Using Artificial Intelligence To Guide Proper Probe Positioning on Ultrasound
Videos of the Abdominal Wall
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Materials Methods

Motivation

+ Low back pain (LBP) is one of the move 1. Segmentation + Classification 2. Training and Prediction with EfficientVit
prevalent musculoskeletal (MSK)'relatEd 10 ultrasound videos were taken from 13 subjects. The videos i o . : : . :
diagnoses in military population. w : : e e EfficientVit: hybrid of convolution and = e L
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segmenting and identifying medical images : - | : : - | -
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Frame-by-Frame Labeling

Generation of Muscle thickness:

* Long Axis calculated as the regression line through the abdominal muscle points. The
thickness was then determined by finding the tallest orthogonal line near the center of the
muscle. Conversion ratios were taken from the source files.

Goal: Evaluate the efficacy of EfficientVit
for the classification of ultrasound

videoframes based on probe positioning. o et o e
Rotation: “Ideal” Rotation: “Clockwise" Rotation: "Ideal"

Tilt: "Ideal” Tilt: "Ideal" Tilt: "Ideal" Tilt: “Up” * DICE Scores were also calculated as a measure of accuracy and specificity.

Pan: "Medial“ Pan: “Ideal”
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Discussion

* EfficientVit demonstrated a high level of accuracy across the 130 videos. However, in both

Resu ItS Performance Metrics Classification Distribution across Three Videos

Probe Position Accuracy F1 AUC . o Rotation and Tilt, the F1 scores comparatively underperformed. This is likely due to the
Mediolateral Position (Overall) 0.94 0.83 0.88 ) prevalence of Ideally labeled frames compared to mistaken ones.
Lateral 0.96 0.80 0.85
Medial 0.98 0.91 0.93 f * To improve classification of frames depicting improper position, possible methods to explore in
Rotation (Overall) 0.93 0.75 0.69 - = Medial the future to improve detection involve increasing the proportion of these frames, either by
Clockwise 0.96 0.65 0.70 o Light Red = Lateral artificially making them appear more often in the training data or by recording improper
Counterclockwise 0.94 0.96 0.68 E e Dark Red = Clockwise frames for longer.
Tilt (Overall) 0.91 0.71 0.71 E : Teal = Counterclockwise
Downwards 0.97 0.59 0.66 .. Purple = Up * The method of frame level classifications is nevertheless unique and can be applied to many
Leftwards 0.98 0.68 0.73 "o Dark Green = Down situations.
Rightwards 0.98 0.66 0.70 = Right
Upwards 0.97 0.68 0.75 Orange = Left

Grey = ldeal
Fig 1. Performance metrics for EfficientVit Classification depicted through
Accuracy, F1, and AUC. Overall the model demonstrated high accuracy across all
position classifications. F1 Score was comparatively lower.
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Summary

EfficientVit demonstrated that it is capable of depicting accurate results, but more work needs to
be done in order to determine the effect of using comparatively larger number of ideal frames
Fig 2. The above diagram is a visual representation of the EfficientVit predictions for each compared to those depicting ultrasound mispositioning.

frame for three different videos. The Odd-numbered rows are the ground truth labels,

and the even-numbered rows are the predictions. Overlapping colors represents

agreeance.

ROC — Rotation (test, pooled) ROC — Mediolateral Position (test, pooled)

ROC —Tilt (test, pooled)
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