, trust, perception of accu-
racy, sufficiency, usefulness, and completeness than the
local explanation group, as shown in Fig. 2 (Rating scale
was 1-21, but the figure shows 10-20 range for clearer
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visual). As a rough assessment of difference, we mark
pairwise differences at each week that were significant
at the p<0.05 level according to a paired-samples t-test
with a “¥”

The control group and global explanation groups
received the same scenario with no local explanations,
and only differed in whether they saw an initial global
explanation of the Al, and so the fact that they did not
differ from one another on these ratings suggest that the
satisfaction ratings focus the user on the immediate situ-
ation and are not impacted by global understanding.

We examined the rating for each dimension of explana-
tion satisfaction scales with a Type-III factorial ANOVA
examining the main effects of time, explanation condition
(local, global, and control), and their interaction using the
R package ‘ez’ [65]. The Type-III ANOVA examines the
main effects AFTER the interaction has been accounted
for, allowing us to identify residual effects of explana-
tion types across all time points. The results are shown
in Table 1.

All interactions of Time and Explanation were signifi-
cant at the p<0.05 level except for the trust response.
The tests also showed the main effects of explanation
were statistically significant for accuracy indicating that
it was deemed better for explanation conditions across
the entire duration of the experiment. Finally, the main
effects of time were seen for all measures, indicating that
the scenario was potent enough to manipulate subjective
measures of trust as it moved through initial diagnosis to
rediagnosis to resolution.

Welch t-test was conducted for comparing each pair of
explanations at each week, the local explanation group
with the control group, local explanation group with a
global explanation group, and global explanation with the
control group. The significant differences between each
pair at each week are shown in Fig. 2 with a “*”.

In contrast to the satisfaction ratings, the ratings of
understanding elicited at the end of the scenario did in
fact lead to differences between global explanation and
the other conditions (see Fig. 3). A one-way ANOVA
showed that the three explanation conditions were sig-
nificantly different (» <0.05) for the statements “I under-
stand MediBot is following a systematic elimination
method” (F (2,77)=8.7, p<0.001) and “I understand why
MediBot changed its mind between week 4 and week 5”
(F (2,77)=8.3, p<0.001), but they were not significantly
different for the statements “I do not understand what
MediBot is doing” (F (2,77)=2.6, p=0.08) and “I think
MediBot is behaving erratically” (F (2,77)=2.3, p=0.11).

We used a post-hoc Tukey test at a p<0.05 signifi-
cance level on the three groups to examine pairwise
differences (see Table 2). We used the TukeyHSD func-
tion in Rstudio for the post-hoc tests that only return
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up.

About the Medibot.ai gastro-intestinal disease diagnosis system:

Here is a graph showing the different diseases you might have. Asyou can see, |
think it is most likely IBS. Your symptoms are also consistent with a bowel infection,
arthritis, celiac and Crohn’s disease, but the chances of those are pretty

low. Please follow my treatment advice and come back in one week for a follow-
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Fig. 1 Week 4 (top panel) and 5 (bottom panel) Probability Chart and Explanation. Initial diagnosis of IBS changes as information emerges, and the
explanations constitute the relative certainty of each disease in these bar charts and text description

Your tTG-IgA Test (blood test) and biopsy test both are positive in your
case, which show highest probability that you have Celiac disease.
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the significance value for post-hoc tests and not any
specific statistics. The global explanation condition
produced ratings that were significantly better than
the local explanation for statements 1 and 2, and both
the local and global conditions were rated better than
the control for statements 2 and 4. There were no dif-
ferences between groups on statements 1 and 3. Thus,
although the initial global explanation was not help-
ful for improving satisfaction during the scenario, it
provided a better overall understanding of the general
method of diagnosis by the Al system.

Discussion and summary

Impact of local explanation/justification

In this study, we examined how a re-diagnosis event
impacted satisfaction and trust, and how different kinds
of explanations impacted satisfaction, trust, and under-
standing of an Al system. Overall, the study showed that
satisfaction and trust are harmed at the critical points
during rediagnosis, even when the system is making the
best diagnosis based on available information. Interest-
ingly, the global explanation, which attempted to inocu-
late participants by teaching them that this very situation
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might occur, did little to reduce the impact of the redi-
agnosis on immediate measures of satisfaction and trust.
Local justifications had effects throughout the scenario,
but their greatest effect was at the point of rediagnosis,
in which they typically prevented a significant decline
in subjective ratings of trust and satisfaction; and main-
tained this higher level of satisfaction until the end of the
scenario when the diagnosis was resolved.

Thus, we found that local justifications were effective,
but their effect is time sensitive. During a critical situa-
tion or when Al was making errors, local justifications
were very effective and powerful explanations for the
patients.

Impact of global explanations

In contrast, pre-test global explanations using exam-
ple diagnoses do not show the same benefits. The global
explanation did not help to raise satisfaction measures
during the diagnosis in comparison to the control group
that received no explanations. However, the global expla-
nation brought significant changes to the perception of
the overall understanding of the Al system.

This study shows an initial demonstration of the time
course of trust, satisfaction, and understanding during
an unfolding diagnostic scenario. In the study, we used
very simple visual explanations—bar charts describing
the probabilities of different outcomes, with accompany-
ing text. It is important to note that these explanations
appeared effective, even though they are much simpler
than many current explanatory algorithms that have been
proposed for similar situations.
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Table 1 Results from Type-lll factorial ANOVA for explanation

satisfaction scales (n =80)

Time (week) Explanation Explanation: time
Satisfaction F(5385) =820 F(2,77)=054 F(10,385)=228
p<0001 p=058 p=001
ny’=004 n, =001 Ny’ =002
Sufficiency F(5385)=752 F(277)=163 F(10,385)=3.14
p<0001 p=020 p<0.001
Ny’ =003 n, =003 Ny’ =003
Completeness  F(5385)=620 F(2,77)=295 F(10385)=228
p<0001 p=006 p=001
n,’=003 n’=004 Ny’ =0.02
Usefulness F(5385)=1127 F((2,77)=095 F(10,385)=2.83
p<0001 p=039 p=0.002
Ny’ =006 n, =001 n, =003
Accuracy F(5385)=1740 F(2,77)=416 F(10,385)=2.18
p<0.001 p=0.02 p=002
n,’=008 n =006 Ny’ =002
Trust F(5385)=1331 F(2,77)=303 F(10,385) =087
p<0001 p=005 p=.050
Ny’ =007 n, /=004 n,’ =001

Time and explanation refer to the main effects and Explanation: Time refers to
the interaction between these independent variables
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| understand why MediBot changed

lly its mind between week 4 and week 5

There are a number of alternative methods that have

been explored for the explanation of classification and
diagnosis. One approach attempts to focus attention on

Table 2 Post-hoc Analysis for final understanding
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important causal factors in a classification decision or
diagnosis [66]. Although like our study, the relative likeli-
hood of different outcomes is typically shown, algorithms
also often try to identify the importance of different fea-
tures in making the diagnosis. For example, in the IBS/
Celiac scenario, a symptom of joint pain supported celiac
better than IBS, but not enough to override the higher
base rate of IBS (especially because joint pain could arise
from other sources and thus be attributed to something
else). A single test for a gluten allergy would have been
sufficient to change the diagnosis from the higher-base-
rate IBS to the low-base-rate Celiac but could not impact
the diagnosis if the test is not run. It might be important
to let the patient understand how different signs and
symptoms feed into the overall diagnosis.

A second method for explanation has been to rely on
judiciously chosen examples. Examples and cases are
known to be important methods for reasoning and per-
suasion [29, 30, 67] and have been extensively explored in
the XAI literature [45].

To understand how more complex explanations might
impact satisfaction and trust, we conducted a second
study using a similar diagnosis scenario to investigate
how different forms of local explanations affect patient
satisfaction, trust, and perception of accuracy during
diagnosis, which we will report next. The first study was
mostly exploratory, and the second study was designed to
test more specifically what we found in the first one. In
this second study, we will examine and compare feature-
highlighting approaches with case-based approaches.

Experiment 2: Exploring local explanation

Experiment 1 established that combining a logical ration-
ale and a visual depiction of the probability distribution
across outcomes provided some benefits to subjective
assessments of satisfaction. Along with these components
of explanation, XAI systems also use examples (both
positive and contrasting) to help a user understand why
a decision was made. The goal of this study was to inves-
tigate whether these different forms of explanation in an

Control- local Ex Control-global Ex Local-global
1.1do not understand what MediBot is doing diff=0.61 diff=0.22 diff=039
p=006 p=077 p=045
2.1understand MediBot is following a systematic elimination  diff=—0.49 diff=—-0.6 diff=0.1
method p=0.002 p=0.002 p=083
3. I'think MediBot is behaving erratically diff=045 diff=0.18 diff=0.26
p=0.09 p=074 p=055
4.l understand why MediBot changed its mind between diff=—073 diff=— 063 diff=— 0.1
week 4 and week 5 p<0.001 p=0.02 p=09

Each pair-wise comparison (n=280) was performed with a pairwise Tukey HSD test
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Al diagnostic system affect patient satisfaction, trust, and
perception of accuracy. We implemented three forms of
explanation: written rationales, visuals+ rationales, and
examples + rationales, in a diagnosis scenario similar to
the one in Experiment 1. Again, a simulated Al system
gave a most likely but incorrect diagnosis, but later it
changed the diagnosis to the correct disease. We hypoth-
esized that each of the explanation types would provide
benefits over control, and (as demonstrated in Experi-
ment 1), they would do so primarily at the critical redi-
agnosis point. Furthermore, we hypothesize that adding
additional information to written rationales (in the form
of example or visualizations) may provide an additional
benefit because they may provide the information in a
more comprehensible way, and so we will test whether
either produces a benefit over rationale alone.

Method

Participants

One hundred and thirteen undergraduate students at
Michigan Technological University took part in the study
in exchange for partial course credit. No participant from
the first experiment participated in this experiment but
the population was similar to the first experiment.

Procedure

The study was conducted online, and it took 15-20 min
to complete. Participants gave their consent online before
taking part in the study. They played the role of a patient
suffering from a gastrointestinal disorder interacting
with the simulated AI system slightly modified from the
Experiment 1 scenario.

This time, the simulated patient suffered from abdomi-
nal pain, cramps, bloating, diarrhea, fatigue, and joint
pain and had no family history of gastrointestinal dis-
eases but had recently been exposed to a natural water
source, making an initial diagnosis of Giardia likely.
When tests for this came back negative, MediBot pre-
dicted that it might be IBS and asked to follow the IBS
diet. The patient’s condition was inconsistent for a
few weeks following the diet, then eventually MediBot
resolved the diagnosis as Celiac disease and confirmed it
with tests.

Participants were randomly assigned into one of four
groups, each receiving a different form of explanation: (1)
text rationales as an explanation; (2) visuals+ rationales
explanation; (3) examples+ rationales, and (4) a control
group.

Rationales are the narrative justifications of how
MediBot made decisions. Visual explanations include
figures of the likelihood of each suspected disease
based on features MediBot used to make decisions as
shown in the top panel of Fig. 4. These visualizations
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Your symptoms are consistent with more than one medical conditions, but most
people with these symptoms suffer from Irritable Bowel Syndrome (IBS).

History and Symptoms

But I need to rule out some other things first before | can make a diagnosis. Due to
your recent exposure to natural water sources, | need to checkif you are suffering
from Giardia.

Your symptoms are consistent with more than one medical conditions, but most

people with these symptoms suffer from Irritable Bowel Syndrome (IBS). But | need
torule out some other things first before | can make a diagnosis. Due to your recent
exposure to natural water sources, | need to check if you are suffering from Giardia.

Let’s look at a similar case C30117:

Caseco1t? ol |

Patient had diarrhea, abdominal pain, You have diarrhea, abdominal pain,
bloating, cramps, fatigue bloating, cramps, fatigue

Patient had been exposed to natural
water sources

You have beenin woods and exposed to
naturalwater sources

Patient went through Giardiaantigentest Please go through Giardiaantigen test

and Giardialamblia was detectedin the  andcome back with the result

test.
Fig. 4 Sample explanations used in Experiment 2. Top panel shows
visualizing feature weights and rationale; bottom panel shows
example-based explanations

were akin to the LIME algorithm [63] but were gener-
ated via a simple probabilistic Bayesian model (the
symptom likelihood visualizations were given by the
conditional probability of each disease given the symp-
tom). We also showed the equivalent probability chart
provided in Experiment 1, which showed the relative
probability of each disease.

The example-based explanation included examples of
similar cases diagnosed by MediBot in the past, as illus-
trated in the bottom panel of Fig. 4. We used example-
based explanations where the system gave an example
of a previous case and explained how it was diagnosed.

In week 5, instead of showing a positive example, it
used an example that explains why it did not consider
Celiac disease the most-likely condition at the begin-
ning of the consultation. The rationales-only group saw
all the justifications included in the visual and example-
based explanation, only the figures and examples were
removed from the explanation.

As in Experiment 1, participants interacted with
MediBot for six simulated weeks and received an expla-
nation about its prediction and diagnosis each week.
After each simulated week, participants were asked
to rate their satisfaction, trust, perception of accu-
racy, sufficiency, usefulness, and completeness for the



Alam and Mueller BMC Med Inform Decis Mak (2021) 21:178

explanations, as in Experiment 1 but this time they
rated the measures using 7-point Likert scale.

Results

Since we had a challenging multi-comparison analy-
sis with six DVs (satisfaction, trust, perception of accu-
racy, sufficiency, usefulness, completeness) and 4
conditions (control, rationales, visuals + rationales, exam-
ples +rationales), we decided to organize the ratings for
all six weeks into three sets: Week 1 and 2 averaged into
Time 1 (initial diagnosis), Weeks 3 and 4 averaged into
Time 2 (critical rediagnosis) and Weeks 5 and 6 averaged
into Time 3 (resolution of diagnosis). The mean rating for
all six attributes (satisfaction, trust, perception of accu-
racy, sufficiency, usefulness, and completeness) across
conditions are shown in Fig. 5 (7-point Likert was used
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for ratings, but the figure shows 3-7 range for clearer
visual).

We examined the rating for each dimension of explana-
tion satisfaction scales with a Type-III factorial ANOVA
examining the main effects of time, explanation condi-
tion, and their interaction using the R package ‘ez’ [65].
The Type-III ANOVA examines the main effects AFTER
the interaction has been accounted for, allowing us to
identify residual effects of explanation types across all
time points. The results are shown in Table 3. The test of
the interaction is the primary indicator of the effective-
ness of an explanation because different conditions began
with little difference and converged by the end of the
study.

All interactions of Time and Explanation were signifi-
cant at the p<0.05 level. The tests also showed the main
effects of explanation were statistically significant for

Satisfaction by week and condlition
T
6
Condition
2 s - ReVisuals
-.,E —e— R-Examples
~e- Rallonale
4 ~e~ Control
3
zatis_tme1 satis_time2 satis_time3
time
Completeness by week and condition
7
s
Condition
o Re+Visuals
g
g —= R-Examgles
= Rationale
4 ~e~ Control
3
complete_time1 complete_time2 complete_time3
time
Accuracy by week and condition
¥ §
8
Condition
o 5 —*— ReVisuas
-.g o R+Examples
~e— Rationale
4 —=e— Control
3
ace_timo ace_timo2 ace_tme3
time
Fig. 5 Rating for explanation satisfaction scales

Sufficiency by week and condlition

Condition
-~ R+Visuals

—=— ReExamples

rating

—=— Ratlonale

~e— Control

sufficiency_time1 sufficiency_time2 sufficiency_timed

time

Usefulness by week and condition

Condition
== R+Visuals

—=— R+Examples

rating

—+— Rationale

~e— Control

use_time1 use_time2 use_time3

time

Trust by week and condition

» ,j?/o Cendition

—*— R+Visuals

o

R+Examples

rating

Rationale

—
=== Control

trust_time3

trust_time2

trust_time 1

time




Alam and Mueller BMC Med Inform Decis Mak (2021) 21:178

Table 3 Results from Type- lll factorial ANOVA for explanation
satisfaction scales (n=113)

Time (week) Explanation Explanation: time

Satisfaction F (2,218 =12652 F(3,109)=1.97 F (6,218 =8.01
p<0001 p=0.12 p<0.001

n,’=025 n =004 Ny’ =006

Sufficiency F(2218)=11465 F(3,109)=338 F(6218)=878
p<0.001 p=0.02 p<0.001

n,’=025 n, =006 Ny’ =007

Completeness F(2,218)=104.24 F(3,109)=4.85 F(6218)=654
p<0.001 p=0.003 p<0.001

Ny’ =024 n,/=008 Ny’ =0.06

Usefulness F(2218)=11036 F(3,109)=082 F(6,218)=5.06
p<0.001 p=049 p<0.001

n,’=025 n,’=002 Ny’ =005

Accuracy F(2218)=8826 F(3,109)=995 F(6218)=8.14
p<0.001 p<0.001 p<0.001

n,’=020 n’=016 n,’ =007

Trust F(2218)=64.71 F(3,109)=471 F(6218)=4.10
p<0.001 p<0.001 p<0.001

n,’=016 n,’=008 Ny’ =004

Time and explanation refer to the main effects and Explanation: Time refers to
the interaction between these independent variables

sufficiency, completeness, accuracy, and trust indicating
that these were deemed better for explanation conditions
across the entire duration of the experiment. Finally, the
main effects of time were seen for all measures, indicat-
ing that the scenario was potent enough to manipulate
subjective measures of trust as it moved through initial
diagnosis to rediagnosis to resolution.

To understand the differences between the Explanation
Conditions at each time set, we conducted Tukey post-
hoc tests for each of the six scales using the R package
agricolae [68]. The results are shown in Table 4.

For Time 1, there are no significant differences between
any pair of explanation types overall six dimensions
except accuracy. At Time 2, there are no significant differ-
ences between visuals + rationales and examples + ration-
ales for satisfaction, sufficiency, completeness, trust, and
accuracy. But they both were better than control and
rationales for satisfaction, sufficiency, completeness, and
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accuracy. At Time 3, there are no differences between any
of the explanation types, indicating that the resolution of
the scenario produced uniformly high satisfaction. Only
during the rediagnosis crisis weeks, when the system was
noticeably wrong, there were statistically significant dif-
ferences between explanation conditions.

Figure 6 summarizes these 6 measures with a sin-
gle grand average that encapsulates the basic effect of
explanation conditions in our scenario. A Type-III fac-
torial ANOVA on the average score showed a statis-
tically significant difference in overall satisfaction by
time (F (2,218)=144.68, p<0.0001), explanation (F
(3,109) =4.43, p=0.006) and the time by explanation
interaction (F (6,218) =9.14, p<0.001).

A post-hoc Tukey test showed there were no signifi-
cant differences between any pair of explanation types
at Time 1; there are no significant differences between
visuals +rationales and examples+rationales but they
both are better than control and rationales at Time 2, and
there were no differences between any of the explanation
types at Time 3.

Overall Satisfaction by week and condition

Condition
—e— R=Visuals

—o— R+Examples

rating

- Rationale

—e— Control

time_1 time_2 time_3
time

Fig. 6 Mean rating for Overall Satisfaction

Table 4 Significant differences between conditions (n=113) at each Set according to the Tukey test, any pairing not mentioned was

not significantly different for that Set

Time 1 Time 2 Time 3
Satisfaction None Visual; examples > rationale; control None
Sufficiency None Visual; examples > rationale; control None
Completeness None Visual; examples > rationale; control None
Usefulness None Visuals were better than control None
Accuracy Example > control Visual; examples > rationale; control None
Trust None Visuals; examples > control None
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To investigate this in detail, we did a separate analy-
sis for comparing (1) rationale vs. control; (2) ration-
ale vs. visuals+rationales; and (3) rationale wvs.
examples + rationales. This maps onto our hypothesis as
well. A Type-III factorial ANOVA examined the main
effects of time, explanation condition, and their interac-
tion. The main effects of explanation were not statisti-
cally significant for neither of them: rationale vs. control
(F (1,54)=3.4, p=0.07), rationale vs. visuals+ ration-
ales (F (1,55)=1.22, p=0.27), and rationale vs. exam-
ples +rationales (F (1,54)=2.37, p=0.13). The main
effects of Time were significant at the p<0.05 level for
rationale vs. control (F (2,108) =132.42, p <0.001), ration-
ale vs. visuals+ rationales (F (2,110)=85.12, p<0.001),
and rationale vs. examples + rationales (F (2,108) =66.97,
p<0.001). Interactions of Time and Explanation were
statistically significant at the p<0.05 level both ration-
ale vs. visuals+ rationales (F (2,110)=21.16, p<0.001)
and rationale vs. examples + rationales (F (2,108) =9.72,
p<0.001) but not for rationale vs. control group (F
(2,108) =0.66, p=0.52).

Discussion and summary

This study demonstrated several important results. First,
like Experiment 1, explanations only appear to matter
substantially during crisis weeks. It must be noted that
this crisis was not due to a specific mistake or error on
the part of the Al but it was a consequence of making a
most-likely diagnosis based primarily on the relative base
rate of two diseases that have similar symptomology. Sec-
ond, we found that richer explanations (visuals 4+ ration-
ales and examples+ rationales) are the most effective
at these critical points, but otherwise do not differ sub-
stantially from the control group. Next, for the majority
of measures, rationales alone were no better than the
control group. Additionally, although the visualization
was substantially different from example-based explana-
tions, we found no evidence that one method was more
effective than the other. Finally, once the system came to
a resolution the explanation no longer mattered and par-
ticipants gave high satisfaction ratings.

Notably, this experiment did not test several condi-
tions that might also be interesting. First, because of
the lack of impact of global explanation on satisfaction
measures, we did not compare global explanations in this
study, either alone or accompanying the local explana-
tions. We have no data on whether the global explanation
would improve local justifications in this scenario but
suspect that they would have little impact here as well.
We also did not examine whether together, examples
and visualizations would be better than either individu-
ally. The fact that subjective ratings improved at Time 3
versus Time 2 shows that there would certainly be room
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for improvement in the score but given that neither were
substantially impaired during Time 2 in comparison to
the baseline Time 1 suggests that satisfaction may be as
high as it can be under the circumstances of a disease
that has not yet been cured. Finally, we examined only
a single method of selecting examples. This method was
sufficient to increase self-rated satisfaction of the system,
but it may be the case that there are a variety of exam-
ple types that could provide better or worse explana-
tions. Our examples were chosen specifically to provide
similar cases in the past that produced similar outcomes;
another approach would be to use contrastive examples
that highlight a critical aspect of the symptoms that led
to the current diagnosis.

General discussion

The two studies reported here allow us to draw several
conclusions about how patient-facing explanatory diag-
nostic systems may succeed or fail. Overall, they show
the importance of context on explanations. For example,
justifying a decision is important to maintain satisfaction
in the system; different kinds of explanations impact the
patient differently, and the timing of explanations is also
critical. We will examine the main lessons from these
studies next and provide some recommendations for
existing Al diagnostic systems.

Lesson: explanations are time-sensitive

These studies found that explanations are differentially
effective at different timepoints. At the critical times
when the Al is making errors, explanations can be very
helpful for improved patient satisfaction, whereas they
were often no different from control when things at
non-critical points. This suggests that to manage patient
attention and focus, developers may wish to avoid bur-
dening patients with explanations when none are needed.
Not only can this be distracting, but an explanation for
something that is already understood may make the
patient think they misunderstand something (why else
would it need to be explained). Consequently, explana-
tions should be used judiciously at appropriate times.

The impact of explanations at the critical Time 2 is
important because this is the point at which real patients
might start abandoning the system, seeking second opin-
ions, or failing to adhere to recommendations. The type
of error seen in this scenario is especially pernicious
because the diagnosis was in some sense optimal, even
though it is wrong. The study shows that under the right
circumstances, an explanation may mean the difference
between seeing this and thinking that the diagnosis sys-
tem is fundamentally unreliable or inaccurate.
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Lesson: significance of global explanation

Global explanations were not as effective as local justi-
fications for immediate measures of patient satisfaction
and trust. Nevertheless, they showed significant improve-
ment in some post-scenario measures—ones related to
the perception of global or overall understanding of the
diagnosis by the Al system. And so, that should not be
ignored if developers are really trying to build an XAI
system for the patients. Thus, not only are different expla-
nations effective at different times, but they also impact
different aspects of their assessment of the system.

Lesson: effectiveness of local justification

These studies showed the power of local justification/
explanation on immediate measures of satisfaction.
When used at the right time, a local justification could
be a powerful improvement for diagnostic systems. Our
results suggest that system developers should concen-
trate on investing more effort into explanations in cases
where the system may be wrong, and especially when a
diagnosis is changing. Most XAI systems currently focus
on a single time point explanation, but if a system can
detect that its predictions are changing in a single case,
this is an especially important point to use explanation.

Lesson: the format of explanation matters

Across the two studies, we examined several different
formats of explanation. We found that even a simple vis-
ualization showing the likelihood of different outcomes
was effective (Exp. 1), as were more complex visualiza-
tions (Exp. 2) and examples (Exp. 2). However, a writ-
ten logic-based narrative explanation alone (Exp. 2) did
not improve subjective assessments of satisfaction. Not
only that, but a detailed global explanation anticipating
the type of mistakes the AI would make had its greatest
impact on post-scenario ratings of knowledge and not
immediate measures of satisfaction. There are various
forms of visual explanations and case-based or example-
based explanations offered in XAI literature. Our studies
suggest that instead of asking simple comparisons about
“which kind of explanation is better’, researchers should
start addressing questions about when and how different
kinds of explanations are effective and helpful.

Lesson: diagnosis is not simply classification

One final observation we make is that it is a mistake to
think about AI diagnosis as merely a classification prob-
lem that determines a disease or condition based on
symptoms and signs. For example, Alam [44] identified
how diagnosis involves explaining why and how the Al is
making the diagnosis. As in our scenario, an error is not
necessarily an actual mistake, it might be the most likely
outcome that happens to be wrong for an individual. In
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other cases, the course of treatment may not simply be
following the most-likely option. Instead, a treatment
(e.g., antibiotics) may be pursued even if it is not the
most likely if it has little risk, but the consequences of not
treating it are large. Moreover, the present studies show
that the necessary explanations depend on an evolv-
ing time course of diagnosis, and explanation is likely to
interact with this timeline, as it may help surface infor-
mation the physician did not previously know.

Recommendation for existing Al diagnostic systems

Based on the main lessons learned from our studies, we
have several recommendations for existing Al diagnos-
tic systems using the healthcare chatbot “Ada” as a rep-
resentative example to show how it could be improved
based on our findings. Ada offers an Al-powered health
and symptom assessment application that helps its users
to understand their health condition and navigate to the
appropriate care [69]. One possible improvement is to
maintain persistent awareness of symptom tracking and
change. Though Ada tracks symptoms after it provides
possible causes of the symptoms of a user, it does not
provide any recommendation or explanation if the symp-
toms worsen or persist and does not track if there are any
new symptoms either. Symptom change represents criti-
cal points at which explanations are important. At such
critical points, it should be able to explain to the user why
this is happening.

A second improvement would be to incorporate global
explanation about the diagnostic strategy. Although Ada
provides some local visual justifications while presenting
the likelihood of the possible causes, it does not provide
any explanations about how it makes decisions in gen-
eral. Such global explanation may help users understand
the overall decision-making process. Third, more infor-
mation about alternative outcomes and diagnoses seems
to be important. Ada provides a full assessment report of
the symptoms showing how many people out of 10 peo-
ple with similar symptoms might have some medical con-
dition, but it only focuses on a single time point. It could
incorporate what may happen if any of the symptoms
change over time and provide some example cases as
explanations for the users. Finally, explanations via exam-
ple cases can be useful, especially to highlight variety and
contrasting outcomes.

Limitations

This study was designed to test several general explana-
tion mechanisms in a hypothetical diagnostic scenario,
tested on a relatively inexperienced and homogenous col-
lege population. This somewhat limits our ability to gen-
eralize to conclusions about how an older, less educated
population might have responded in these scenarios or
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an older population with more experience dealing with
health care or gastrointestinal disorders. This is a limita-
tion of our approach, but it is important to acknowledge
that the diagnostic systems we are simulated do not exist,
and our participants were not really suffering from the
disorder, but we believe that at the current state of pro-
spective development, even rough assessments of satis-
faction can be valuable. Certainly, our results may exhibit
some differences if there were multiple complex scenar-
ios or cases with a specific target population e.g., older
adults, patients of rare or chronic diseases. Such a sub-
ject population may interpret these explanations differ-
ently from what we found in our study. Our studies may
provide a guideline for future research that will involve
user evaluation of real-world patient-facing Al diagnos-
tic systems, where it will be useful to know what kind of
explanations are effective for their trust, satisfaction, and
understanding of these systems. Furthermore, the experi-
ments serve as a baseline for validating the scenario and
the satisfaction measurements to establish that together,
they can create a situation in which satisfaction is sensi-
tive to explanation. Future research is needed to establish
whether these scenarios and measures will generalize to
other populations.

Another limitation of this work involves the extent to
which measures of satisfaction and trust of a simulated
patient in our scenario matter, given the fact that they
are likely to have very limited knowledge of the diag-
nostic problem before using a hypothetical diagnos-
tic system. Currently, a patient might consult WebMD
or other on-line sources to find possible diagnoses that
map onto symptoms they are experiencing. This may
help them understand the different possibilities and may
even allow them to try different non-medical treatments
(changes of diet, etc.) without consulting a physician.
Yet they are unlikely to be able to legitimately assess the
trustworthiness of the system because they do not have
the knowledge of a physician with an understanding of
both biological mechanisms and the likelihood of differ-
ent diagnoses. Whether patient satisfaction is related to
the accuracy of the system, it is likely to influence adop-
tion and abandonment, and so care must be taken to
ensure that these measures of satisfaction and trust are
not interpreted as related to the accuracy of the system
(which [64] distinguished as relating to performance).

Conclusion

To improve patient satisfaction and trust at such points,
building AI systems with higher accuracy might not be
enough, and may not even be possible. In critical situa-
tions, Al systems may offer an erroneous diagnosis in
the process of determining the most-likely disease or
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condition, but patients would not understand the reason
behind this if they do not get exposed to the explanations
and justifications. Incorporating appropriate explana-
tions with the AI systems may help a patient understand
the diagnosis better in these situations and make them
satisfied with the diagnosis as well.

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/512911-021-01542-6.

[ Additional file 1. Supplementary-Appendix. }

Acknowledgements

We would like to express our gratitude to every member of our lab for provid-
ing valuable suggestions and taking part in the pilot studies. The studies
reported here were conducted in partial completion of LA's Master's thesis.

Authors’ contributions

LA conceived and contributed to the design of the study, contributed to
the statistical analysis and writing of the manuscript text. STM supervised
the study, contributed to the interpretation of the data, and made critical
contributions to the manuscript including revisions. Both authors read and
approved the final manuscript.

Funding
This research was developed with funding from the Defense Advanced
Research Projects Agency (DARPA).

Availability of data and materials
The datasets used and/or analyzed during the current study are available from
the corresponding author on reasonable request.

Declarations

Ethics approval and consent to participate

This study was approved by the MTU Institutional Review Board Human
Subjects Committee (M1966) and all methods in the study were carried out
following the relevant guidelines and regulations. Participants were prompted
with an informed consent form at the beginning of the study also outlining
that by participating they acknowledge that the data obtained from this study
will be used for publication. We sought explicit consent. For the online version,
participants had to click a specific button and for the in-person version, they
had to sign the consent form to indicate they consented after reading the
aforementioned form.

Consent for publication
Not applicable.

Competing interests
Not applicable.

Received: 31 December 2020 Accepted: 21 May 2021
Published online: 03 June 2021

References

1. l.Team. Forbes insights: Al and healthcare: a giant opportunity. Forbes.
https://www.forbes.com/sites/insights-intelai/2019/02/11/ai-and-healt
hcare-a-giant-opportunity/. Accessed 23 Nov 2020.

2. NiL, LuG, Liu N, Liu J. Mandy: towards a smart primary care chatbot
application. In: International symposium on knowledge and systems sci-
ences; 2017. pp. 38-52.


https://doi.org/10.1186/s12911-021-01542-6
https://doi.org/10.1186/s12911-021-01542-6
https://www.forbes.com/sites/insights-intelai/2019/02/11/ai-and-healthcare-a-giant-opportunity/
https://www.forbes.com/sites/insights-intelai/2019/02/11/ai-and-healthcare-a-giant-opportunity/

Alam and Mueller BMC Med Inform Decis Mak

20.

21.

22.

23.

24.

25.

(2021) 21:178

Rosruen N, Samanchuen T. Chatbot utilization for medical consultant
system. In: 2018 3rd technology innovation management and engineer-
ing science international conference (TIMES-ICON); 2018. pp. 1-5. https://
doi.org/10.1109/TIMES-ICON.2018.8621678.

Battineni G, Chintalapudi N, Amenta F. Al chatbot design during an
epidemic like the novel coronavirus. Healthcare. 2020. https://doi.org/10.
3390/healthcare8020154.

Jagtap R, Phulare K, Kurhade M, Gawande KS. Healthcare conversa-
tional chatbot for medical diagnosis. In: Handbook of research on
engineering, business, and healthcare applications of data science and
analytics. 2021. www.igi-global.com/chapter/healthcare-conversati
onal-chatbot-for-medical-diagnosis/264320. Accessed 06 Mar 2021.
Jungmann SM, Klan T, Kuhn'S, Jungmann F. Accuracy of a Chatbot
(ADA) in the diagnosis of mental disorders: comparative case study
with lay and expert users. JMIR Form Res. 2019;3(4):e13863.

Razzaki S et al. A comparative study of artificial intelligence and human
doctors for the purpose of triage and diagnosis. ArXiv: 18061069.
Habib FA, Shakil GS, Mohd. Igbal SS, Sajid STA. Self-diagnosis medical
chatbot using artificial intelligence. In: Proceedings of second inter-
national conference on smart energy and communication, Singapore;
2021. pp. 587-593. https://doi.org/10.1007/978-981-15-6707-0_57.
Morris RR, Kouddous K, Kshirsagar R, Schueller SM. Towards an
artificially empathic conversational agent for mental health appli-
cations: system design and user perceptions. J Med Internet Res.
2018;20(6):210148.

. Harwich E, Laycock K. Thinking on its own: Al in the NHS. Reform Res

Trust; 2018.

. Your next doctor’s appointment might be with an Al|MIT Technology

Review. https://www.technologyreview.com/2018/10/16/139443/
your-next-doctors-appointment-might-be-with-an-ai/. Accessed 06
Mar 2021.

Medical chatbot using OpenAl's GPT-3 told a fake patient to kill them-
selves. https://artificialintelligence-news.com/2020/10/28/medical-chatb
ot-openai-gpt3-patient-kill-themselves/. Accessed 06 Mar 2021.
Siddique H. NHS teams up with Amazon to bring Alexa to patients.
London: The Guardian; 2019.

Teach RL, Shortliffe EH. An analysis of physician attitudes regarding
computer-based clinical consultation systems. Comput Biomed Res.
1981;14(6):542-58.

Petkus H, Hoogewerf J, Wyatt JC. What do senior physicians think about
Al and clinical decision support systems: quantitative and qualitative
analysis of data from specialty societies. Clin Med. 2020;20(3):324.
Tonekaboni S, Joshi S, McCradden MD, Goldenberg A. What clinicians
want: contextualizing explainable machine learning for clinical end use.
In: Machine learning for healthcare conference; 2019. pp. 359-380.
Diprose WK, Buist N, Hua N, Thurier Q, Shand G, Robinson R. Physician
understanding, explainability, and trust in a hypothetical machine learn-
ing risk calculator. J Am Med Inform Assoc. 2020,27(4):592-600. https://
doi.org/10.1093/jamia/ocz229.

Holzinger A, Biemann C, Pattichis CS, Kell DB. What do we need to build
explainable Al systems for the medical domain?. 2017. ArXiv: 171209923.
Adlassng K-P, Akhavan-Heidari M. Cadiag-2/gall: an experimental expert
system for the diagnosis of gallbladder and biliary tract diseases. Artif
Intell Med. 1989;1(2):71-7.

Clancey WJ. The epistemology of a rule-based expert system—a frame-
work for explanation. Artif Intell. 1983;20(3):215-51.

Miller RA, Pople HE Jr, Myers JD. Internist-I, an experimental computer-
based diagnostic consultant for general internal medicine. N Engl J Med.
1982;307(8):468-76.

Shortliffe EH. MYCIN: a rule-based computer program for advising physi-
cians regarding antimicrobial therapy selection. Stanford: Stanford Univ
Calif Dept of computer Scince; 1974.

Hasling DW, Clancey WJ, Rennels G. Strategic explanations for a diagnos-
tic consultation system. Int J Man Mach Stud. 1984;20(1):3-19.

Che Z, Purushotham S, Khemani R, Liu Y. Interpretable deep models for
ICU outcome prediction. In: AMIA annual symposium proceedings, vol.
2016;2016. p. 371.

Kundu S, Kolouri S, Erickson KI, Kramer AF, McAuley E, Rohde GK. Discov-
ery and visualization of structural biomarkers from MRI using transport-
based morphometry. ArXiv: 170504919 Cs. 2017 [Online]. http://arxiv.org/
abs/1705.04919. Accessed 04 June 2020

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.
49.

50.

Page 14 of 15

Nemati S, Holder A, Razmi F, Stanley MD, Clifford GD, Buchman TG. An
interpretable machine learning model for accurate prediction of sepsis in
the ICU. Crit Care Med. 2018;46(4):547-53.

Yu C-S, et al. Clustering heatmap for visualizing and exploring complex
and high-dimensional data related to chronic kidney disease. J Clin Med.
2020;9(2):403.

Zhang Z, Xie Y, Xing F, McGough M, Yang L. Mdnet: a semantically and
visually interpretable medical image diagnosis network. In: Proceedings
of the IEEE conference on computer vision and pattern recognition; 2017.
pp. 6428-6436.

Cunningham P, Doyle D, Loughrey J. An evaluation of the usefulness

of case-based explanation. In: International conference on case-based
reasoning; 2003. pp. 122-130.

Doyle D, Tsymbal A, Cunningham P. A review of explanation and explana-
tion in case-based reasoning. Dublin: Trinity College Dublin, Department
of Computer Science; 2003.

Goodridge W, Peter H, Abayomi A. The case-based neural network model
and its use in medical expert systems. In: Joint European conference on
artificial intelligence in medicine and medical decision making; 1999. pp.
232-236.

Hsu C-C, Ho C-S. A new hybrid case-based architecture for medical diag-
nosis. Inf Sci. 2004;166(1-4):231-47.

Koton P. A medical reasoning program that improves with experience.
Comput Methods Programs Biomed. 1989;30(2-3):177-84.

Kwiatkowska M, Atkins MS. Case representation and retrieval in the diag-
nosis and treatment of obstructive sleep apnea: a semio-fuzzy approach.
In: Proceedings of the 7th European conference on case-based reason-
ing; 2004. pp. 25-35.

Ong LS, et al. The colorectal cancer recurrence support (CARES) system.
Artif Intell Med. 1997;11(3):175-88.

Epstein RM, Street RL. Patient-centered communication in cancer care:
promoting healing and reducing suffering. Bethesda: National Cancer
Institute; 2007.

. of Medicine. Committee on quality of health care in America. Crossing
the quality chasm: a new health system for the 21st century. Washington:
Natl. Acad. Press; 2001.

Riccardi VM, Kurtz SM. Communication and counseling in health care.
Springfield: Charles C. Thomas Publisher; 1983.

Jutel A. Sociology of diagnosis: a preliminary review. Sociol Health llIn.
2009;31(2):278-99. https://doi.org/10.1111/j.1467-9566.2008.01152 x.
Fiscella K, Meldrum S, Franks P, Shields C, Duberstein P, McDaniel S,
Epstein R. Patient trust: is it related to patient-centered behavior of
primary care physicians? Med Care. 2004;42(11):1049-1055.

Longoni C, Bonezzi A, Morewedge CK. Resistance to medical artificial
intelligence. J Consum Res. 2019;46(4):629-50. https://doi.org/10.1093/
jcr/ucz013.

Amann J, Blasimme A, Vayena E, Frey D, Madai V1. Explainability for artifi-
cial intelligence in healthcare: a multidisciplinary perspective. BMC Med
Inform Decis Mak. 2020;20(1):1-9.

Parasuraman R, Riley V. Humans and automation: use, misuse, disuse,
abuse. Hum Factors. 1997;39(2):230-53.

Alam L. Investigating the impact of explanation on repairing trust in

Al diagnostic systems for re-diagnosis. Doctoral dissertation, Michigan
Technological University. 2020.

Mueller ST, Hoffman RR, Clancey W, Emrey A, Klein G. Explanation in
human-Al systems: a literature meta-review, synopsis of key ideas and
publications, and bibliography for explainable Al. 2019. arXiv preprint
arXiv:1902.01876.

Berry DC, Broadbent DE. Explanation and verbalization in a computer-
assisted search task. Q J Exp Psychol Sect A. 1987;39(4):585-609. https.//
doi.org/10.1080/14640748708401804.

Doshi-Velez F, Kim B. A roadmap for a rigorous science of interpretability.
2017. ArXiv: abs/1702.08608.

Lipton P. Contrastive explanation. R Inst Philos Suppl. 1990;27:247-66.
Wick MR, Thompson WB. Reconstructive expert system explanation. Artif
Intell. 1992;54(1-2):33-70.

Shafto P, Goodman N. Teaching games: statistical sampling assumptions
for learning in pedagogical situations. In: Proceedings of the 30th annual
conference of the Cognitive Science Society; 2008. pp. 1632-1637.


https://doi.org/10.1109/TIMES-iCON.2018.8621678
https://doi.org/10.1109/TIMES-iCON.2018.8621678
https://doi.org/10.3390/healthcare8020154
https://doi.org/10.3390/healthcare8020154
http://www.igi-global.com/chapter/healthcare-conversational-chatbot-for-medical-diagnosis/264320
http://www.igi-global.com/chapter/healthcare-conversational-chatbot-for-medical-diagnosis/264320
https://doi.org/10.1007/978-981-15-6707-0_57
https://www.technologyreview.com/2018/10/16/139443/your-next-doctors-appointment-might-be-with-an-ai/
https://www.technologyreview.com/2018/10/16/139443/your-next-doctors-appointment-might-be-with-an-ai/
https://artificialintelligence-news.com/2020/10/28/medical-chatbot-openai-gpt3-patient-kill-themselves/
https://artificialintelligence-news.com/2020/10/28/medical-chatbot-openai-gpt3-patient-kill-themselves/
https://doi.org/10.1093/jamia/ocz229
https://doi.org/10.1093/jamia/ocz229
http://arxiv.org/abs/1705.04919
http://arxiv.org/abs/1705.04919
https://doi.org/10.1111/j.1467-9566.2008.01152.x
https://doi.org/10.1093/jcr/ucz013
https://doi.org/10.1093/jcr/ucz013
https://arxiv.org/abs/1902.01876
https://doi.org/10.1080/14640748708401804
https://doi.org/10.1080/14640748708401804

Alam and Mueller BMC Med Inform Decis Mak (2021) 21:178

51

52.

53.

54.

55.

56.

57.

58.

59.

60.

Lipton ZC.The Mythos of Model Interpretability: in machine learning,
the concept of interpretability is both important and slippery. Queue.
2018;16(3):31-57.

Hoffman RR. Al models of verbal/conceptual analogy. J Exp Theor Artif
Intell. 1998;10(2):259-86.

Spiro RJ, Feltovich PJ, Coulson RL, Anderson DK. Multiple analogies

for complex concepts: antidotes for analogy-induced misconception

in advanced knowledge acquisition. Technical Report No. 439. 1988
[Online]. https://eric.ed.gov/?id=ED301873. Accessed 18 Sept 2017
George FH. Logical constructs and psychological theory. Psychol Rev.
1953;60(1):1-6. https://doi.org/10.1037/h0057812.

Wachter S, Mittelstadt B, Russell C. Counterfactual explanations without
opening the black box: automated decisions and the GDPR. Harvard J
Law Technol. 2018:31(2).

Goyal Y, Mohapatra A, Parikh D, Batra D. Interpreting visual question
answering models. In: ICML workshop on visualization for deep learning,
vol. 2. 2016 [Online]. https://pdfs.semanticscholar.org/72ce/bd7d046080
899703ed3cd96e3019a9f60f13.pdf. Accessed 19 Aug 2017.

Hendricks LA, Akata Z, Rohrbach M, Donahue J, Schiele B, Darrell T. Gener-
ating visual explanations. In: European conference on computer vision.
2016. pp. 3-19 [Online]. https://doi.org/10.1007/978-3-319-46493-0_1.
Accessed 18 May 2017.

Ribeiro MT, Singh S, Guestrin C. Model-agnostic interpretability of
machine learning. 2016. ArXiv: 160605386.

Zhong Z, LiJ, Zhang Z, Jiao Z, Gao X. A coarse-to-fine deep heatmap
regression method for adolescent idiopathic scoliosis assessment. In:
Computational methods and clinical applications for spine imaging,
Cham; 2020. pp. 101-106. https://doi.org/10.1007/978-3-030-39752-4_12.
Kusakunniran W, et al. COVID-19 detection and heatmap generation in
chest x-ray images. J Med Imaging. 2021;8(51):014001. https://doi.org/10.
1117/1.JM1.8.51.014001.

Page 15 of 15

61. Hervella AS, Rouco J, Novo J, Penedo MG, Ortega M. Deep multi-instance
heatmap regression for the detection of retinal vessel crossings and
bifurcations in eye fundus images. Comput Methods Programs Biomed.
2020;186:105201. https://doi.org/10.1016/j.cmpb.2019.105201.

62. Hollon TC, et al. Near real-time intraoperative brain tumor diagnosis
using stimulated Raman histology and deep neural networks. Nat Med.
2020;26(1):52-8. https://doi.org/10.1038/541591-019-0715-9.

63. Ribeiro MT, Singh S, Guestrin C. Why should i trust you? Explaining the
predictions of any classifier. In: Proceedings of the 22nd ACM SIGKDD
international conference on knowledge discovery and data mining; 2016.
pp. 1135-1144 [Online]. http://dl.acm.org/citation.cfim?id=2939778.
Accessed 18 May 2017.

64. Hoffman RR, Mueller ST, Klein G, Litman J. Metrics for explainable Al: chal-
lenges and prospects. 2018. ArXiv: 181204608.

65. Lawrence MA, Lawrence MMA. Package ‘ez’ R Package Version, vol. 4.
2016.

66. Klein GA, Rasmussen L, Lin M-H, Hoffman RR, Case J. Influencing prefer-
ences for different types of causal explanation of complex events. Hum
Factors. 2014;56(8):1380-400.

67. Goodfellow I, Shlens J, Szegedy C. Explaining and harnessing adversarial
examples. 2014. ArXiv: 14126572.

68. de Mendiburu F, de Mendiburu MF. Package ‘agricolae’ R Package Version.
2019. pp. 1-2.

69. Ada Health GmbH. Ada, v 3.10.1. 2021 [App]. https://apps.apple.com/nz/
app/ada-check-your-health/id1099986434. Accessed 18 April 2021.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions . BMC



https://eric.ed.gov/?id=ED301873
https://doi.org/10.1037/h0057812
https://pdfs.semanticscholar.org/72ce/bd7d046080899703ed3cd96e3019a9f60f13.pdf
https://pdfs.semanticscholar.org/72ce/bd7d046080899703ed3cd96e3019a9f60f13.pdf
https://doi.org/10.1007/978-3-319-46493-0_1
https://doi.org/10.1007/978-3-030-39752-4_12
https://doi.org/10.1117/1.JMI.8.S1.014001
https://doi.org/10.1117/1.JMI.8.S1.014001
https://doi.org/10.1016/j.cmpb.2019.105201
https://doi.org/10.1038/s41591-019-0715-9
http://dl.acm.org/citation.cfm?id=2939778
https://apps.apple.com/nz/app/ada-check-your-health/id1099986434
https://apps.apple.com/nz/app/ada-check-your-health/id1099986434

	Examining the effect of explanation on satisfaction and trust in AI diagnostic systems
	Abstract 
	Background: 
	Method: 
	Results: 
	Conclusion: 

	Introduction
	Background
	Methods for providing explanations

	Experiment 1
	Method
	Participants
	Procedure

	Results
	Discussion and summary
	Impact of local explanationjustification
	Impact of global explanations


	Experiment 2: Exploring local explanation
	Method
	Participants
	Procedure

	Results
	Discussion and summary

	General discussion
	Lesson: explanations are time-sensitive
	Lesson: significance of global explanation
	Lesson: effectiveness of local justification
	Lesson: the format of explanation matters
	Lesson: diagnosis is not simply classification
	Recommendation for existing AI diagnostic systems

	Limitations
	Conclusion
	Acknowledgements
	References


