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Synopsis
Artifacts from neural network reconstructions are di�cult to characterize. It is important to assess the image quality in terms of the task for which the images will be used. In this
work, we evaluated the e�ect of undersampling on detection of signals in images reconstructed with a neural network by both human and ideal observers. We compared these
results to standard metrics (SSIM and NRMSE). Our results suggest that the undersampling level chosen by SSIM, NRMSE and ideal observer would likely be di�erent than that of a
human observer on a detection task for a small signal.

Purpose
Undersampling during data acquisition in magnetic resonance imaging (MRI) reduces the time the patient is in the scanner. The larger the undersampling, the larger the time
reduction. This reduction also comes at a cost in terms of image quality, typically thought of in terms of increased artifacts. Recently, various neural network reconstruction
algorithms have been explored for removal of those artifacts . However, evaluations of reconstructions generally use measures of distance from a fully sampled image e.g.
normalized root mean squared error (NRMSE) or structural similarity (SSIM) . In this work, we evaluate undersampled reconstructions with a U-Net and a SSIM loss function using
task-based assessment of image quality , speci�cally for signal detection. We compared the choice of undersampling that would best balance image quality and acquisition speed
resulting from NRMSE and SSIM with the choice that would arise from detecting a small signal in the reconstructed images by humans and an approximation to the ideal observer .

Methods
We performed retrospective one-dimensional undersampling on fully sampled �uid-attenuated inversion recovery (FLAIR) images reconstructed from the fastMRI open source
dataset . The reconstructions of the fully sampled 320 x 320 background images were generated in the BART environment from the multi-coil data by R=1 SENSE combination with
coil maps estimated via the sum of squares approach using the central 16 k-space lines . In order to generate the fully sampled images with the signal, the multi-coil k-space data of
the signal (a small disk with radius = 0.25 pixels blurred by a Gaussian kernel, σ=1 pixel) was added to the background image data before reconstruction. Once the fully sampled
images single coil images where obtained, the undersampling for the di�erent accelerations were done from the single coil image. We kept 16 k-space lines around the zero
frequency (5% of the data) and everywhere else collected every k line with k = 2,3,4 and 5 (Figure 1). A U-Net  with 64 channels in the �rst layer, a 0.1 dropout and a 1-SSIM loss was
used but with a ReLU and sigmoid activation functions at the end (Figure 2). We ran a 5-fold cross validation study with 500 background images to evaluate the undersampling
based on SSIM and NRMSE. The standard deviation for these metrics were computed from the �ve folds. 

For the observer studies, we trained the network on all 500 background images used in the cross-validated study and used the network to reconstruct the under-sampled data from
50 testing images. Four signals were placed in each background image to generate 200 sub-images (matrix size 128 x 128) for use in the observer studies. Each background and
signal combination was generated separately to avoid possible interaction between the signals. Four human observers were trained for performing the two-alternative forced-
choice (2AFC) trials in which the observer determines which of two locations contains the signal (Figure 3) . From a detection task-based perspective, our measure of image quality is
the fraction of times that the observer correctly detects the signal, i.e. the fraction correct (FC). The signal amplitude was chosen to result in a reasonable range of fraction correct
for the human observer study (about 0.84 in the 3x observer trial). An ideal observer has the largest true-positive fraction for any false-positive fraction. We used an approximation
to the ideal observer, the channelized Hotelling observer with Laguerre Gauss (LG-CHO) channels . The standard deviation for the fraction correct for the human observer study was
computed using the four observers. For the LG-CHO, the standard deviation was computed using 10,000 bootstrap samples.

Results & Discussion
The results from the cross-validation and observer studies are summarized in Table 1. Using a 2-AFC detection task with human observers leads to a more conservative
undersampling than what would likely be chosen with LG-CHO, NRMSE or SSIM. Sample images which illustrate the results at the di�erent levels of undersampling are shown in
Figure 4. In these images we observe a decrease in visibility of the signal and an increase in artifacts as the undersampling increases. These images allow for a subjective evaluation
of the image quality for that speci�c image but to evaluate image quality for the reconstruction method it is necessary to evaluate the performance over an ensemble of images. In
particular, one would not necessarily choose the same level of undersampling based on these images compared to what would be chosen by the 2-AFC study. Future work will
include using a larger training set, an L2 loss function for the U-Net, other network architectures, model observers to predict human performance and tasks involving signal and
location uncertainty.

Conclusion
Our results suggest that the undersampling level chosen by SSIM, NRMSE and LG-CHO would likely be di�erent than that of a human observer on a 2-AFC task for detection of a
small signal. This implies that a task-based approach to image quality can provide choices in acquisition which are di�erent than error metrics (NRMSE), general metrics of image
quality (SSIM) or even ideal observers for 2-AFC tasks (LG-CHO) when the tasks are carried out by human observers.
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Figure 1. 3x Sampling mask

Figure 2. U-Net Diagram. For this study x = 64 channels and a 0.1 dropout was used.

Figure 3. Sample 2AFC trial where a subject chooses which of the two images contains the signal in the middle. Each of the 4 observers conducted 200 trials for each amount of
undersampling.

Table 1. Results table for the sampling schemes. For each value in the table, the format is mean/standard deviation. If we look for a drop in image quality based on the di�erent
metrics, SSIM, NRMSE and LG-CHO would suggest that the �rst large decrease in image quality would be at the 4x undersampling leading to choose a 3x undersampling as a likely
choice balancing speed and image quality. For the human 2-AFC studies, a likely choice would be a 2x undersampling.

Figure 4. Comparison of undersampled images with and without the signal. Choosing a level of undersampling is challenging from a single image. This motivates using observer
studies which use 200 images to evaluate image quality of a reconstruction. The images for 4x undersampling develop artifacts that look like structures not present in the fully
sampled image.


