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Abstract

Background: Accurate interpretation of meniscal anomalies on knee MRI is critical for diagnosis and treatment planning, with artificial intelli-
gence emerging as a promising tool to support and enhance this process through automated anomaly detection.

Purpose: To evaluate the impact of an artificial intelligence (Al) anomaly detection assistant on radiologists’ interpretation of meniscal anomalies
in undersampled, deep learning (DL)-reconstructed knee MRI and assess the relationship between reconstruction quality metrics and anomaly
detection performance.

Materials and Methods: This retrospective study included 947 knee MRI examinations; 51 were excluded for poor image quality, leaving 896
participants (mean age, 44.7 + 15.3 years; 472 women). Using 8-fold undersampled data, DL-based reconstructed images were generated. An
object detection model was trained on original, fully sampled images and evaluated on 1 original and 14 DL-reconstructed test sets to identify
meniscal lesions. Standard reconstruction metrics (normalized root mean square error, peak signal-to-noise ratio, and structural similarity index)
and anomaly detection metrics (mean average precision, F1 score) were gquantified and compared. Two radiologists independently reviewed a
stratified sample of 50 examinations unassisted and assisted with Al-predicted anomaly boxes. McNemar's test evaluated differences in diag-
nostic performance; Cohen’s kappa assessed interrater agreement.

Results: On the original images, the anomaly detection model achieved the following: 70.53% precision, 72.17% recall, 63.09% mAP, and a
71.34% F1 score. Comparing performance among the undersampled reconstruction datasets, box-based reconstruction metrics showed better
correlation with detection performance than traditional image-based metrics (MAP to box-based SSIM, r=0.81, P<.01; mAP to image-based
SSIM, r=0.64, P=.01). In 50 participants, Al assistance improved radiologists’ accuracy on reconstructed images. Sensitivity increased from
77.27% (95% Cl, 65.83-85.72; 51/66) to 80.30% (95% Cl, 69.16-88.11; 53/66), and specificity improved from 88.46% (95% Cl, 83.73-91.95;
207/234) t0 90.60% (95% Cl, 86.18-93.71; 212/234) (P < .05).

Conclusion: Al-assisted meniscal anomaly detection enhanced radiologists’ interpretation of undersampled, DL-reconstructed knee MRI.
Anomaly detection may serve as a complementary tool alongside other reconstruction metrics to assess the preservation of clinically important
features in reconstructed images, warranting further investigation.
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Abbreviations

MRI = magnetic resonance imaging; Al = artificial intelligence; DL = deep-learning; CNN = convolutional neural network; SSIM = struc-
tural similarity index measure; PSNR = peak signal-to-noise ratio; nRMSE = normalized root mean squared error; mAP = mean average
precision; MICCAIl = Medical Image Computing and Computer Assisted Interventions; FSE = fast spin echo; DICOM = Digital Imaging
and Communications in Medicine.

Summary

Al-assisted meniscal anomaly detection aids radiologists in reading undersampled, deep learning-reconstructed knee MR images, enhanc-

ing diagnostic accuracy.

Key Results

* Meniscal anomaly detection was performed similarly across 14 different undersampled, deep learming (DL)-reconstructed test sets of knee MRI.

* \When evaluating DL-reconstructed images radiologists’ performance improved with Al assistance (accuracy with and without Al,
respectively, of 88.3% [84.21, 91.49] vs 86.0% [81.62, 89.47], P < .05).

¢ Conventional reconstruction metrics showed only moderate correlation with anomaly detection performance compared to region-based metrics.
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Introduction

Meniscal lesions are a significant concern for individuals
experiencing knee pain and represent a leading cause of ortho-
pedic surgical interventions in the United States.! Accurate di-
agnosis of meniscal anomalies is essential for effective clinical
management and improved patient outcomes.

MRI remains a clinically important non-invasive test to di-
agnose meniscal anomalies, providing high-resolution soft tis-
sue contrast.” In recent years, deep learning (DL) models,
including convolutional neural networks (CNNs), transform-
ers, and diffusion models, exhibited remarkable capabilities
in accelerating MR image reconstruction from undersampled
data while preserving diagnostic quality.>™® Many efforts are
now focused on integrating DL-based reconstruction into
clinical workflows.””® Simultaneously, object detection
algorithms, such as Faster R-CNN and YOLO, have shown
promise in medical imaging by automatically identifying
and localizing pathologies, aiding clinical decision-mak-
ing.”~'? Recent studies have demonstrated that artificial in-
telligence (Al)-assisted detection can improve radiologists’
sensitivity and reduce reading times across different levels
of expertise.'?

While DL-based reconstruction continues to evolve, its im-
pact on Al-driven downstream tasks, like object detection
and segmentation, remains understudied.'®*"> Traditional
evaluation metrics for image reconstruction, such as normal-
ized root mean square error (nRMSE), peak signal-to-noise
ratio (PSNR), and structural similarity index measure
(SSIM), focus primarily on image fidelity for visual inspection
by radiologists.'®~'® However, optimizing these metrics alone
may not be sufficient to ensure that anomaly detection mod-
els designed to assist radiologists perform effectively on DL-
reconstructed images. Additionally, prior studies reported
that knee MRI reconstruction models optimized for these
metrics may fail to preserve small meniscal lesions and other
critical structures.'”

Our feasibility study investigates the relationship between
image reconstruction and object detection performance
by assessing whether commonly used reconstruction metrics
correlate with detection accuracy. We hypothesize that
Al-assisted anomaly detection can enhance radiologists’ per-
formance when interpreting reconstructed images and serve
as an additional evaluation tool to assess whether reconstruc-
tion techniques adequately preserve diagnostically important
features in MR images.

Materials and methods
Dataset

This retrospective study was conducted in accordance with a
process approved by the local institution review board with
waived informed consent. In our study, we collected a dataset
of knee MRI examinations from the clinical population at
two University of California, San Francisco (UCSF) imaging
sites between June 2021 and June 2022. These patients pre-
sented a variety of knee abnormalities, including bone, carti-
lage, and meniscal lesions, anterior and posterior cruciate
ligament (ACL and PCL) tears, and ACL-reconstructed
knees. No exclusion criteria were applied upon selection. A
subset of 300 patients from this dataset was previously
reported."’ The prior article detailed results from the Medical
Image Computing and Computer Assisted Interventions
(MICCAI) challenge on developing simultaneous
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reconstruction and segmentation pipelines. In this manu-
script, we developed an automated anomaly detection pipe-
line for analyzing reconstructed images and assisting in
radiological evaluations.

MRI acquisition

3D fast spin-echo (FSE) fat-suppressed images were acquired
using the vendor-specific CUBE sequence (GE Healthcare) on
a GE Discovery MR750 scanner with 18-channel knee trans-
mit/receive coil and the following parameters: repetition time
(TR)/echo time (TE), 1002/29 msec; field of view (FOV), 15
cm?; acquisition matrix, 256 X256 x200; slice thickness,
0.6 mm; echo train length, 36; readout bandwidth, £62.5 kHz;
acceleration, 4x ARC (Autocalibrating Reconstruction for
Cartesian imaging), a parallel imaging technique that reduces
acquisition time by undersampling k-space data while using
coil sensitivities for reconstruction®’; acquisition time, 4 min
58s. Subsequently, an in-house pipeline was developed that
leveraged GE Orchestra 1.10 and other post-processing tools
to reconstruct images from ARC-undersampled k-space data
and store them as Digital Imaging and Communications in
Medicine (DICOM) files with uniform matrix dimensions of
512 x 512.

Annotation

The data were anonymized by removing patient-sensitive in-
formation from the DICOM headers. Annotations were
made using an online platform (MD.ai, New York, NY).
Three radiologists (F.G. with 4years of training, J.L. and
P.G. both with 3 years of training) manually marked all knee
anomalies by drawing bounding boxes on each sagittal image
slice, as shown in Figure S1. To calibrate the annotation pro-
cedure, the radiologists initially evaluated 15 cases together.
The readers were then assigned nonoverlapping examinations
and instructed to specify the anatomical location of the pa-
thology when labeling the bounding boxes. This study fo-
cused on lesions in 6 meniscal compartments: the medial and
lateral meniscal horns and bodies. The labels served as the
ground truth for anomaly detection evaluation. The radiolog-
ists also identified cases with insufficient image quality for
annotation. A full list of labels and counts is in Table S1.

Anomaly detection pipeline

A Faster R-CNN object detection model was used to detect
anomalies on sagittal 2D image slices.'! All meniscal anom-
aly labels were considered a single class for training purposes.
The dataset was split into 80% training, 10% validation, and
10% testing partitions on the patient level, ensuring no data
leaked between the splits. The training was conducted on two
Tesla V100 32GB NVIDIA GPUs for a maximum of
30 epochs.

Detection performance was evaluated using precision, re-
call, mean average precision (mAP), and F1 score. True posi-
tive (TP) predictions were defined as those where the overlap
between the predicted and actual anomaly regions, quantified
by Intersection-over-Union (IoU), was at least 20%.
Additionally, the confidence score for TPs was set above
70%, ensuring the model’s certainty.

A detailed description of data fractionation, data augmen-
tation,”’ normalization, bounding box upsampling, and the
full list of adjustable training parameters are provided in
Appendix S1 and Table S2. The source code is available at
https://github.com/konnatick/detection_project.
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Detection evaluation on reconstructed images

To assess the performance of anomaly detection on recon-
structed images, we created 14 additional DL-reconstructed
test sets using an in-house pipeline featuring 8x accelerated
image reconstruction.””> Each set included normalized
reconstructed images for the same patients as in the original
detection test set, representing the inference results of KIKI-
inspired I-Net*? and similar architecture UNet models trained
with specific combinations of common loss functions. We
also generated zero-filled and fully sampled sets for compari-
son. More details are available in Appendix S1.

We used 3 standard metrics to evaluate reconstruction per-
formance: nRMSE, PSNR, and SSIM. Reconstruction metrics
were calculated using 2 approaches: a standard method based
on the entire 3D image volume and an alternative method fo-
cused on pixels within predicted bounding boxes. The calcu-
lation algorithm is detailed in Figure S2. Object detection
metrics were also computed for all reconstructed sets to eval-
uate the possible link between reconstruction performance
and object detection outcomes.

Al-assisted reading

To assess the impact of an Al assistant on reading results, 2
radiologists (Z.A. with 10years of clinical experience and J.
L. with 3years of experience) each independently evaluated
50 studies with 10 overlapping to assess interrater variability.
The case selection scheme is shown in Figure 1. Random
stratification was applied to ensure a diverse distribution of
predictions from the anomaly detection model in each set of

Total

30 studies: 16 TPs with at least 1 lesion per patient, 6 false
positives (FPs), and 8 anomaly-free cases.

Each radiologist was tasked with identifying pathologic or
non-pathologic conditions in the 6 meniscal compartments
under 4 conditions: original DICOM images (ground truth),
reconstructed images without Al assistance, and original and
reconstructed images with Al assistance using predicted
anomaly boxes. The selection of the reconstructed image set
for this analysis was based on the highest SSIM score.
Readings were conducted using MD.ai, with a 2-week wash-
out period between sessions. Additionally, 2 weeks after the
readings, an expert radiologist (Z.A.) compared the results of
readings performed on original images with and without
boxes to identify any anomalies that may have been missed
during the initial ground truth annotation. This experiment
was conducted more than a year after the initial dataset an-
notation by J.L., which minimized the reader’s bias.

Statistical analysis

Spearman’s correlation and its corresponding P-value were
employed to assess the relationships between reconstruction
and detection metrics. Additionally, one-way ANOVA was
performed to compare the means of metrics’ distributions,
followed by a post hoc pairwise #-test to determine any devi-
ating groups. The statistical significance of Al-assisted read-
ing results was evaluated using McNemar’s test, which
assesses changes in paired categorical data, making it well-
suited for comparing radiologists’ decisions with and without
Al assistance. Cohen’s kappa was used to assess interrater

50 cases
- 26 true positives

- 10 false positives
- 14 true negatives

Radiologist 1

Radiologist 2

Set 1
20 cases
- 10 true positives
- 4 false positives
- 6 true negatives

Shared set
10 cases
- 6 true positives
- 2 false positives
- 2 true negatives

Set 2
20 cases

- 10 true positives

- 4 false positives

- 6 true negatives

Metrics

- Accuracy = (TP+TN) / (TP+FP+TN+FN)

- Precision = (TP) / (TP+FP)

- Sensitivity (Recall) = (TP) / (TP+FN)

- Specificity = (TN) / (TN+FP)

- F1 Score = 2 x (Precision x Recall) / (Precision + Recall)

Figure 1. Study design for the Al-assisted radiologist reading experiment. A total of 50 knee MRI cases were evaluated, including 26 true positives (TP),
10 false positives (FP), and 14 true negatives (TN). Each radiologist reviewed 30 cases: 20 unique to their set and 10 shared cases to assess interrater
agreement. True positives (TP) represent lesions correctly detected by the model, while false positives (FP) correspond to incorrectly detected lesions
that were not present in the ground truth. TN indicate cases correctly identified as anomaly-free. Radiologists’ performance metrics, including accuracy,
precision, sensitivity (recall), specificity, and F1 score, were calculated based on the confusion matrix.
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reliability, with z-test applied to compare changes.”** A

post hoc power analysis using a two-proportion z-test was
conducted to assess the sample size for the reader study.

Results
Dataset characteristics

A total of 947 knee MRI examinations were obtained; 51
were excluded due to poor image quality caused by motion
artifacts or an incorrect imaging sequence, leaving a dataset
of 896 examinations (175 492 slices). Of these, 406 patients
had at least 1 meniscal abnormality, yielding a total of
18 059 bounding boxes drawn, and others had healthy me-
nisci. The mean age was 44.7 = 15.3 years, the mean weight
was 74.8+15.8kg, and 52.7% (472 of 896) were females.
The database flowchart is shown in Figure 2. Additional de-
mographic characteristics of data partitions are summarized
in Table 1.

Anomaly detection and reconstruction performance

The anomaly detection model achieved the following results
on original images: 70.53% precision, 72.17% recall,
63.09% mAP, and a 71.34% F1 score. For a summary and
examples of its performance on reconstruction test sets, refer
to Table 2 and Figure 3. Faster R-CNN performed well on
reconstructed test sets, revealing strong correlations between
box-based nRMSE, PSNR, and standard reconstruction met-
rics (r=1.00, P<.05 for both metrics). Box-based SSIM
exhibited a robust correlation with image-wide SSIM
(r=0.76, P <.05). Moderate to strong correlations were ob-
served between anomaly detection performance metrics
(mAP, F1 score) and reconstruction quality indicators such as
nRMSE and PSNR. Notably, image-based SSIM demon-
strated only a moderate or insignificant correlation with de-
tection metrics (mAP: r=0.64, P<.05; Fl: r=0.38,
P> .05), whereas box-based SSIM exhibited a stronger corre-
lation (mAP: r=0.81, P <.05; F1: r=0.65, P <.05). Further

Study inclusion/exclusion

Knee MRI scans obtained
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details and visual representations of these relationships are
provided in Figure S3. Additionally, the comparison of mean
values of SSIM, PSNR, and nRMSE calculated separately for
slices with TP, FP, and false negative (FN) predictions did not
reveal any significant patterns that would suggest a strong
predictor of detection performance. An example of this
analysis is presented in Figure 4, with plots for other recon-
struction models depicted in Figure S4. No significant corre-
lation was observed between image-based reconstruction
metrics and prediction confidence scores, as demonstrated in

Table S3.

Al-assisted reading results

The reconstructed images from the UNet with L1 loss were
selected for assessment because the model showed top results
in both reconstruction and detection evaluation. Reading
results are reported in Table 3. Reading without Al assistance
resulted in fair interrater agreement, as measured by Cohen’s
kappa, for both the original DICOM image set (k=0.41)
and the reconstructed image set (k=0.39). The addition of
anomaly boxes predicted by an Al assistant increased agree-
ment for both sets of readings, resulting in k= 0.60 for the
original image set and k=0.57 for the reconstructed image
set, respectively. However, the P-values from the z-test com-
paring the increase in Cohen’s kappa were above 0.05 in
both cases, indicating that the observed improvements were
not statistically significant, likely due to the small sample size
selected to assess interrater agreement. Radiologists’ overall
performance, as measured by accuracy, precision, recall, spe-
cificity, and F1 score, improved (McNemar’s test P-values
<.05) when reading the reconstructed images assisted with
boxes, as shown in Table 4 and Figure 5. A post hoc power
analysis (80% power, a = 0.05) indicated that detecting a
3% improvement in radiologists’ performance would require
up to 3861 cases, while a 5% improvement would require up
to 1367 cases, with the full analysis provided in Table S4.

n =947
Motion artifacts
< n=30
5l Wrong sequence used
n=21
Y
Total number of studies included
n=_896
Anomaly detection
training scheme
Training Validation Testing
n=716 n=90 n=90

Figure 2. Data flow with study inclusion and exclusion criteria along with the anomaly detection model training scheme.
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The comparison of results from reading original DICOM
images with and without Al-predicted boxes led to the reclas-
sification of FP cases, which were not reported during the ini-
tial annotation, as TPs and the subsequent addition of 17
new lesions to the dataset, with examples shown in Figure 6.
Of note, due to random stratification, the reading set had a
higher proportion of FP cases—instances where the model
detected anomalies not annotated in the initial dataset. This
was a deliberate decision to evaluate whether Al assistance
could enhance the dataset annotation process.

Discussion

In this study, we examine the relationship between image re-
construction and anomaly detection, specifically within the
context of meniscal anomalies on undersampled knee MRI,
aiming to enhance the assessment of reconstruction quality

Table 1. Patient demographics and data partitioning.

Parameter® Training Validation  Testing
Demographic characteristics
Number of patients 716 90 90
Number of females (males) 376 (340) 48 (42) 48 (42)
Mean age (years) 44.2+15.5 48.1=14.8 44.7+14.1
Mean weight (kg) 75.3+15.9 72.7+14.6 73.4:16.0
Anomaly distribution
Number of slices 140 202 17 640 17 650
Anomaly boxes 14 550 1714 1795
Slices with anomaly boxes 12 857 1533 1590

*Age and weight were calculated as mean = standard deviation. Data
partitions were 80% training, 10% validation, and 10% testing.

and to evaluate the utility of the detector for routine clinical
interpretation of DL-based reconstructed images.

Correlation analysis between structural similarity (SSIM)
and object detection metrics highlights anomaly detection as
a valuable tool for evaluating image reconstruction models,
particularly for further image analysis. Our results showed
that box-based SSIM exhibited a stronger correlation with
detection metrics than image-based SSIM, suggesting that
evaluating reconstruction quality in regions containing clini-
cally relevant features may provide additional insights.
Importantly, while conventional reconstruction metrics assess
global image fidelity, anomaly detection directly evaluates
the preservation of diagnostically significant structures.*® To
further explore this, we analyzed mean image-based SSIM
values separately for TP, FP, and FN detection predictions.
No consistent pattern was observed linking higher SSIM val-
ues to an increase in TP detections, though some models
showed significant differences in the mean SSIM of FN pre-
dictions. These findings suggest that anomaly detection offers
a unique perspective in reconstruction evaluation by assessing
the retention of key diagnostic features.

Another discovery from our research is the beneficial im-
pact of Al-assisted anomaly detection on the performance of
radiologists interpreting reconstructed images. The use of Al-
predicted anomaly boxes improved their performance in
terms of accuracy, precision, recall, specificity, and F1 score.
Implementing Al tools like anomaly detection algorithms is
crucial in effectively integrating DL-based image reconstruc-
tion into clinical workflows. This may enhance the diagnostic
accuracy and consensus among radiologists, which can be
variable even among seasoned practitioners.?”

Table 2. Detection and reconstruction performance on undersampled knee MRI.

#  Deep learning Recon image-based metrics® Detection metrics” Recon boxes-based metrics
reconstruction
model nRMSE PSNR SSIM Precision Recall mAP F1 nRMSE PSNR SSIM
1 Zero-filled 0.45+0.12 24.12+1.97 29.36+5.38 83.80 42.04 39.65 55.99 0.45+0.12 12.71+2.34 29.99+10.67
2 UNet (k- space) 0.08+0.05 31.84+2.76 72.61+4.69 61.83 73.06 61.12 66.98 0.08+0.04 20.86+2.47 67.13+9.62
3 UNet (L1 0.02+0.01 36.75+1.97 81.63+2.59° 69.79 71.06 61.48 70.42 0.03+0.02 24.48+2.18 79.65+5.79
4 UNet (SSIM) 0.05+0.02 34.16+1.90 78.82+2.78 67.67 66.29 5692 66.97 0.05+0.02 22.10+2.19 76.50+5.44
5 UNet (L1, k-space) 0.20+0.09 27.93+£3.97 62.91+8.54 71.96 66.43 58.84 69.08 0.20+0.09 16.61+2.93 57.53+11.42
6  UNet (k-space, SSIM) 0.07+0.04 33.09+3.23 75.02+4.79 69.45 70.16 60.60 69.80 0.07+0.04 21.30+2.88 75.54+7.18
7 UNet (L1, SSIM) 0.04+0.02 35.35+2.28 81.27+2.62 67.81 7147 61.43 69.59 0.04+0.02 22.84+2.25 79.64+5.22
8  UNet (L1, k-space, 0.55+0.10 23.09+2.17 38.25+7.48 83.63 49.94 46.02 62.54 0.52+0.08 11.85+2.00 25.34+6.77
SSIM)
9  I-Net (k- space) 0.26+0.13 27.04+4.21 58.02+10.48 68.92 65.26 56.12 67.04 0.26+0.10 15.66+2.90 47.37+12.02
10 I-Net (L1 0.03+0.01 36.08+2.07 74.43+3.37 69.81 70.03 60.66 69.92 0.03+0.01 24.21+2.12 78.81+5.94
11 I-Net (SSIM) 0.04+0.02 34.54+2.57 77.15+3.10 70.20 70.61 61.54 70.41 0.05+0.02 22.40+2.12 77.89+4.88
12 I-Net (L1, k-space) 0.03+0.01 35.81+2.44 76.54+3.47 70.85 68.30 59.52 69.55 0.03+£0.01 24.03+1.98 77.85x5.94
13 I-Net (k-space, SSIM) 0.17+0.11 29.32:4.89 65.05+9.27 73.88 66.68 58.51 70.10 0.16+0.08 17.65+3.63 64.94+10.28
14 I-Net (L1, SSIM) 0.03+0.01 35.44+2.34 72.25+3.81 68.42 71.08 61.02 69.72 0.04+0.01 23.40+2.05 79.15+5.11
15 I-Net (L1, k-space, 0.03+0.01 35.66+2.52 73.82+3.63 69.80 71.21 61.18 70.50 0.04+0.01 23.58+2.08 79.44+5.00
SSIM)
16 Fully sampled — — — 74.70 66.88 59.29 70.57 — — —

Abbreviations: nRMSE = normalized root mean square error, PSNR = peak signal-to-noise ratio, SSIM = structural similarity index measure, reported in %.

All detection metrics are reported in %. mAP = mean average precision, F1 = F1 score.

nRMSE quantifies the average intensity error between reconstructed and reference images, normalized by the image intensity range. PSNR measures the
ratio of maximum signal intensity to noise, expressed in decibels, with higher values indicating better reconstruction quality. SSIM evaluates perceptual
similarity by comparing luminance, contrast, and structure between images, where a value closer to 1 indicates higher similarity.

Precision measures the proportion of correctly identified anomalies (true positives) among all identified anomalies. Recall represents the proportion of

correctly identified anomalies relative to all actual anomalies in the dataset. Mean average precision (mAP) summarizes detection accuracy across a range of
Intersection-over-Union (IoU) thresholds, reflecting how well the predicted anomaly regions overlap with the actual regions. F1 score is the harmonic mean of
precision and recall, balancing these 2 aspects of performance.

“Bold numbers indicate the 2 best-performing reconstruction models based on nRMSE, PSNR, and SSIM, and the 4 best-performing reconstruction models

based on object detection metrics. Note that the UNet with the combined L1 and SSIM loss function was not the second-best performer in the

detection experiment.
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Figure 3. Anomaly detection on undersampled knee MRI datasets. Rows represent 4 different sagittal slices; columns show fully sampled and top 3
reconstruction models’ outcomes. Ground truth boxes are in yellow, and predicted boxes are in blue. Slice 1: the lesion is visible, and the detection
model yielded high-confidence true positive predictions. Slice 2: the lesion is less visible, and predictions are still within the confidence threshold of 0.75
and considered true positive. Slice 3: the lesion is visible; however, the model failed to predict with high confidence. Slice 4: the detection model fails to

predict the lesion’s correct location.

Many factors can affect annotation quality for model train-
ing, including the visualization software and hardware used,
the availability of images from different MRI sequences, the
experience level of the annotators, and potential desensitiza-
tion from reviewing large datasets. Al-assisted anomaly de-
tection can help mitigate these challenges by refining and
validating annotations, ultimately improving dataset quality.
In our study, Al-assisted review led to the addition of 17 pre-
viously unmarked lesions to the initial dataset. This demon-
strates Al’s potential as both a diagnostic aid and a tool for
enhancing ground truth accuracy and assisting in radiology
education.”®=3°

Our study has several limitations. We focused narrowly on
knee MRI examinations featuring meniscal anomalies. Thus,
our findings might not extend as effectively to different ana-
tomical areas or other types of anomalies, such as cartilage
abnormalities. There is a need for future research to test the
wider applicability of our results in various clinical contexts.
Our analysis was conducted on knee MRI data acquired us-
ing a single scanner, protocol, and field strength, which limits
the generalizability of our results. Specifically, we employed a
3D FSE fat-suppressed CUBE MRI sequence that, despite its
effectiveness in our research, might not be the most common
in diverse clinical settings.>"
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Figure 4. The comparison of mean slice-based SSIM with detection performance. Each slice was classified as having true positive (TP), false positive
(FP), or false negative (FN) predictions. A predicted box with a confidence score >0.70 and loU >0.20 was considered a TP. If a slice had multiple types
of predictions, its SSIM was included in each of the 3 groups. One-way ANOVA tests, followed by paired t-tests, were used to determine significant
differences in means, marked with asterisks. The plot displays results for the 2 best-performing reconstruction models based on classic SSIM, with
additional plots shown in Figure S4. The results revealed no specific pattern indicating that classic SSIM significantly influenced TP, FP, or FN predictions.
Among the 14 models analyzed, 8 showed significantly higher mean PSNR for the FP group compared to TP and FN, while 7 models exhibited lower
nRMSE for the FP group. Abbreviations: NRMSE = normalized root mean square error, PSNR = peak signal-to-noise ratio, SSIM = structural similarity

index measure.

Table 3. Confusion matrix for Al-assisted reading of meniscal abnormality on undersampled deep learning reconstructed knee-MRI.

Counts® Combined Radiologist 1 Radiologist 2
Without boxes With boxes Without boxes With boxes Without boxes With boxes

Total labels 300 300 180 180 180 180
Anomaly labels 66 66 30 30 50 50
No anomaly labels 234 234 150 150 130 130
True positives (TP) 51 53 18 23 46 43
False positives (FP) 27 22 11 12 24 17
True negatives (TN) 207 212 139 138 106 113
False negatives (FN) 15 13 12 7 4 7

*Reading was performed on 50 cases, with each radiologist evaluating 30 cases, including an overlap of 10 shared cases. Each radiologist assessed the
presence (1) or absence (0) of a lesion in 6 meniscal compartments: medial anterior horn, medial body, medial posterior horn, lateral anterior horn, lateral
body, and lateral posterior horn. The confusion matrix was generated based on these assessments. TPs are correctly identified lesions, FPs are incorrectly
identified lesions, TNs are correctly identified cases without lesions, and FNs are missed lesions.

While our findings demonstrated successful detection on
both original and reconstructed images, broader validation
across different imaging vendors, magnet strengths, and ac-
quisition settings is necessary. Additionally, since reconstruc-
tion methods inherently alter image characteristics, further
research is needed to determine whether performance differ-
ences arise from reconstruction itself or the model’s ability to
generalize. Future studies should evaluate anomaly detection
models across diverse reconstruction techniques, assess

training models directly on reconstructed images, and test
performance on datasets with varying degrees of im-
age fidelity.

Furthermore, our study relied on older reconstruction
models to integrate image reconstruction with detection pipe-
lines. Newer methodologies, such as variational networks
and transformers, warrant investigation for potentially
deeper insights.®3* Recent literature also indicates that the
loss of fine but clinically significant features could stem from
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Table 4. Radiologist detection of meniscal abnormality on undersampled deep learning reconstructed knee-MRI with Al assistance.

Metric? Combined [95% CI| Radiologist 1 [95% CI] Radiologist 2 [95% CI]

Without boxes With boxes Without boxes With boxes Without boxes With boxes

Accuracy, %  86.00 [81.62,89.47] 88.33[84.21,91.49] 87.22[81.56,91.33] 89.44 [84.10, 93.14] 84.44 [78.44, 89.01] 86.67 [80.93, 90.87]
Precision, %  65.39 [54.33,75.00] 70.67 [59.56,79.76] 62.07 [44.00, 77.31] 65.71 [49.15,79.17] 65.71[54.04,75.75] 71.67 [59.23, 81.49]
Sensitivity 77.27 [65.83,85.72] 80.30[69.16, 88.11] 60.00 [42.32,75.41] 76.67 [59.07, 88.21] 92.00 [81.16, 96.85] 86.00 [73.81, 93.05]
(recall), %

Specificity, % 88.46 [83.73, 91.95] 90.60 [86.18, 93.71] 92.67 [87.35, 95.86] 92.00 [86.54, 95.37] 81.54 [74.00, 87.27] 86.92 [80.05, 91.67]

F1 score®, %  70.83 75.18 61.02 70.77 76.67 78.18
McNemar’s <0.05 <0.05 >0.05 >0.05 <0.05 >0.05
P-value of

the confusion

matrix

Cohen’s kappa 0.39[0.12,0.67]  0.57[0.33,0.81] — — — —

*Accuracy measures the proportion of correctly classified cases out of the total number of cases. Precision indicates the proportion of correctly identified
lesions among all cases classified as lesions. Sensitivity (recall) measures the proportion of actual lesions that were correctly identified. Specificity reflects the
proportion of correctly identified cases without lesions. F1 score is the harmonic mean of precision and recall, providing a balance between false positives and
false negatives. The statistical significance of Al-assisted reading results was determined using McNemar’s test applied to the confusion matrix, which assesses
differences across accuracy, precision, sensitivity, and specificity. The P-values in the table reflect whether the observed variations in performance were likely
due to chance. Cohen’s kappa was calculated based on 10 shared cases between the readers’ datasets to assess inter-reader agreement.

bConfidence intervals are not reported for F1 score as it is a derived metric from precision and recall, which already have their own confidence intervals.

Figure 5. Knee MRI cases where Al assistance improved reader sensitivity and specificity for meniscal lesions. The first column shows the original
images, while the second and third columns display the same reconstructed image without and with model-predicted boxes, respectively. All lesions
shown were already present in the ground truth dataset. An arrow indicates meniscal abnormality. (A) A lesion in the medial posterior meniscal horn was
missed when reviewing the reconstructed image without annotation but was correctly identified with Al assistance. (B) Lesions spanning the lateral
anterior horn and lateral meniscal body were initially overlooked in the reconstructed image but detected when Al predictions were available. (C) A lesion
in the medial posterior horn was missed without Al assistance but recognized when reading the same reconstructed image with predicted boxes. (D) A
lesion was initially marked in both the medial anterior and posterior horns when reading the reconstructed image without boxes. However, with Al
assistance, the medial anterior horn was reclassified as lesion-free. Upon later review, the radiologist confirmed that no lesion was present in the anterior
horn, attributing the shadow to an image artifact rather than a true abnormality.
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Figure 6. Meniscal lesions on knee MRI that were initially missed from the ground truth original DICOM dataset and later added after reviewing Al
predictions. The first column shows the original image, while the second column displays model-predicted anomalies. (A) A lesion in the lateral meniscal
body was not included in the original annotations but was later added after Al-assisted review of the original images. (B) A lesion in the lateral anterior
horn was missed in the initial dataset and later incorporated based on Al predictions. (C) A lesion in the medial meniscal body, originally absent from the
ground truth annotations, was added after reviewing predicted anomalies. (D) A lesion in the medial posterior horn, initially overlooked, was included in

the dataset following model-assisted review.

the chosen undersampling technique, not solely the recon-
struction algorithm, as different random sampling seeds can
influence the performance of reconstruction models.** These
findings emphasize the need for further research to determine
the most effective anomaly detection strategies in various re-
construction settings.

Finally, the potential role of Al-assisted anomaly detection
in refining dataset annotation should be further explored on

larger datasets. In our study, Al-assisted review led to the
reclassification of initially unmarked lesions, highlighting its
potential for refining ground truth annotations. However,
while McNemar’s test indicated statistically significant
improvements in radiologists’ performance with Al assis-
tance, the post hoc power analysis revealed that the study
was underpowered to detect small effect sizes, emphasizing
the need for larger validation cohorts. Additionally, due to



10

the small sample size, the increase in the interrater agreement
in our study did not reach the statistical significance.
Systematic evaluation of AD’s role in annotation workflows
across more diverse datasets is necessary to assess its impact
on training data quality and model performance.

Our feasibility study underscores the critical role of anom-
aly detection in the assessment of DL-based image recon-
struction models, particularly when aiming to maintain
clinically significant features. Incorporating anomaly detec-
tion and box-based reconstruction metrics is likely important
in evaluating reconstruction models for downstream applica-
tions. Looking ahead, we suggest investigating reconstruction
and anomaly detection pipelines that operate concurrently,
using the detector as a penalizing factor, and exploring the
use of object detection to refine undersampling patterns to
optimize reconstruction results. Moreover, our research
points to the beneficial effects of Al-assisted detection on the
interpretive accuracy of radiologists, thereby expanding the
potential for clinical use.
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