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Supplementary Methods 

Image Beam Isolator Method 

In order to remove extraneous information, an algorithm was written to isolate the ultrasound beam from the rest of 

the image by mask. This algorithm was designed to be generalizable to ultrasound beams of all widths and positions 

as different machines have different interfaces. To allow the isolation algorithm to find the best quality mask, the 

largest continuous contour was detected using classical computer vision techniques for every frame in a video, and 

the frame with the largest contour was used for calculations of the ultrasound beam. The two linear edges were 

derived by finding every point on the contour that was both the top-most and left- or right-most in every column and 

row, and finding two lines of best fit for both sets of points.  The bottom circular edge was then calculated using the 

intersection of these two lines as the vertex, and fitted to all the bottom-most points on the contour. A mask was 

generated using these edges and subsequently applied to every frame in the video, as all frames in the same video 

had the beam in the same position.  If the algorithm was unable to find a matching ultrasound beam within 

empirically determined limits due to poor-quality beams, it reverted to using the contour as the mask. This technique 

was successful at removing information outside of the ultrasound beam and preserving information that may have 

been left out by the contour; unfortunately, text or interface artifacts contained within the beam (a very uncommon 

occurrence) were retained by the algorithm. Figure S1 depicts this process. 

 

Model Architecture Selection 

Figure S2 provides an overview of our process for this phase and the model validation phase.  Transfer learning 

(TL) is a technique that utilizes previously learned weights from a neural network trained on a separate problem and 

has previously shown success with CNNs for other ultrasound classification problems. Initial TL trials involved 

fine-tuning common architectures that included ResNet50V2, ResNet101V2, VGG16, InceptionV3, 

InceptionResNetV2, MobileNetV2 and Xception. After iterating through these architectures using training 

experiments, Xception achieved highest performance on different validation subsets and on the test-1 set. The 

model’s weights were initialized with weights originating from an Xception model that was pre-trained on 

ImageNet19, which are freely available via TensorFlow. Pre-trained weights from the fully connected layer of 

TensorFlow’s Xception model were left out, as we investigated different options for fully connected layers that 

follow the convolutional layers. Multiple sets of hyperparameters were trialled. 

 

 

Model Training, Code and Hardware 

The CNN was trained using the Adam optimizer with a learning rate (𝛼) of 1 × 10-6 to minimize the binary cross-

entropy loss function. The magnitude of the loss function for any particular prediction during training was weighted 

by the representation in the dataset of each class. We employed early stopping with a patience of 3 epochs, 

conditioned on validation loss, as a means of regularization. 
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All code was written in Python 3.7. The TensorFlow open source machine learning platform (www.tensorflow.org) 

was used to define and train the CNN model. Our GitHub repository contains the code used to generate the results 

presented in this paper and can be seen at https://github.com/bvanberl/covid-us-ml. 

In-house hardware used for training experiments included a personal computer running Windows 10, equipped with 

an Intel® Core i9-9900K® processor at 3.6 GHz and a NVIDIA® GeForce® RTX 2080 Ti GPU with 11GB of 

memory. Three virtual machines (VMs) were also employed for training experiments. Each VM was running 

Ubuntu 18.04 LTS Server. The VMs had access to NVIDIA® Tesla T4 GPUs, each with 16GB of memory and novel 

Tensor Cores. One VM had 5 such GPUs and the others had 3. Care was taken to optimize the use of the Tensor 

Cores on the T4 GPUs by setting the data types of some variables in the neural network model to be 16-bit floating-

point, thereby further accelerating training experiments. 

Model Validation Methods 

Expanding on the validation methods in our manuscript.  At the start of each training experiment, the training set 

was randomly split into a training subset and a validation subset. As a result, the validation subset differed in each 

successive experiment. Since early stopping was employed, the validation subset was inherently involved in the 

model selection process. After each training experiment, the model was assessed based on its performance on the 

validation subset and the test-1 set. In this way, test-1 was used for model selection with the dynamic validation 

subsets. Once settled on a model architecture with a particular set of hyperparameters, we entered the model 

validation phase. To train the final model, we combined the training set and test-1 to form a larger training set, 

which was subsequently split into a training and validation subset for the final experiment. Once training was 

complete, the trained model was evaluated by calculating performance metrics from its predictions on the examples 

in the test-2 set. A summarized form of the sets used can be found in Table S2. 

Human/Machine comparison and Monte Carlo Simulation 

 

Although all three AUCs obtained by the physicians reached the 0.7 threshold associated with acceptable 

discrimination, the ROC curves and their associated scores actually suggest that physicians have very limited to no 

ability in distinguishing between COVID and NCOVID. All three AUCs were driven by the physicians’ ability to 

separate HPE from the other two classes. When the positive class is either COVID or NCOVID, the top right part of 

the ROC curve clearly exceeds random performance. The high level of performance associated with this section 

occured because very few physicians diagnosed COVID/NCOVID ultrasounds as HPE. Consequently, even with a 

low threshold probability, HPE ultrasounds were accurately identified as part of the negative class, reducing the 

false positive rate while the sensitivity remained high. This section of the curve inflated the AUC above random 

performance. The physicians’ ability to distinguish between COVID and NCOVID is better represented by the 

bottom left part of the ROC curve. When either COVID or NCOVID is the positive class, the bottom part of the 

curve approximately follows along the 45° line associated with random performance. 

 

We used two different approaches to adjust the survey data in order to quantitatively validate the above qualitative 

observations. Both were designed to remove HPE, converting the problem to a binary (COVID vs NCOVID) 

problem. The first approach was the same as the one described in the Human Benchmarking section, where 

physician diagnoses that were no longer relevant (in this case, HPE) were removed and replaced with randomly 

generated diagnoses from the remaining candidates. The second approach conditioned the physicians’ aggregate 

diagnosis on the knowledge that the ultrasound was not HPE. The AUCs obtained from these two procedures were 

0.455 and 0.429 respectively, both below the 0.5 threshold associated with random performance. 

 

In order to perform a statistical test comparing the model’s results to human performance, and in particular to test if 

the model was able to distinguish between COVID and NCOVID, we performed a Monte Carlo Simulation (MCS). 
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For the MCS, we used a classifier that perfectly separated HPE from COVID and NCOVID (i.e., all HPE cases were 

predicted as HPE with a probability of one and all COVID/NCOVID cases were assigned zero probability of being 

HPE), but guessed when deciding between COVID and NCOVID. For the COVID and NCOVID cases, the 

predicted probability of the observation belonging to the COVID class was drawn from a Uniform(0, 1) distribution 

and the remaining probability was assigned to the NCOVID class. This classifier provided an upper bound on 

performance for a model unable to distinguish between COVID and NCOVID (i.e., an upper bound on human 

performance). Thus, if a model is shown to outperform this model, it must be able to distinguish between COVID 

and NCOVID. We simulated the performance of this classifier on our testing dataset one million times in order to 

obtain the distribution of its overall AUC. The results are shown in Figure S3, with the dashed line representing the 

AUC of the CNN. The unusual distribution was caused by a correlation of 1.0 between the AUCs when COVID and 

NCOVID were the positive class. The results indicate that the model outperforms this classifier (p < 0.01). 

Therefore, we can comfortably assert that the model outperforms humans and can distinguish between COVID and 

NCOVID. 

 

Supplemental Tables 

Table S1: Demographic information of participants in human benchmarking survey  

 

  Total number (%) 

Total number of participants 61 

Level of Training   

     Attending Physician 28 (45.9) 

     Sr. Resident 33 (54.1) 

Experience with POCUS (yrs)   

    <1 3 (4.9) 

     1-3 23 (37.7) 

     3-5 22 (36.1) 

    5-10 7 (11.5) 

     >10 6 (9.8) 

Specific POCUS training   
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     None 0 

     POCUS fellowship 14 (23) 

     POCUS residency elective 49 (80.3) 

     Live POCUS course 43 (70.5) 

     Online POCUS course 11 (18) 

Comfort with lung ultrasound (LUS)   

     Very comfortable, routine use 44 (72.1) 

     Somewhat comfortable 16 (26.2) 

     Limited comfort 1 (1.6%) 

     Not comfortable with use 0 

Specific applications of LUS used   

     Pneumothorax 54 (88.5) 

     Pleural effusion 61 (100) 

     Interstitial syndrome 61 (100) 

     Consolidation (Pneumonia/atelectasis) 52 (85.2) 

Comfort in distinguishing hydrostatic pulmonary edema 

versus infectious/inflammatory etiologies 

  

     Yes 45 (73.8) 

BMJ Publishing Group Limited (BMJ) disclaims all liability and responsibility arising from any reliance
Supplemental material placed on this supplemental material which has been supplied by the author(s) BMJ Open

 doi: 10.1136/bmjopen-2020-045120:e045120. 11 2021;BMJ Open, et al. Arntfield R



BMJ Publishing Group Limited (BMJ) disclaims all liability and responsibility arising from any reliance
Supplemental material placed on this supplemental material which has been supplied by the author(s) BMJ Open

 doi: 10.1136/bmjopen-2020-045120:e045120. 11 2021;BMJ Open, et al. Arntfield R



 
 

Figure S2: Workflow applied for the model selection and model validation phase of this project. 
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Figure S3: A histogram displaying the results of the MCS with one million runs. The vertical dashed line represents 

the performance of the neural network. 
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