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A quality assessment tool for focused abdominal sonography for
trauma examinations using artificial intelligence
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urrent tools to review focused abdominal sonography for trauma (FAST) images for quality have poorly defined grading criteria
or are developed to grade the skills of the sonographer and not the examination. The purpose of this study is to establish a grading
system with substantial agreement among coders, thereby enabling the development of an automated assessment tool for FAST
examinations using artificial intelligence (AI).
METHODS: F
ive coders labeled a set of FAST clips. Each coder was responsible for a different subset of clips (10% of the clips were labeled in
triplicate to evaluate intercoder reliability). The clips were labeled with a quality score from 1 (lowest quality) to 5 (highest quality).
Clips of 3 or greater were considered passing. An AI training model was developed to score the quality of the FASTexamination.
The clips were split into a training set, a validation set, and a test set. The predicted scores were rounded to the nearest quality level
to distinguish passing from failing clips.
RESULTS: A
 total of 1,514 qualified clips (1,399 passing and 115 failing clips) were evaluated in the final data set. This final data set had a 94% agree-
ment between pairs of coders on the pass/fail prediction, and the set had a Krippendorff α of 66%. The decision threshold can be tuned to
achieve the desired tradeoff between precision and sensitivity. Without using the AI model, a reviewer would, on average, examine roughly
25 clips for every 1 failing clip identified. In contrast, using our modelwith a decision threshold of 0.015, a reviewer would examine roughly
five clips for every one failing clip— a fivefold reduction in clips reviewed while still correctly identifying 85% of passing clips.
CONCLUSION: I
ntegration of AI holds significant promise in improving the accurate evaluation of FAST images while simultaneously alleviating
the workload burden on expert physicians. (J Trauma Acute Care Surg. 2024;00: 00–00. Copyright © 2024 Wolters Kluwer
Health, Inc. All rights reserved.)
LEVEL OF EVIDENCE: D
iagnostic Test/Criteria; Level II.
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T he focused abdominal sonography for trauma (FAST) ex-
amination is a well-accepted diagnostic tool in the man-

agement of blunt trauma.1–4 The diagnostic quality of a FAST
examination is based on clear identification of certain anatomi-
cal features in each view.5 To ensure the quality of FAST images
for patient safety, continuing education, and accreditation pur-
poses, institutions are required to review a sampling of images
and videos of FAST examinations.6

However, this essential yet somewhat routine task of
evaluating these examinations often requires the review by
highly skilled sonographers and physicians. These individ-
uals, whose expertise could be more optimally used else-
where, engage in meticulous reviews that could benefit from
a more streamlined approach. Implementing artificial intelli-
gence (AI) for the automatic assessment of FASTexamination
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quality would significantly economize hospital resources,
presenting potential savings on a substantial scale.

To enable the training of AI for automated assessment of
FAST images, a grading tool is necessary to accurately assess
these images. Presently, existing criteria for grading FAST videos
exhibit limitations when retrospectively evaluating ultrasound
studies for quality. While some grading systems lack precise def-
initions, leading to poor interrater reliability, others rely on ele-
ments unrelated to the distinct identification of crucial anatomical
features, such as image depth and structural orientation. This de-
pendence on criteria not fundamentally linked to the clear identi-
fication of pivotal anatomical features might result in scoring dis-
crepancies due to deviations from expected procedural norms.

The purpose of this study is to develop an automated as-
sessment tool for FASTexaminations using AI to implement this
AI model in the FAST examination review process.
PATIENTS AND METHODS

Criteria Development, Trial Coding, and
Criteria Refinement

A set of criteria was developed by an ultrasound fellowship–
trained emergency department physician and by an experienced
critical care–trained trauma surgeon to determine the image quality
of FAST (IQ FAST) examinations performed at a level 1 trauma
center. The IQ FAST criteria were developed from previous tools
1
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Figure 1. Image quality of FAST scoring criteria.
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to grade FAST images deemed to be important specifically related
to clinical decision making (Fig. 1).5,7 Three trial coding rounds
were performed to refine the coding criteria. Each round
consisted of a labeling task wherein the creators of the scoring
system used a web-based interface to review a common set of
FAST clips and annotate them for quality according to the new
FAST quality criteria (Fig. 2).

Four hundred thirty consecutive patient encounters from
October 2017 to October 2018 were identified from all FAST
images entered into the hospital's QPath database (Telexy
Healthcare, Maple Ridge, BC, Canada). The video clips from
these patient encounters were deidentified and uploaded to
Labelbox (Labelbox, Inc., San Francisco, CA). Labelbox, a
commercial data annotation tool, was used to create the labeling
interface and to record annotations from coders. This tool was
used for all labeling tasks presented in this work.

During round 1, coders labeled a common set of 100 clips.
They agreed on whether a clip passed (quality >2) or failed
(quality ≤2) 70% of the time. The coded set had a Cohen's κ
agreement score of 27% and a Krippendorff α score of 20%,
both indicating poor agreement. After the initial labeling, clips
were discussed one at a time, and a consensus label was reached
for each clip. The coding criteria were updated to clarify points
of disagreement that were identified while discussing the labels.
During the second round, the coders labeled a new common set
of 50 clips. They agreed on pass/fail 83% of the time. The set
had a Cohen's κ score of 31% and a Krippendorff α of 31%, in-
dicating improvement but still unsatisfactory agreement. Con-
sensus was reached on all clips through a follow-up review.
The coding criteria were further clarified based on this discus-
sion. During round 3, coders labeled a new common set of 50
clips. They agreed on pass/fail 89% of the time. The set had a
Cohen's κ of 69% and a Krippendorff α of 69%, indicating sat-
isfactory agreement between the coders. Consensus was reached
on all samples through a follow-up review. The consensus labels
resulting from these three trial rounds were collected into a sin-
gle “gold standard” data set containing roughly 200 clips that
would serve as a reference data set for training additional coders.

Training New Coders
After completing the three trial rounds described previ-

ously, three additional coders were trained to apply the IQ FAST
2

criteria. Two of the coders were ultrasound fellowship–trained
emergency medicine physicians, while one coder was a surgical
critical care fellow. The training included one trial round in
which the new coders labeled a sample (n = 50) of the criterion
standard clips developed in the trial coding phase. The perfor-
mance of each coder was evaluated against the criterion standard
labels. All coding errors were discussed in a follow-up review
for training purposes. During the training round, the three new
coders annotated pass/fail quality with 80.3% accuracy, indicat-
ing strong initial performance with the new criteria. The coders
then labeled an additional sample (n = 50) of the criterion stan-
dard clips. During this second training round, the three new
coders annotated pass/fail quality improved to 92% accuracy.

Full Data Set Annotation
After completing the training phase, the five coders then

annotated the full set of FAST clips (n = 2,937). Each coder
was responsible for a different subset of approximately 670
clips. Roughly 10% of the clips (n = 276) were labeled in tripli-
cate to evaluate intercoder reliability. When forming the final la-
beled set, majority voting was used to select the final code. Clips
were disqualified in the case of a tie. Nonstandard FAST exam-
ination views (such as eFAST (Extended Focused Assessment
with Sonography in Trauma) views of the chest or cardiac videos
in the parasternal long or parasternal short axis) were removed.

AI Model Development
Using the large set of IQ FAST labeled clips, a deep

learning-based computer vision model was trained to identify
whether a clip should receive a passing or failing IQ FAST score.
The Ultrasound Video Network model, which is specifically de-
signed for ultrasound tasks, was used to evaluate the FAST la-
beled clips. This deep learning model uses a CNN (convolutional
neural network) encoder to embed each frame of a video and an
attention mechanism to aggregate relevant information from dif-
ferent times in the video. This approach leads to greater sample
efficiency in cases where the task depends primarily on recogniz-
ing key visual features at any point in a clip as opposed to recog-
nizing patterns in the change of visual features through time. The
model design and training procedure that were used were previ-
ously presented in the original Ultrasound Video Network paper.8

For evaluation, a random 80% to 20% train-test partition was
© 2024 Wolters Kluwer Health, Inc. All rights reserved.



Figure 2. Flow chart showing number of charts reviewed and reasons omitted.
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 created of the data stratified on the clip quality level. Clips from a

given patient appear in only the training set or test set. An ensem-
ble of 12 models were trained on the 80% training partition fol-
lowing a cross-validation procedure. For the final evaluation,
the average of confidence scores output was computed by each
of the 12 models on the 20% test set. The averaged confidence
scores were compared with the human-annotated pass/fail labels
to estimate the precision, sensitivity, and specificity of the
model. This article is compliant with the Clinical AI Research
reporting guidelines9 (Supplemental Digital Content, Supple-
mentary Data 1, http://links.lww.com/TA/D921).

RESULTS

During the study period, the average pass/fail accuracy of
the coders was 91.7%. Coder 1 had disagreement in labeling
quality of 17 of the 50 images and labeling 7 of the 50 views.
Coder 1 had a 63% accuracy rate of identifying diagnostic qual-
ity and a 93% accuracy rate of identifying pass/fail of the images
with a mean absolute error of 0.43 (Supplementary Fig. 1, http://
links.lww.com/TA/D922).

Coder 2 had disagreement in labeling quality of 18 of the 50
images and labeling 12 of the 50 views. Coder 2 had a 64% accu-
racy rate of identifying diagnostic quality and a 94% accuracy rate
of identifying pass/fail of the images with a mean absolute error of
0.50 (Supplementary Fig. 2, http://links.lww.com/TA/D923).

Coder 3 had disagreement in labeling quality of 17 of 49
images and labeling 7 of 49 views. Coder 3 had a 65% accuracy
© 2024 Wolters Kluwer Health, Inc. All rights reserved.
rate of identifying diagnostic quality and an 88% accuracy rate
of identifying pass/fail of the images with a mean absolute error
of 0.43 (Supplementary Fig. 3, http://links.lww.com/TA/D924).

All 5 coders annotated a total of 2,967 clips. It was deter-
mined that one coder did not have sufficient agreement with the
other coders to label the complete set. The coder had an average
Cohen's κ of 0.24 between all other coders. This coder's samples
were removed from the set before computing consensus and ex-
cluded from the labeled data set, leaving 2,305 clips. Majority
voting was used to select the final code. There were 329 clips that
were disqualified due to tie. Lastly, 462 clips from nonstandard
views were removed, leaving 1,514 qualified clips in the final la-
beled data set. The set contained 1,399 passing and 115 failing
clips. Among these valid clips, 245 unique clips had at least 2 an-
notations from different clinicians. Based on this subset, we esti-
mated an average 94.4% agreement between pairs of coders on
the pass/fail prediction. The set had a Krippendorff α of 66%, in-
dicating satisfactory agreement. Precision, sensitivity, and speci-
ficity were computed for each pair of coders. This was used to
compare coder agreement with model performance.This was per-
formed by treating one coder as the ground truth and the other as
themodel. The roles of the coders were then swapped; the average
of the two values was taken. Finally, the average of the scores
across pairs of coders was obtained, weighing each pair by the
number of mutually labeled samples. This resulted in an average
precision of 52%, a sensitivity of 72%, and a specificity of 97%.
These results represent the upper bound of the performance we
could expect to obtain from an AI model.
3
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TABLE 1. Analysis of Red Exemplar Points From Figure 3

Decision Threshold Precision Sensitivity Specificity

0.25 58% 43% 99%

0.015 19% 81% 85%

0.0074 16% 94% 79%

Physician agreement 52% 72% 97%

Each row corresponds to choosing a different decision threshold and represents a differ-
ent tradeoff between the precision and sensitivity with which our model identifies failing ex-
aminations. The final row marked “physician agreement” records the average precision, sen-
sitivity, and specificity scores estimated from our physician-labeled consensus set for
comparison.
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Figure 3 quantifies the performance of the model for iden-
tifying failing clips. The model does not directly output a pass/
fail prediction for a clip. Rather, it outputs a confidence score
ranging from 0 to 1 with 1 being most confident that a clip is
of failing quality. Tomake predictions, a decision threshold must
be applied between 0 and 1. Tuning this threshold leads to differ-
ent performance tradeoffs as shown by the curves in Figure 3.
For high-decision thresholds, the model is very precise but lacks
sensitivity (left side of plot). For low-decision thresholds, the
model lacks precision but has high sensitivity (right side of plot).
The decision threshold can be tuned to achieve the desired
tradeoff between precision and sensitivity.

Table 1 examines the tradeoffs represented by the three red
points from Figure 3. These decision thresholds are points along
the curve shown in Figure 3 where there are no other points that
have higher values of both precision and sensitivity. As the pre-
cision decreases, the sensitivity increases. Specificity levels re-
main relatively high even for the highest sensitivity exemplar.
These results represent a dramatic improvement over naively
searching for failing examinations by examining random clips
with uniform probability. In that case, a reviewer would, on aver-
age, examine roughly 25 clips for every 1 failing clip identified.
In contrast, using our modelwith a decision threshold of 0.015, a
reviewer would examine roughly five clips for every one failing
clip— a fivefold reduction in clips reviewed while still correctly
Figure 3. The precision of themodel at increasing levels of sensitivity
rate at which clips predicted failing are actually failing according to h
failing clips identified as such by themodel. The curve was generated b
horizontal dashed line represents the expected precision when random
failing clips in our data set. The red exemplar points represent reasona
in Table 1.

4

identifying 85% of passing clips. The model at decision thresh-
old 0.25 has somewhat better precision and specificity than the
human annotators but at a lower sensitivity. From this, one can
conclude that the model performs near the limit set by the con-
sensus among the physicians.
DISCUSSION

The routine collection of FAST examinations serves as a
cornerstone for swift triage in trauma centers. Post hoc evalua-
tions of these examinations are undertaken to ensure quality
and to credential providers. While the 2022 Standards for the
for the identification of failing quality clips. Precision quantifies the
uman annotators. Sensitivity quantifies the proportion of actually
y tuning the decision threshold onmodel confidence scores. The
ly guessing clips are failing with probability equal to the share of

ble tradeoffs between precision and sensitivity as explored further

© 2024 Wolters Kluwer Health, Inc. All rights reserved.
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Optimal Resources for the Care of Injured Patients presently do
not mandate trauma programs to review ultrasound images for
quality assurance, Emergency Medicine has been more vocal
in advocating for bedside imaging training and quality assess-
ment requirements. The American College of Emergency Physi-
cians, through the Clinical Ultrasound Accreditation Program,
oversees local ultrasound programs' compliance with national
standards for routine review and quality enhancement.10,11

Currently, the predominant grading scale for assessing im-
aging quality is the 5-point Emergency Ultrasound Standard
Reporting Guidelines (Fig. 3). However, its main drawback lies
in its poor interrater reliability, mainly because of the absence of
a clearly defined “minimum criteria for diagnosis” within the
reporting guidelines.

Conversely, the Quality of Ultrasound Imaging and Com-
petence (QUICk) score demonstrates good interrater reliability
in evaluating the quality of ultrasound images.7 Comprising a
global rating scale and a task-specific checklist, the QUICk
score assesses both the performance quality, such as probe posi-
tioning and gel application, and the task-specific elements cru-
cial for image quality, clearly delineating the requisite ultrasound
views for each FAST examination section. Nevertheless, the
QUICk score was not explicitly designed for routine review
and quality improvement of ultrasound images.7,12 Some com-
ponents, focusing on image orientation rather than the direct
identification of anatomical features, might cause deviations
from strict assessment protocols to impact assessment scores.

In our approach, we amalgamated elements from both the
widely adopted Emergency Ultrasound Standard Reporting
Guidelines and the anatomic features of the QUICk score to pre-
cisely define the segments of the FASTexamination that meet the
“minimum criteria for diagnosis.” Coders, with minimal training,
achieved an 80.3% accuracy in annotating pass/fail quality for
each video. With subsequent rounds of training, this accuracy
surpassed 90%, demonstrating strong agreement among experi-
enced sonographers. However, accuracy declined among least ex-
perienced sonographer, potentially because of skill degradation
over time or the challenges posed by evaluating numerous videos.
This hybrid approach leverages the strengths of existing grading
systems to establish a more comprehensive and precise frame-
work for assessing FASTexamination quality, exhibiting promis-
ing accuracy levels even with minimal training.

The academic literature and commercial domain have es-
tablished a robust foundation for applying machine learning to
medical imaging tasks.13–16 These machine learning applica-
tions aim to automate traditional human expert–led medical im-
age analyses, typically performed by professionals like sonogra-
phers or radiologists. Through a training process involving the
collection of medical imagery and expert manual annotations,
machine learning systems seek to approximate human expertise.
These applications hold promise in reducing manual human ef-
fort required for delivering expert medical care across diverse
care facilities, potentially mitigating human error.17

The domain of ultrasound imagery has notably attracted
machine learning applications, leveraging the widespread use
of ultrasound devices alongside enhanced computational capa-
bilities to advance health care delivery. Sjogren et al.18 success-
fully applied a traditional machine learning approach to segment
free fluid in image frames extracted from FAST examinations.
© 2024 Wolters Kluwer Health, Inc. All rights reserved.
More recently, Kornblith et al.19 used a deep learning approach
for FAST view classification, providing model predictions for
both static frames and video clips via aggregation. Differing
from these studies, our research emphasizes the quality assess-
ment of FASTexaminations based on one or multiple ultrasound
videos per patient. To our knowledge, despite precedents in re-
lated contexts,20–23 no study has explored the application of ma-
chine learning specifically to assess the quality of individual
FAST examination videos for adult trauma patients.

In our study, the performance of the trained AI model in
classifying pass and fail FAST ultrasound images demonstrated
comparable accuracy with that of physicians trained to grade
these images using the IQ FAST criteria. Because of the limited
representation of failing examinations in the data set, our AI
model demonstrated a heightened level of uncertainty when cat-
egorizing examinations that fell within the margins of passing or
failing grades.

In its present state, the effective utilization of this AI model
necessitates a strategic approach in handling instances where the
model exhibits high uncertainty in grading images. To ensure com-
prehensive coverage of failing data, expert reviewers would need to
focus on the segments where the AI demonstrates uncertainty. Spe-
cifically, for capturing 80% of the failing data, reviewing an addi-
tional five videos is required to identify a failing video. Elevating
this coverage to 94% necessitates a slightly higher review rate of
approximately six additional videos for the identification of a fail-
ing video. This strategy aims to compensate for the model's uncer-
tainty by leveraging human expertise in pinpointing the nuanced
cases where the AI exhibits ambiguity, ensuring a more compre-
hensive and accurate assessment of failing data.

Implementation of AI to the quality review process for
FAST images yields a remarkable reduction, up to 80%, in the
number of videos physicians would need to review. Further-
more, continual evaluation and review of images identified as
uncertain by the AI are expected to contribute to the model's on-
going refinement, potentially leading to a further reduction in
the number of videos necessitating physician review.We are cur-
rently working with our institution to create the software neces-
sary to make this AI model widely available. This new software
must be developed to seamlessly interface between existing cen-
tralized ultrasound repositories while ensuring protection of pa-
tient information. Future studies should include training experi-
enced sonographers at other institutions the IQ FAST criteria
and comparing our AI modelwith the graded FAST images from
multiple institutions.

CONCLUSION

In conclusion, the integration of AI holds significant
promise in improving the accurate evaluation of FAST images
while simultaneously alleviating the workload burden on expert
physicians. The next step is to develop the necessary software to
incorporate the AI evaluation of images to the retrospective re-
view process for FAST images.
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