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Abstract

Purpose—There is a growing body of diagnostic performance studies for emergency radiology-
related artificial intelligence/machine learning (Al/ML) tools; however, little is known about user
preferences, concerns, experiences, expectations, and the degree of penetration of Al tools in
emergency radiology. Our aim is to conduct a survey of the current trends, perceptions, and
expectations regarding Al among American Society of Emergency Radiology (ASER) members.

Methods—An anonymous and voluntary online survey questionnaire was e-mailed to all ASER
members, followed by two reminder e-mails. A descriptive analysis of the data was conducted, and
results summarized.

Results—A total of 113 members responded (response rate 12%). The majority were attending
radiologists (90%) with greater than 10 years’ experience (80%) and from an academic practice
(65%). Most (55%) reported use of commercial Al CAD tools in their practice. Workflow
prioritization based on pathology detection, injury or disease severity grading and classification,
quantitative visualization, and auto-population of structured reports were identified as high-value
tasks. Respondents overwhelmingly indicated a need for explainable and verifiable tools (87%)
and the need for transparency in the development process (80%). Most respondents did not feel
that Al would reduce the need for emergency radiologists in the next two decades (72%) or
diminish interest in fellowship programs (58%). Negative perceptions pertained to potential for
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automation bias (23%), over-diagnosis (16%), poor generalizability (15%), negative impact on
training (11%), and impediments to workflow (10%).

Conclusion—ASER member respondents are in general optimistic about the impact of Al in
the practice of emergency radiology and its impact on the popularity of emergency radiology
as a subspecialty. The majority expect to see transparent and explainable Al models with the
radiologist as the decision-maker.

Keywords

Radiology; Imaging; Emergency; Trauma; Emergency radiology; Artificial intelligence; Machine
learning; Survey; Computer-aided detection

Introduction

Over the past decade, the development of graphics processing units with rapid parallel
computing architectures ushered in an era of scalable multi-layered artificial neural network-
based representation learning methods (i.e., deep learning) for computer vision tasks [1, 2].
As a digitized, data-driven field, radiology has been well-positioned toward early adoption
of new information technologies [3, 4], and the majority of artificial intelligence and
machine learning (AI/ML) software as medical device (SaMD) products are in the radiology
domain [4].

Emergency radiology faces a number of unique practice challenges. Services are carried

out within a high-stakes time- and safety—critical environment involving ill or injured
patients that require expeditious and accurate diagnosis [5, 6]. Reading room distractions are
frequent, and off-hours work is associated with performance degradation related to circadian
rhythm disruption [5-8]. The availability of a 24-h-a-day workforce with emergency
radiology expertise is highly variable across institutions and practices [9-11]. Performance
and workflow improvements, and the potential for improved patient outcomes are strong
incentives for development of computer-aided detection and diagnosis (CAD) tools in this
setting [12, 13].

FDA-approved commercialized products currently include a variety of use cases, primarily
for detection (CADe) and triage or workflow prioritization (CADt). These include tools for
stroke [14], pulmonary embolus [15], intracranial hemorrhage [16], acute pathology on chest
radiographs [17], and fractures on musculoskeletal plain radiographs [18]. Additionally,

the FDA recognizes tools for diagnosis, risk stratification and prognostication (CADX),

and image processing and quantitative visualization (IPQ) [4], which may have a role in
augmenting emergency radiology interpretation in the future.

Several studies have evaluated the performance characteristics of commercial CAD tools
with respect to diagnostic accuracy [19-21] and effects on turnaround times [16, 22].
Additionally, surveys have been published examining radiologist and radiology trainee views
on Al/ML [23-25]. However, little is known about emergency radiologist engagement with
Al CAD tools. Furthermore, little is known regarding the degree of penetration of these tools
into emergency radiology practice. While members of the emergency radiology community
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are aware of the growing use of Al CAD tools through the published literature, society
meetings, and social media [26-31], as end-users, and in some cases as developers, a canvas
of ASER members may provide valuable insights for Al governance at the institutional

and society level, facilitate adoption into emergency radiology workflows, and help with
priority setting for development of trustworthy Al systems that maximize clinical impact and
adequately meet the needs of emergency radiology end-users.

With the above goals in mind, the American Society of Emergency Radiology Al/ML Expert
Panel convened a working group to conduct a survey of its members to better understand
emergency radiologists’ perceptions and expectations and explore current practice patterns
and emerging trends. Dimensions explored included implementation and governance, trust
and user acceptance, overall value, unmet needs, and implications for the future of the
subspecialty.

The ASER AI/ML expert panel cross-sectional survey working group designed and
conducted an anonymous and voluntary online survey of the ASER membership. The work
was determined to be IRB exempt by the primary site’s human research protections office.

The survey was intended to gather cross-sectional descriptive information on (a) the practice
setting and experience level of respondents; (b) clinical needs, as determined by the value
placed on tools performing a variety of clinical tasks; (c) current trends with respect

to implementation and governance; (d) dimensions of trust and user acceptance; and (e)
expectations and apprehensions for the future of Al in emergency radiology.

Five working group members (including three academic emergency radiologists, one private
practice emergency radiologist, and one fellow) reviewed literature on Al in radiology with
special focus on applications in emergency radiology and the perceptions regarding Al
among the radiology community at large. The group formulated, discussed, commented

on, and edited questions in an iterative process to generate a Web-based questionnaire
formulated around the aforementioned themes. The survey was created using jotform.com.
The final version of the survey consisted of 23 questions of categorical, multiple-choice,
9-point UCLA/RAND-type Likert scale, yes/no, and narrative type with free text for
comments. It was designed to be completed in under 15 min.

An initial series of three background questions were used to determine respondents’
practice settings (academic, community, teleradiology, or mixed); whether respondents were
attendings, fellows, or residents; and years of experience in radiology including residency
and fellowship.

Four questions interrogated the current trends of Al tool implementation and governance in
practice. Specifically, we asked whether respondents used commercial Al tools at this time;
whether the respondents’ practices employ processes for local validation or revalidation of

deployed tools; whether institutional end-users included radiologists or clinicians, or both;

whether the use of Al CAD tools is perceived to have improved the quality of care at
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respondents’ institutions or practices, and if so, a free-text box was available to provide an
optional explanation.

A set of needs-assessment Likert-scale questions was designed to determine the level of
impact that respondents expect tools to have on their radiology practice in the future based
on the clinical task, including detection and workflow prioritization, disease or injury
severity grading, quantitative visualization (e.g., automated measurement of pathology
denoted by contours, masks, or electronic caliper measurements), risk stratification/
prognostication, and structured reporting. An open-ended question with free-text response
asked respondents to list up to 3 pathologies they would find helpful in the emergency
radiology setting. These were bucketed using a free-form approach with major categories
determined as responses were processed.

Several position papers on foundational and clinical-translational research have emphasized
the importance of Al/ML algorithm trustworthiness both in terms of transparency of the
output, and transparency in methodology [32-34]. Several questions were formulated to
study the opinion of respondents with respect to system benevolence and trust. These
included a Likert question of the level of importance placed on explainable and verifiable
(as opposed to black box) results; a Likert question assessing the importance of transparency
in ground truth annotation; a Likert question assessing the degree of concern regarding
automation bias; and a multiple-choice question asking how often respondents disagree with
Al results. Another question probed apprehensions/concerns regarding Al, with a check-box
list and free-text option. Choices included concerns about the following: overdiagnosis,
workflow, institutional resistance to change, lack of knowledge, cost, ethics, negative impact
on training, workflows that bypass radiology, and poor algorithm generalizability to local
populations.

Radiologist expectations regarding the future impact of Al/ML on the field were queried
with a multiple-choice question regarding whether Al tools will have positive, negative, or
no impact on radiologist job satisfaction; a Likert question on the likelihood that AI/ML
will reduce the need for 24/7 coverage in the next 20 years; and whether the emergence of
Al tools in emergency radiology will impact the interest of residents in pursuing emergency
radiology fellowships.

One question pertaining to the importance of human factors engineering in Al research and
development was noted to have a design flaw during administration of the survey, preventing
analysis of the results, and this is not discussed further.

The Web link was distributed amongst all ASER members via email with a cover letter
(Appendix). The initial email was sent on June 3, 2022, with two reminders at 2—4-week
intervals, and closing date of August 10, 2022. Another reminder was not deemed necessary
as the number of respondents exceeded 100 after the second reminder, the minimum number
agreed upon by consensus for a descriptive survey [15].

Median values with interquartile range (IQR) were used to summarize response trends.
A descriptive analysis was performed for free-text questions. Question responses were
displayed visually where applicable using pie charts, with categories pre-determined from
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RAND/UCLA grading scales (e.g., 1-3, not useful; 4-6, uncertain; 7-9, useful). Responses
for all categorical and Likert questions were compared by practice type and years of practice
subgroups. Comparisons were performed using Fisher exact and Chisquared tests for
questions with categorical responses, and the Mann-Whitney U-test and post hoc Kruskal—
Wallis H'test for questions with Likert scales. Bonferroni adjustment was performed for
multiple comparisons. A p-value of < 0.05 was considered significant.

A total of 113 members responded to the survey questionnaire from a total of 955 ASER
members (including active, active military, associate, emeritus, fellow, and member in
training) for a response rate of 12%. Responses for all yes/no, categorical, multiple choice,
and Likert questions are provided in Table 1.

Respondent characteristics (Table 1, questions 1-3)

The majority of respondents worked in an academic practice setting (65%, 74/113), followed
by community (19%, 21/113), and teleradiology (7%, 8/113). Hybrid practices, including a
mix of community and academic hospitals, accounted for the remaining 9% (10/113).

An overwhelming majority of respondents were attendings (90%, 101/112), followed by
fellows (4%, 5/112) and residents (3%, 3/112). The remainder were in private practice as
radiologists or partners (3%, 3/112). In total, 45% of radiologists had over 20 years of
experience (including years spent in residency and fellowship) (51/112), 35% had 10-20
years of experience (39/112), 18 had 5-10 years of experience (16%), and 4% had spent 1-5
years in radiology practice (4/112).

Implementation and governance (Table 1, questions 4-8)

A slight majority (56%, 63/112) report already using commercial Al tools in their practices.
However, only 33% (29/89) of question respondents report that their practices have
streamlined Al governance processes in place for ongoing validation or revalidation of
implemented tools. While the majority of respondents (66%, 49/74) reported exclusively
radiologists as the primary end-users of Al tools at their institution, a third (34%, 25/74)
reported both radiologists and clinicians as end-users.

Approximately two-thirds of respondents (64%, 42/66) felt that Al tools have improved the
quality of care at their institution. Of 42 respondents that provided a reason for improved
care, 71% (30/42) noted improved triage turnaround times, and 57% (24/42) indicated
second reader capability. More respondents answered, “who are the primary end-users”
(question 6, n=74) and “have tools improved quality of care” (question 7, 7= 66) than

the number who reported using commercial Al tools (question 4, 7= 63). This may be
reconciled by the possibility that some respondents are anticipating installation or that some
are trialing non-commercial tools, as well as possible under-reporting by respondents of
commercial Al use.
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Needs assessment (Table 1, questions 9-14)

Median Likert scores (1-3, no impact; 4-6, some impact; 7-9, high impact) for the
perceived future impact of Al CAD tools by task were 7 [IQR =5, 9] for workflow
prioritization and detection, 7 [5, 8] for quantitative visualization, 7 [5, 8] for injury grading
and classification, and 7 [5, 9] for Al tools that auto-populate structured reports, but only

5 [4, 7] for tools that provide prognostic information. Analyzing this data categorically,

the percentage of respondents that felt that a given tool would have high impact included
61% for detection and workflow prioritization, 58% for quantitative visualization, 60%

for disease or injury severity grading or classification, and 61% for auto-population of
structured reports, but only 30% for prognostic tools.

For our free-text question soliciting up to 3 pathologies that would be helpful in the
emergency setting (see Table 1, question 14), the five most commonly listed major
categories of pathology for which Al tools could be helpful, included, in order of most

to least common, fractures (47 mentions), pulmonary embolus (39 mentions), features of
ischemic stroke (37 mentions), intracranial hemorrhage (31 mentions), and intracavitary
torso hemorrhage-related features (21 mentions). Of all fracture-related tools, Al tools for
rib fracture detection and numbering were felt to be the most useful (20 of 46 mentions).

System benevolence and trust (Table 1, questions 15-19)

An overwhelming majority (87%, 98/113) gave high priority (Likert scores of 7-9) to Al
tools with interpretable and verifiable results that can be rejected when perceived to be
incorrect by the end-user (median = 9; IQR [8, 9]). A similarly high percentage (80%,
86/108) of respondents indicated that since Al tools are trained using expert annotation, and
ground-truth agreement between experts can vary considerably by task, it is very important
to know the level of expert annotation agreement (median = 8; IQR [7, 9]). In total, 11%
(12/108) were uncertain on this matter.

While 39% (40/101) have no concerns of Al tools resulting in a biased image interpretation,
28% (28/101) had a high level of concern regarding the possibility of automation bias being
introduced by Al tools during interpretation (median =5, IQR [3, 7]).

Regarding frequency of disagreement with Al tool results, respondents most commonly
reported disagreeing with Al output in 5-10% of studies (37%, 24/65), followed by 10-20%
of studies (35%, 23/65). More extreme experiences were less common, but similar at both
ends of the spectrum, with 12% (8/65) reporting disagreeing with diagnostic Al tool results
in fewer than 5% of studies, and 16% (10/65) reporting disagreeing in greater than 20%.

The most common specific concerns with respect to Al tools in the emergency

radiology setting included overdiagnosis (61%, 63/103), non-generalizability of published
performance (57%, 59/103), negative impact on training (44%, 45/103), impediments to the
workflow (41%, 42/103), and insufficient evidence to support use (40%, 41/103).

Expectations (Table 1, questions 20-22)

While 72% of respondents (78/109) felt that Al tools will increase radiologist job
satisfaction, 10% (11/109) felt that job satisfaction would be negatively impacted.
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Approximately three-quarters (73%, 82/113) felt that the likelihood that AI/ML would
reduce the need for 24/7 emergency radiology coverage in the next two decades was

low, and the majority (60%, 65/108) felt that Al would have no impact on interest in
pursuing emergency radiology fellowship among radiology residents. Interestingly, a third
of the respondents (33%, 35/108) felt that Al would lead to an increased interest in the
subspecialty among trainees.

After Bonferroni correction, subgroup analyses of responses by practice type, and years

of practice found a statistically significant difference only with respect to the need

for transparency in reporting of reader agreement, with higher priority given to this

aspect of methodological transparency by academic radiologists compared with community
radiologists (p = 0.024).

Discussion

This survey of ASER members was conducted to gain insights about current AlI/ML trends,
perceptions, and expectations in emergency radiology. Our results reveal that, in line with
responses to prior radiology surveys [23-25], most respondents that currently use Al tools
are positive about their potential patient care value. However, respondents have concerns
about the capability and benevolence of tools, particularly with respect to overdiagnosis and
generalizability. Guarded optimism regarding Al as a value-adding technology in radiology
comes at a time when there are still few but rapidly increasing numbers of FDA-approved Al
tools in the emergency radiology domain that have efficacy as second-reader tools [19-21],
and triage and notification tools that reduce turnaround times, and potentially patient length
of stay [16].

In questions pertaining to trust and system benevolence, respondents indicated
overwhelmingly that Al tools must be explainable and verifiable. Extremes on either end of
reported levels of disagreement (less than 5% or over 20%) with Al output were uncommon
in this survey, with the majority of respondents reporting disagreement rates between 5 and
20%, suggesting a perceived high level of system capability for commercial tools currently
in use. Most commercial tools employ activation maps, box detections, segmentations, or
annotations for explainability [1]. In the near-term, and perhaps indefinitely, it is critical

for humans to remain in the drivers’ seat when performing Al-assisted reads. This is best
ensured through interpretable Al output that can be verified or rejected, and potentially with
greater levels of human-in-the-loop interaction [33-36].

Needs assessment questions reveal that approximately two-thirds of respondents place a high
value on future tools that perform triage and early notification, quantitative visualization,
grading and classification, and auto-population of structured reports. In free-text responses,
pathologies where Al is most likely to be helpful include fractures, pulmonary embolus,
ischemic stroke, intracranial hemorrhage, and torso hemorrhage. Currently available
commercial tools for the most part perform simple detection tasks, with detection/second
reader (CADe) and triage/early notification (CADt) intended uses. Commercialized tools
with regulatory approval cover four of the five major pathology categories, including
fractures, pulmonary embolus, ischemic stroke, and intracranial hemorrhage [14, 15, 37-42].
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Grading and classification of pathology is a complex task involving multiple diagnostic
steps. Tools for this purpose are currently rare or appear to be in early stages of the
research and development pipeline. Interpretability is also more difficult to satisfy for such
multi-stage methods [13, 35, 43, 44]. There are also few tools that meet the need for
quantification of disease or injury. Such tools are considered beneficial from a precision
medicine standpoint [2]. To our knowledge, there are currently no commercial products
that meet the need for torso hemorrhage-related pathologies. As the torso occupies a

large volume, and targets are often small but highly variable in volume and appearance,
multi-scale algorithms for complex torso pathology have been latecomers in the era of deep
learning [45-53].

Respondents were less enthusiastic for algorithms that prognosticate outcomes. Speculative
reasons for this may include (i) scope of practice for this fast-paced and high-volume
subspecialty that mainly focuses on timely diagnosis on the front end, with decision-making
based on risk or prognosis left to treating members of the care team; and (ii) lack of trust, as
prognostication tools often have a black box problem and potential ethical concerns [54].

Transparency throughout the research and development process including data curation is
also found to be a top priority for our respondents. Concerns with research transparency, and
other specific apprehensions such as overdiagnosis, negative impact on training, and ethical
concerns, which include the possibility of selective misdiagnosis in underserved patient
populations, are consistent with concerns previously raised in the medical and radiology
literature [34, 36] and should be taken seriously by solution developers [13, 55-57].

Slightly more than half of respondents currently use commercial Al tools and few reported
streamlined processes for local validation/re-validation of implemented tools. Adoption

of Al tools is known to be hampered by the lack of business incentive in a fee-for-

service environment and lack of outcome data for reimbursement. Patient outcome data

is required for reimbursement through the Centers for Medicare and Medicaid Services New
Technology Add-on Payment (CMS NTAP). High costs and lack of reimbursement may
make it difficult for those involved in Al governance to justify the expense of Al CAD
tools to hospital administrators [58-60]. Approximately one-third of respondents indicate
both radiologist and clinician end-users within their institutions or practices. Those seeking
administrative support for the acquisition of Al products may potentially consider buy-in
from clinical stakeholders. This will likely become more important as value-based payment
models evolve.

Despite the aforementioned specific concerns, respondents in our survey largely felt that
Al is unlikely to displace the round-the-clock emergency radiology coverage model, and
unlikely to dissuade trainees from pursuing a career in the subspecialty. Some even expect
emergency radiology to become more popular as a subspecialty on the cutting edge of Al.
This is contrary to the reported skepticism towards Al in radiology by medical students
who perceive it as a potential threat to diagnostic radiologists and one of the reasons

for not pursuing radiology as a specialty [25, 61]. This may be explained in part by the
characteristics of the respondents, as most were attendings with more than 10 years of
experience, and there were few trainee respondents.
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Bias was not a major concern for most respondents; however, automation and complacency
bias are acknowledged pitfalls of Al implementation in the radiology and medical Al/ML
literature [62, 63]. Radiologists, being only human, may have a blind spot for their own
biases, and avoiding bias-related error has been an area of interest in the radiology literature
since well before the arrival of AI/ML [64, 65]. Greater awareness of these problems is
likely warranted.

Our survey was limited by the low response rate. While anonymous and voluntary, this
survey interrogated a select group of emergency radiologists, with responses coming
disproportionately from practitioners in the academic setting. In preserving anonymity, we
were not able to assess entries by respondents’ institutions, which could potentially skew
results towards over-representation by the perspectives and preferences of larger or more
Al-engaged institutions. Furthermore, respondents, who were disproportionately attendings
and had over 10 years of experience, perhaps share a common outlook towards radiology
and AI/ML that informs their level of acceptance of artificial intelligence technologies

and concerns. While demographic differences between respondents and non-respondents
were not explored, it is likely that only a subset of ASER members interested in Al were
motivated to respond to our survey, leading to a selection bias which limits generalization of
results to the emergency radiology community at large.

Conclusion

Just over half of respondents among the ASER membership currently use commercial Al
tools in their practice. Two-thirds of respondents who currently use Al tools feel that they
improve quality of care, and most find themselves disagreeing with Al predictions in 5—-
20% of studies. Concerns and apprehensions pertaining to overdiagnosis and generalization
to their local patient populations are shared by over half of end-users. The majority of
respondents expect to see transparent and explainable Al tools with the onus of the final
decision with the radiologist.

Unmet needs identified included tools that perform grading or classification, quantitative
visualization tasks, and tools that auto-populate structured reports. Torso hemorrhage-related
tools were a commonly listed pathology for which Al tools could be helpful, and we are
presently not aware of commercial FDA-approved tools in this area.
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