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Deep learning network enhances imaging
quality of low-b-value diffusion-weighted
imaging and improves lesion detection

in prostate cancer

Zheng Liu'??", Wei-jie Gu'**', Fang-ning Wan'?3, Zhang-zhe Chen®* Yun-yi Kong?®, Xiao-hang Liu**", Ding-
wei Ye'?*" and Bo Dai'**"

Abstract

Background Diffusion-weighted imaging with higher b-value improves detection rate for prostate cancer lesions.
However, obtaining high b-value DWI requires more advanced hardware and software configuration. Here we use a
novel deep learning network, NAFNet, to generate a deep learning reconstructed (DLR;5,,) images from 800 b-value
to mimic 1500 b-value images, and to evaluate its performance and lesion detection improvements based on whole-
slide images (WSI).

Methods We enrolled 303 prostate cancer patients with both 800 and 1500 b-values from Fudan University Shanghai
Cancer Centre between 2017 and 2020. We assigned these patients to the training and validation set in a 2:1 ratio.
The testing set included 36 prostate cancer patients from an independent institute who had only preoperative DWI
at 800 b-value. Two senior radiology doctors and two junior radiology doctors read and delineated cancer lesions on
DLR; 500, Original 800 and 1500 b-values DWI images. WSI were used as the ground truth to assess the lesion detection
improvement of DLR, 5, images in the testing set.

Results After training and generating, within junior radiology doctors, the diagnostic AUC based on DLR; s, images
is not inferior to that based on 1500 b-value images (0.832 (0.788-0.876) vs. 0.821 (0.747-0.899), P=0.824). The same
phenomenon is also observed in senior radiology doctors. Furthermore, in the testing set, DLR; 54, images could
significantly enhance junior radiology doctors’diagnostic performance than 800 b-value images (0.848 (0.758-0.938)
vs. 0.752 (0.661-0.843), P=0.043).
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Conclusions DLR;5,, DWIs were comparable in quality to original 1500 b-value images within both junior and senior
radiology doctors. NAFNet based DWI enhancement can significantly improve the image quality of 800 b-value DWI,
and therefore promote the accuracy of prostate cancer lesion detection for junior radiology doctors.

Keywords Deep learning, Prostate Cancer, Diffusion-weighted imaging, High b-Value, Whole-slide imaging.

Background

According to the latest data, the incidence and mortal-
ity of prostate cancer are increasing instantly [1]. In the
United States, prostate cancer ranks first in the new inci-
dence of men malignant tumors and second in mortal-
ity [2]. Multiparametric MRI is widely used in prostate
cancer detection and staging [3, 4]. At present, diffusion-
weighted imaging (DWI) plays a vital role in prostate
cancer diagnosis [5]. Nonetheless, the detection of clini-
cally significant prostate cancer lesions may prove chal-
lenging, and high b-value DWI imaging can enhance
their detection rate [6].

However, not every medical institution has the capabil-
ity to utilise high b-value detection techniques. In clinical
practice, obtaining high b-value DWT is technically chal-
lenging. The obtained DWTI often experiences disruptions
from low in-plane spatial resolution, distortion, and arti-
facts. Furthermore, increasing the b-value usually means
more advanced hardware and software configuration and
requires a longer acquisition time [7]. For these reasons,
a possible solution is to introduce deep learning recon-
struction (DLR) to improve the quality of MRI scans [8—
11]. Relevant research has shown the feasibility of deep
learning reconstruction in improving image quality and
diagnostic performance, including for MR angiography
of coronary arteries, spine, brain and other organs [12—
14]. Hence, we hypothesize that the utilization of DLR
may elevate the quality of prostate DWI scans, thereby
improving the diagnostic accuracy in detecting prostate
cancer.

At present, deep learning networks have been success-
fully applied to analyze urological medical images in the
fields of cystoscopy, ultrasound, pathology, and radiol-
ogy [15, 16]. The reconstruction and enhancement of
MRI images rely on the in-depth understanding of each
pixel within the MRI image. Given that the lesion area
usually constitutes a minor portion of the total image,
it is imperative that these pixels are thoroughly pro-
cessed by a well-designed deep learning model to facili-
tate precision in diagnoses. Here, we introduce NAFNet,
a nonlinear activation-free network that simplifies the
architecture by replacing complex nonlinear activation
functions. Even with this simplification, NAFNet main-
tains state-of-the-art results while reducing computa-
tional costs [17]. Furthermore, NAFNet’s capacity for
pixel-level feature partitioning enables extraction and
identification of subtle differences within MRI imag-
ing. Our previous research has also proven that NAFNet

exceeds performance of other prominent networks, such
as ResNet, in handling prostate MRI images [18].

Moreover, the Prostate Imaging Reporting and Data
System (PI-RADS) version 2.1 recommends the utili-
zation of high b-values (greater than 1400) to obtain or
compute DWI, and 800-1000 for ADC, enhance the
visibility of clinically significant prostate cancers [5].
Therefore, ADC with 800 b-value has already met the
requirements of PI-RADS v2.1, hence this study is con-
fined to the reconstruction of 1500 b-value DWI, while
the computation of higher b-value ADC is excluded.

Although NAFNet algorithms has already been pro-
posed, this study pioneers the clinical translation of
deep learning in prostate MRI through three innova-
tions. Firstly, we establish the implementation of NAF-
Net architecture for synthesizing high b-value (1500 s/
mm?) DWI from low b-value (800 s/mm?) acquisitions
in prostate cancer diagnostics, trying to eliminating
hardware dependencies while maintaining diagnostic-
grade image accuracy. Second, we utilize prostate cancer
lesions identified on WSI as the gold standard to perform
lesion annotation on MRI images, establishing our model
ground truth. This approach provides superior biological
relevance compared to radiologist-defined ground truth
commonly used in similar studies. Finally, we conducted
validation on a multi-centre external testing set, which
proved the robustness and reliability of our algorithm.

Therefore, this study aims to enhance the imaging qual-
ity of low b-value DWI images using the deep learning
network, NAFNet, and simulate them as high b-value. In
addition, with WSI as the gold standard, we also assess
the improvement of the diagnostic ability of prostate
cancer lesions due to the deep learning generated image
quality.

Methods

Patient cohorts

The enrolled patients met the subsequent criteria: (1)
undergone radical prostatectomy (RP) after mpMRI;
(2) no prior history of neoadjuvant, adjuvant or other
additional therapy; (3) availability of high-quality preop-
erative prostate MRI images, and (4) identifiable lesions
present in the images.

We retrospectively collected a total of 339 prostate
cancer patients from two clinical centres. As shown in
Fig. 1A, after screening, 303 patients diagnosed with
prostate cancer at Fudan University Shanghai Cancer
Centre were involved. These patients had DWI images
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Fig. 1 Overall flowchart and design of this study. (a) Flowchart showing the study population of training, validation and testing set in this study. (b) Work
pipeline of this study illustrating the training and validation of the deep-learning model based on high and low b-value DWI images, WSI served as the
ground truth. () After training and validation, we used testing set to generate DLR DWI images based on low b-value, and the quality of these images
was assessed in comparison with the WSI ground truth by both junior and senior radiology doctors. Abbreviations: DWI, diffusion-weighted imaging; WS,

whole slide images; DLR, deep learning reconstruction

with both 800 b-value and 1500 b-value, and whole-
mount histopathology slide images (WSIs) of RP speci-
mens. The patients were systematically divided into
training and validation sets at a ratio of 2:1, thereby bal-
ancing different patients’ characteristics of the study
population. In addition, 36 prostate cancer patients from
SPHIC formed an external testing set. These patients did
not have high b-value DWI images but had preoperative
800 b-value images and scanned WSI images.

After training with NAFNet, we incorporated 800
b-value DWI images and generated DLR;;,, DWI
images in the validation set, simulating 1500 b-value
DWT (Fig. 1B). In the testing set, we directly inputted
800 b-value DWI images, and produced DLR 5, images.
Finally, we used the WSI as the gold standard, compar-
ing the diagnostic efficacy of images interpreted by junior
and senior radiology doctors. These images included
original 800 b-value and 1500 b-value DWI images, as
well as DLR5,, images generated by NAFNet. Then, the
quality of these three image sets were evaluated (Fig. 1C).

This study protocol adhered to the Declaration of
Helsinki and received approval from the Institutional
Review Board of Fudan University Shanghai Cancer
Centre (Approval No. 050432-4-2108). Each participant
provided written consent. The TRIPOD and STARD

guidelines were also followed (Supplementary Tables 1
and Supplementary Table 2).

MRI pre-processing and lesion delineation

Prior to the delineation of lesions, patients were sub-
jected to imaging procedures using MRI scanners
equipped with phased-array coils. The imaging tech-
niques employed included axial turbo spin-echo T2WI
and axial DWI with ADC maps. Detailed parameters for
these MRI scanners in this study are listed in Supplemen-
tary Table 3.

To ensure the accuracy in building the deep learning
model, YY.K,, a senior urological pathologist, marked the
tumor lesion on WSI images for each patient. Thereaf-
ter, these marked lesion on WSI images were used as the
ground truth, and XH.L., a senior radiologist, delineated
them on the MRI images using ITK-SNAP software for
reference in the training set.

At the validation and testing stage, MRI images were
subsequently evaluated by two senior radiology doctors
(XH.L with 16 years of experience, and ZZ.C with 8 years
of experience) and two junior radiology doctors. Using
PI-RADS version 2.1 (or version 2.0 in instances where
the b-value with 800), the images’ ROIs were identified
on DWI maps. These images expedited the delineation
of lesion extent on the MRI images, which were then
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used as ROIs. Furthermore, to enable more direct qual-
ity assessment of enhanced images, we have introduced
the PI-QUAL v2 scoring [19]. This system assists radi-
ologists in rapidly evaluating prostate MRI image quality
while allowing separate scoring of DWT sequences. Each
doctors assigned PI-QUAL v2 scores to the original high
b-value DWTI images as a baseline reference.

After obtaining the MRI images, we proceeded to nor-
malise them. This process entailed scaling the image val-
ues to a range between 0 and 1 by dividing each value by
the image’s maximum value. Using the 2D images from
the DWI map, we then resized them to identical dimen-
sions to facilitate easier model processing. To further
diversify our sample set, data augmentation techniques
such as flipping and rotating the images were applied. All
these steps ensured the improved performance and resil-
ience of our model.

Image enhancing

The NAFNet, a Nonlinear Activation Free Network, is a
recently established deep learning network in 2022 [17].
The network has displayed superior results in the image
restoration domain, such as denoising, deblurring, and
stereo super-resolution. The design of NAFNet involves
addressing issues at the pixel level. For instance, NAF-
Net overcomes pixel accuracy challenges, which typically
result from batch normalization, by employing pixel-
level layer normalization. This feature enables NAFNet
to execute dense predictions or pixelwise predictions,
which lead to more precise feature segmentation in the
ROI, thereby indicating its potential for MRI enhance-
ment. Our previous study has also demonstrated that
NAEFNet outperforms existing mainstream algorithms
such as ResNet in handling prostate MRI [18]. Therefore,
in this study, we continue to use NAFNet for MRI image-
enhancement processing.

The adopted image augmentation strategies and opti-
mum configurations are as such: random flipping/rota-
tion were used, and the maps were resized to 384 x 384
dimensions using bilinear interpolation. Specifically, that
data augmentations were dynamically applied during
training with horizontal flipping (50% probability), ran-
dom rotation (+15°), and intensity variation (+ 10% scal-
ing), across training epochs. The AdamW optimizer was
used for network optimization, characterized by a weight
decay of 0.05 and a learning rate of 0.00001.

Deep learning experiments were conducted using
Python 3.9.5, complemented by PyTorch 1.11.0 and
CUDA 11.3. A uniform hardware configuration was
maintained for model training, which included a CPU
with 16 cores, 64 GB RAM, and a Nvidia A100 GPU pos-
sessing 40 GB memory. The hardware resources were
provided by the Fudan University Medical Research Data
Centre.
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Image analysis

For the assessment of deep learning reconstruction
(DLR50y) image quality, first, all enhanced images
DLR;5,, image, including those from the validation set
and external testing set, were independently reviewed
by four radiology doctors (two senior and two junior
radiology doctors) who are blinded to whether the
images were reconstructed. They then evaluated and
scored the DLR,s,, images using the PI-QUAL v2 scor-
ing system [19], providing a more direct assessment of
DLR;5yo, image quality. Next, each radiology doctors
performed lesion delineation on the enhanced images
using ITK-SNAP software to generate post-enhancement
ROIs. Finally, these enhanced image-derived ROIs were
algorithmically compared with the ground truth ROIs
obtained from high b-value DWI to calculate pixel-wise
AUC values. This analysis aims to determine whether the
enhanced DWI images can improve the diagnostic per-
formance of radiologists with varying levels of experi-
ence. Each patient’s malignant and benign prostate areas
were also determined using marked lesion on WSI as the
ground truth.

To evaluate the efficiency of DLR,5,, images in identi-
fying malignant lesions, we conducted receiver operating
characteristic (ROC) analyses on DLR 5, as well as 800
b-value and 1500 b-value DWI images. Sensitivity, speci-
ficity, and accuracy for each set of images were also com-
puted correspondingly.

Additionally, to enable a detailed and intuitive evalua-
tion of the segmentation quality of different images sets
on prostate lesions, we also used the Dice coefficient as
a key indicator. The Dice coefficient, as a quantifiable
standard of measurement, can calculate the percentage
of overlap between the image ROI and the WSI ground
truth, ranging from 0 to 1, where a Dice coefficient score
of 1 represents a perfect and complete overlap between
the output and the actual state. The Dice coefficient
quantifies the degree of spatial overlap between the pre-
dicted segmentation (DLR;5,, 800 b-value and 1500
b-value) and the actual segmentation (WSI), providing
a key evaluation indicator for the model’s segmentation
quality of lesions.

Statistical analysis

Significant differences in areas under the curve (AUCs:)
between the image sets were tested using DeLong’s test
[20]. We report the AUCs with 95% CIs and other per-
formance metrics (including accuracy, sensitivity and
specificity) in the testing set. The 95% CI was calculated
following the documentation of “pROC” package [21].
To achieve the best performance of the binary classifica-
tion, we obtained the optimal cut-off points by maximiz-
ing the accuracy in the ROC curves of each image sets as
previously described [22]. All tests were two-sided, and
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statistical significance was defined as P<0.05. Statistical
analyses were performed using R software version 4.2.1.

Role of funding source

The funders of this study had no role in study design, data
collection, data analysis, data interpretation, manuscript
preparation and review, or submitting the manuscript for
publication.

Table 1 Patient baseline characteristics

Page 5 of 11

Results

Patient characteristics

As shown in Table 1, we collected baseline information
from patients in three cohorts (Training, Validation, and
Testing sets), including clinical features such as age, PSA,
PI-RADS score, and surgery type, as well as pathologi-
cal features like pT stage, pN stage, surgical margin, and
Gleason score. The results revealed no significant statis-
tical differences in the distribution of clinicopathological

Training Set (n=202) Validation Set (n=101) Testing Set (n=36) P value
Factor No. % No. % No. %
Age at surgery (year) 0.185"
Median (IQR) 69.0 (63.0-74.0) 69.0 (65.0-73.50) 69.50 (67.0-76.0)
PSA at diagnosis (ng/ml) 0916"
Median (IQR) 14.00 (8.00-28.59) 13.74 (7.84-32.05) 13.41 (8.87-35.87)
PSA at diagnosis (ng/ml) 0.974"
<20 133 65.8 66 653 23 639
>20 69 342 35 347 13 36.1
PI-RADS v2 score 0.100"
<3 45 223 17 16.8 7 194
4 73 36.1 28 27.7 13 36.1
5 84 416 56 554 16 444
Clinical T stage 0.841*
cT2 166 82.2 83 82.2 31 86.1
>cT3 36 17.8 18 17.8 5 139
Biopsy Gleason grade group 0.802"
1 48 238 17 16.8 9 250
2 31 153 18 17.8 7 194
3 34 16.8 20 19.8 7 194
4 51 252 30 29.7 4 1.1
5 38 18.8 16 15.8 9 250
Surgery type 0.143*
Open 146 72.3 70 69.3 23 63.9
LapRP 22 109 9 89 1 2.8
RARP 34 16.8 22 218 12 333
Pathological T stage 0.909"
pT2 110 54.5 56 554 21 583
2pT3 92 455 45 44.6 15 4.7
Pathological N stage 0.648*
pNO 194 96.0 99 98.0 35 97.2
pN1 8 4.0 2 20 1 2.8
Surgical Margin 0.348"
Present 177 876 86 85.1 34 944
Absence 25 124 15 14.9 2 5.6
Pathologic ISUP 0923
1 20 9.9 7 6.9 3 83
2 53 26.2 26 257 1" 306
3 45 223 37 36.6 8 22.2
4 36 17.8 10 99 111
5 48 238 21 208 10 27.8

*Kruskal-Wallis test. #Chi-square test.

Abbreviation: IQR: interquartile range; PSA: Prostate specific antigen; PI-RADS: Prostate Imaging-Reporting & Data System; LapRP: laparoscopic radical
prostatectomy; RARP: robot-assisted radical prostatectomy; ISUP: International Society of Urological Pathology;
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variables among the three patient sets, suggesting similar
patient distributions across these groups.

DLR, 5o, images generated by NAFNet are not inferior to
1500 b-value

Figure 2 illustrated the representative DLR,y,, images
from NAFNet’s output, accompanied by their original
800 b-value and 1500 b-value images. Red arrows indi-
cate the lesions marked by the radiology doctor. The

Page 6 of 11

results demonstrate that in these three patients, the
prostate cancer lesions exhibit enhanced visibility and
sharper boundary definition on both DLR 5, and origin
high b-value (1500 s/mm?) DWI images. Furthermore,
in Patient C, while only a vaguely lesion was observed on
the 800 b-value DWI image, three distinct lesions were
clearly visualized on both DLR;5,, and original 1500
b-value images, demonstrating that the quality of DLR 5,
imaging is not inferior to high 1500 b-value imaging.

Validation set

b =800

Patient A

Patient B

Patient C

b =1500 DLR

Fig. 2 Representative images of DLR; 5,y images generated by NAFNet within the validation set. Representative images from three patients illustrating
the low b-value, high b-value, and the DLR; 5,0 DWI images, with the red arrow indicating the lesions marked by radiology doctors. The prostate cancer
lesions are clearer and have more distinct boundaries on both DLR; 5o and original 1500 b-value DWIimages. In patient C, although only one lesion can
be vaguely observed on the 800 b-value DWIimage, three lesions can be clearly observed on both the DLR5,, and the original 1500 b-value images, dem-
onstrating that the performance of our DLR, 5, images is comparable to that of the original 1500 b-value images. Abbreviations: DWI, diffusion-weighted
imaging; WSI, whole slide images; DLR, deep learning reconstruction
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Table 2 Comparison of various model performances in detecting prostate cancer lesions among Doctors at the same level

Circumstances

AUC on (95% CI)
based on WSI

Delong’s Test P Sensitivity

(95% ClI)

Specificity
(95% ClI)

Accuracy
(95% CI)

Dice coefficient
(95% Cl)

Validation Set
Junior radiology doctors

Original low-b 0.753 (0.668-0.838) 0.043
Original high-b 0.821(0.747-0.899) 0.824
DLR;500 0.832(0.788-0.876) Reference
Senior radiology doctors

Original low-b 0.812(0.736-0.880) 0.038
Original high-b 0.911 (0.855-0.967) 0317
DLR;500 0.901 (0.842-0.960) Reference
Testing Set

Junior radiology doctors

Original low-b 0.752 (0.661-0.843) 0.043
DLR;500 0.848 (0.758-0.938) Reference
Senior radiology doctors

Original low-b 0.823 (0.745-0.901) 0.129
DLR;500 0.901 (0.825-0.977) Reference

0.686 (0.559-0.814)
0.882 (0.794-0.971)
0.823 (0.719-0.928)

0.784 (0.671-0.897)
0.922 (0.848-0.995)
0.902 (0.820-0.984)

0.723 (0.564-0.882)

0.770 (0.586-0.954)

0.872 (0.795-0.949)
0.940 (0.839-1.000)

0.760 (0.642-0.878)
0.760 (0.719-0.801)
0.840 (0.738-0.942)

0.820 (0.714-0.926)
0.900 (0.817-0.983)
0.900 (0.817-0.983)

0.712 (0.565-0.859)

0.832(0.701-0.963)

0.813 (0.661-0.965)
0.880 (0.744-1.000)

0.723 (0.719-0.727)
0.822 (0.819-0.825)
0.832 (0.829-0.834)

0.802 (0.799-0.805)
0911 (0.909-0.912)
0.901 (0.899-0.903)

0.722 (0.711-0.733)

0.801 (0.797-0.805)

0.821(0.810-0.832)
0917 (0.913-0.921)

0.801(0.759-0.843)
0.885 (0.828-0.942)
0.883 (0.838-0.928)

0.821(0.770-0.872)
0.913(0.865-0.961)
0.931(0.910-0.952)

0.815(0.759-0.871)

0.835(0.747-0.888)

0.865 (0.764-0.966)
0.923(0.861-0.985)

AUC: area under the receiver operating characteristic curve; Cl: confidence interval;

Table 3 Comparison of different Doctors’ performances in detecting prostate cancer lesions using the same model

Circumstances

AUC (95% ClI)
based on WSI

Delong's Test P Sensitivity

(95% CI)

Specificity
(95% CI)

Accuracy
(95% CI)

Dice coefficient
(95% Cl)

Validation Set
Original low-b

Junior radiology doctors
Senior radiology doctors
Original high-b

Junior radiology doctors
Senior radiology doctors
DLR1500

Junior radiology doctors
Senior radiology doctors
Testing Set

Original low-b

Junior radiology doctors
Senior radiology doctors
DLR1500

Junior radiology doctors
Senior radiology doctors

0.753 (0.668-0.838)
0.812 (0.736-0.880)

0.821 (0.747-0.899)
0.911 (0.855-0.967)

0.832(0.788-0.876)

0.901 (0.842-0.960)

0.752 (0.661-0.843)

0.823 (0.745-0.901)

0.848 (0.758-0.938)
0.901 (0.825-0.977)

0.043
Reference

0.045
Reference

0.011
Reference

0.040

Reference

0.042
Reference

0.686 (0.559-0.814)
0.784 (0.671-0.897)

0.882 (0.794-0.971)
0.922 (0.848-0.995)

0.823 (0.719-0.928)

0.902 (0.820-0.984)

0.723 (0.564-0.882)

0.872 (0.795-0.949)

0.770 (0.586-0.954)
0.940 (0.839-1.000)

0.760 (0.642-0.878)
0.820 (0.714-0.926)

0.760 (0.719-0.801)
0.900 (0.817-0.983)

0.840 (0.738-0.942)

0.900 (0.817-0.983)

0.712 (0.565-0.859)

0.813 (0.661-0.965)

0.832(0.701-0.963)
0.880 (0.744-1.000)

0.723 (0.719-0.727)
0.802 (0.799-0.805)

0.822 (0.819-0.825)
0.911 (0.909-0.912)

0.832(0.829-0.834)

0.901 (0.899-0.903)

0.722(0.711-0.733)

0.821(0.810-0.832)

0.801 (0.797-0.805)
0.917(0.913-0.921)

0.801(0.759-0.843)
0.821(0.770-0.872)

0.885 (0.828-0.942)
0.913(0.865-0.961)

0.883 (0.838-0.928)

0.931(0.910-0.952)

0.815(0.759-0.871)

0.865 (0.764-0.966)

0.835(0.747-0.888)
0.923 (0.861-0.985)

AUC: area under the receiver operating characteristic curve; Cl: confidence interval;

Subsequently, we evaluated the PI-QUAL v2 scores for
the original 1500 b-value and DLR 5, in the validation
set. As shown in Supplementary Fig. 1, DLR5,, images
achieved a 3.757/4.000 PI-QUAL v2 score, significantly
higher than origin 1500 b-value images (3.708/4.000).
This result indicated that visually, radiology doctors
considered the quality of DLR,;,, images to be supe-
rior (P=0.0002). Furthermore, we still found that some
results of DLR;5,, were unsatisfactory. As shown in Sup-
plementary Fig. 2, these inferior synthetic images can
lead to false positives or false negatives in tumour lesions,
and the overall images tend to be blurry.

We then compared the extent of improvement in the
diagnostic capabilities of different levels of radiology
doctors with DLR,5,, images. Within the validation set
(upper portion of Table 2), among junior radiology doc-
tors, the diagnostic AUC based on DLR 5, images is not
inferior to the diagnostic AUC based on 1500 b-value
images (0.832 (0.788-0.876) vs. 0.821 (0.747-0.899),
P=0.824). The same phenomenon is also observed in
senior radiology doctors (DLR5,, vs. 1500 b-value: 0.901
(0.842-0.960) vs. 0.911 (0.855-0.967), P=0.317).

As presented in the upper portion of Table 3, indepen-
dent of the used image sets, the diagnostic performance
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metrics (including AUC, sensitivity, specificity, and accu-
racy) of the senior radiology doctors significantly outper-
forms that of junior radiology doctors (Original low-b:
P=0.043, Original high-b: P=0.045, DLR, 5, P=0.011).
Using WSI as the gold standard, the Dice coefficient of
the ROI area delineated by senior radiology doctors is
also higher than that of the ROI area delineated by junior
radiology doctors (Original low-b: 0.821 vs. 0.801, Origi-
nal high-b: 0.913 vs. 0.885, DLR;5,,: 0.931 vs. 0.883). In
short, as shown in Table 3, the diagnostic AUC of senior
radiology doctors is superior to that of junior radiology
doctors, regardless of the image source, which demon-
strates the difference at the physician level.

DLR; 5, images are superior to 800 b-value images in
detecting lesions
Finally, in the external testing set, we directly input the
800 b-value DWI images to obtain the DLR,5,, images
generated by NAFNet. In the testing set (bottom por-
tion of Table 2), we found that, compared to 800 b-value
images, the DLR,;,, images made limited improvement
to the diagnostic performance of senior radiology doctors
(0.901 (0.825-0.977) vs. 0.823 (0.745-0.901), P=0.129).
However, for junior radiology doctors, DLR,5,, images
could significantly enhance their diagnostic performance
than 800 b-value images (0.848 (0.758—0.938) vs. 0.752
(0.661-0.843), P=0.043). Similarly, for both 800 b-value
images and DLR;5,, images, the performance metrics
(AUC, sensitivity, specificity, accuracy, and Dice coeffi-
cient) of senior radiology doctors are superior to those of
junior radiology doctors (bottom portion of Table 3).
Furthermore, as shown in Fig. 3, we also found in
the testing set that on the DLR;,, images generated
by NAFNet from 800 b-values, prostate lesions appear
more clearly. Using WSI as the gold standard (Fig. 3C),
the lesions on the DLR,;,, images (Fig. 3B) match the
WSI more closely than the original 800 b-value images
(Fig. 3A). With the aid of DLR5,, images, radiologists
were able to identify pathologically confirmed prostate
cancer lesions that were undetectable on origin high 1500
b-value DWI sequences.

Discussion

In this study, we utilized a deep learning network, NAF-
Net, to enhance the quality of 800 b-value DWI images
and subsequently generate DLR,;,, DWI images that
mimic 1500 b-value images. Following a comprehensive
evaluation by both junior and senior radiologists in the
internal validation set, we found that the quality of the
generated DLR 55, DWI images was not inferior to that
of 1500 b-value images. Meanwhile, in an independent
external testing set, and employing WSI as the gold stan-
dard, we observed that the diagnostic performance of the
generated DLR 5o, DWI images significantly superior to
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that of the 800 b-value images, thereby notably improve
the diagnostic capabilities of junior radiology doctors.

In the diagnosis of prostate cancer, the importance of
DWI is beyond doubt. The Gaussian diffusion model,
often employed in DWI, assumes a mono-exponential
decay of the diffusion signal. However, this model is lim-
ited in its ability to accurately characterize complex tis-
sue structures, particularly in heterogeneous tissues
where diffusion is non-Gaussian [23]. This limitation has
led to the exploration of non-Gaussian models, which
provide a more comprehensive understanding of dif-
fusion processes by accounting for deviations from the
mono-exponential decay. For example, in prostate can-
cer, non-Gaussian diffusion models have demonstrated
potential in distinguishing between different grades of
cancer, offering a more nuanced assessment compared
to traditional Gaussian models [24, 25]. The ability of
these non-Gaussian models to capture the complex dif-
fusion behaviour in tissues makes them a powerful tool
in enhancing the diagnostic capabilities of prostate MRI
DWIL

With the advancements of computer science, artificial
intelligence algorithms not only widely used in the seg-
mentation and classification of medical images, but also
increasingly applied in the field of image simulation and
enhancement [26—29]. These algorithms, including con-
volutional neural networks and generative adversarial
networks, have been proven to accelerate MRI image
acquisition, and reduce radiologist reading times [30—33].
In the field of prostate MRI, Ueda et al. [10] used differ-
ent DWI images of 0, 1000, 3000, 5000 b-values from 60
patients, and applied convolutional neural networks for
image enhancement. They found that compared to the
original images, the images generated by Al have higher
signal-to-noise and contrast-to-noise ratios, and the sub-
jective performance index of radiologists is also higher. In
another study, Hu et al. [11] used generative adversarial
networks to generate images from 800 b-value and 1000
b-value DWI images to 1500 b-value images. The gener-
ated images optimized through a series of steps were sig-
nificantly better than the original 1500 b-value images.
Further evaluation showed that the optimized generated
images can help junior radiology doctors to improve their
diagnostic capabilities. Consistent with the findings of
these two studies, our study also revealed that the NAF-
Net-generated DLR 5, images significantly enhanced the
diagnostic accuracy of junior radiology doctors.

Of note, we have also discovered that images with infe-
rior enhancement often result in diagnostic challenges,
such as false positives and false negatives in the identi-
fication of tumour lesions. These images are generally
characterized by a lack of sharpness and a high level of
noise, as shown in Supplementary Fig. 2. While the black-
box nature of deep learning models limits our ability to
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A b=800

B DLR
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1500

Fig. 3 DLR, sy, images generated by NAFNet could identify more lesions compared to low b-value images within the testing set. (a) Original low b-value
image within the testing set, with a green arrow indicating the lesion marked by radiology doctors. (b) DLR; 5, image within the testing set, with a green
arrow and a blue arrow indicating the lesions based on WSI ground truth. (c) WSI showing the corresponding lesions in DLR; s, images with the green
and blue arrow marked by pathologist. With the help of DLR; sy, images, radiologists can identify prostate cancer lesions that were not detected on the
original 1500 b-value images but were confirmed pathologically. Abbreviations: WSI, whole slide images; DLR, deep learning reconstruction

fully understand the precise causes of such inferior qual-
ity [34], we hypothesize that several factors could be
contributing. These include the size of the lesions, which
may affect how they are captured and processed; the spa-
tial relationship between lesions and surrounding tissues,
which can influence contrast and clarity; and the volume
and diversity of training images, which play a crucial role
in the model’s ability to generalize well across different
images. Understanding and addressing these elements
could be key to improving image quality and reducing
inferior synthetic results.

Compared to previous studies, our research has several
advantages. Firstly, our study utilizes a new deep learn-
ing framework, NAFNet, as the foundational architec-
ture. NAFNet is a non-linear activation function network
that simplifies traditional structures by replacing compli-
cated non-linear activation functions. Despite the simpli-
fication, its performance equals or exceeds benchmarks
with lower computational costs [17, 18]. Secondly, while
most studies used radiologists’ subjective assessment as
the gold standard for models, we treated pathologic WSI
as the ground truth. During the model’s training stage,
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radiologists and pathologists closely coordinate the ROI
from pathological images onto DWI images, ensuring
ROI precision in the model. In the validation and testing
stage, both junior and senior radiology doctors delineate
lesions on DLR;5,, and original DWI images and com-
pare them with pathological gold standards, verifying
more precisely the extent to which the DLR,;,, images
enhance diagnostic capabilities. Finally, we have inde-
pendently verified our algorithm using data from external
institution. The results of external testing set showed that
our model has robust resilience, capable of managing dif-
ferent MR scanners.

This study presents several limitations. First, given
the nature limitation of retrospective study, our results
must be validated in multi-centre prospective cohorts
to confirm generalizability. Moreover, the multi-centre
nature of our study inevitably introduces inter-scanner
heterogeneity; thus, we intend to test these findings in
larger, more diverse multi-centre populations. Secondly,
due to the inherent challenges in multi-centre data col-
lection, our current testing set comprised only 36 cases.
While the results demonstrated robust performance of
our algorithm across this multi-centre dataset, valida-
tion through larger independent multi-centre cohorts
remains significant. In future research, we plan to utilize
public databases, such as the TCIA (The Cancer Imag-
ing Archive), to conduct further validation and enhance
generalizability. Further, while a considerable number of
WSIs were used for registration, the precise alignment of
the WSI with MRI could not be entirely assured, which
could potentially impact the results. We plan to develop
more robust registration technique in future investiga-
tions to address this critical technical challenge. Finally,
the interpretability of the features extracted by the deep
learning network is relatively weak. Compared with
traditional machine learning radiomics, NAFNet can-
not extract the corresponding interpretable and specific
radiographic features for radiologists.

Conclusions

In conclusion, the deep learning algorithm, NAFNet,
can utilize low b-value DWI images to generate DLR, 4,
images of superior quality than 800 b-value, and not infe-
rior to 1500 b-value DWI images, leading to the improve-
ment of the diagnostic accuracy of prostate lesions.

Abbreviations

Al Artificial intelligence

AUC Area under the curve

DLR Deep learning reconstruction

DWI Diffusion-weighted imaging

PI-RADS score  Prostate Imaging Reporting and Data System score
ROI Region-of-interest

RP Radical prostatectomy

WSI Whole-slide images
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