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AI-assisted compressed sensing MRI improves imaging quality in 
rectal cancer: a comparative study with conventional acceleration 
techniques
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Background: Artificial intelligence (AI)-assisted compressed sensing (ACS) is widely used in various parts 
of the body, but the application of this technology in the rectum is still rare. This study aimed to evaluate 
the feasibility of super-resolution (SR) T2-weighted imaging (T2WI) based on ACS in rectal cancer (RC) by 
comparing with compressed sensing (CS) and parallel imaging (PI).
Methods: In this prospective study, 29 patients with rectal adenocarcinoma were enrolled, and three groups 
of SR rectal T2WI images based on ACS, CS, and PI (ACS-T2WI, CS-T2WI, and PI-T2WI) were obtained, 
using the same scanning time for each group. Two radiologists independently assessed the visibility of structures, 
tissue edge sharpness, image artifacts, overall image quality, and confidence in N staging for the three sequences 
using a five-point Likert scale; the scores of the three sequences were compared and the agreement between two 
readers was assessed. In addition, the quantitative parameters of the three groups, sharpness, signal-to-noise ratio 
(SNR), and contrast-to-noise ratio (CNR) were compared. T staging based on magnetic resonance imaging (MRI) 
was performed by two readers separately using the three sequences combined with other conventional scanning 
sequences. The consistency between T staging based on MRI (mrT staging) and pathological T staging (PT 
staging) of the two readers and the diagnostic accuracy of every sequence was compared.
Results: The scores of ACS-T2WI were higher in visibility of structures, tissue edge sharpness, overall 
image quality, and confidence in N staging than CS-T2WI and PI-T2WI (P<0.001). There was no statistical 
difference in the scores of image artifacts among the three sequences (P=0.18). The sharpness of ACS-
T2WI was higher than that of CS-T2WI and PI-T2WI (P<0.001). The SNR of CS-T2WI was slightly 
higher than that of ACS-T2WI and PI-T2WI (P=0.004). There was no statistically significant difference in 
CNR among the three sequences (P=0.425). The consistency between mrT staging of ACS-T2WI and PT 
staging was higher than that of CS-T2WI and PI-T2WI. The two readers had a higher diagnostic accuracy 
for ACS-T2WI (89.66%) than for CS-T2WI (79.31%) and PI-T2WI (75.86%), but the difference was not 
statistically significant.
Conclusions: By using ACS to increase the resolution through a larger matrix size, higher quality images 
can be obtained within the same scanning time as traditional acceleration techniques. The SR T2WI based 
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Introduction

Colorectal cancer is one of the most common digestive 
tumors and the leading cause of cancer mortality worldwide, 
with rectal cancer (RC) accounting for one-third of these 
cases (1). Timely screening, diagnosis, and treatment 
measures can effectively reduce its morbidity and mortality 
and improve the quality of life of patients (2). The 
appropriate treatment plan for RC depends on the tumor-
node-metastasis (TNM) staging system, extramural venous 
invasion (EMVI), and mesorectal fascia (MRF) involvement 
(3,4).  Magnetic resonance imaging (MRI) has the 
advantages of good tissue resolution, no ionizing radiation 
and non-invasiveness, and can provide high-resolution 
images, especially high-resolution T2-weighted imaging 
(T2WI), which is crucial for showing the details of tumor, 
lymph nodes, EMVI, and MRF (3,5,6). Therefore, it is the 
first choice for T and N staging, EMVI, and MRF of RC.

MRI acquisition is limited by long duration and related 
artifacts, which require high tolerance and compliance from 
patients. Currently, some acceleration methods by K-space 
undersampling such as partial Fourier (PF), parallel imaging 
(PI), and compressed sensing (CS) have been widely used 
in MRI acquisition to accelerate the scanning process to 
the duration that patients can tolerate (7). However, if the 
acceleration factor of these acceleration techniques is too 
large, noise, aliasing artifacts, and signal degradation will be 
unavoidable, resulting in the degradation of image quality 
and the reduced visibility of rectal wall, small lymph nodes, 
and vessels, which will affect the accuracy of T and N staging 
of RC patients (8,9). Therefore, improving the spatial 
resolution of the image at the appropriate scanning time to 
increase the visibility of the above structures is vital for the 
diagnosis and staging of RC.

As a branch of artificial intelligence (AI),  deep 
learning (DL) has been widely used in the diagnosis and 
treatment of RC, but its application in the process of 
RC MRI acquisition is not common (10-16). The most 
commonly used neural network in medical imaging, the 
convolutional neural network (CNN), plays a key role in 

accelerating imaging by detecting more complex feature 
levels (17). Although CNN-based methods demonstrate 
exceptional reconstruction quality, their application in 
clinical environments is often hindered by unpredictability, 
attributed to the networks’ opaque, “black-box” nature. The 
AI-assisted compressed sensing (ACS) used in this study 
effectively mitigates this uncertainty by incorporating the 
output from the AI module as a supplementary constraint 
within the CS framework. This is achieved through the 
introduction of a regularization term that addresses the 
divergence between images reconstructed via traditional 
methods and those predicted by AI (18). 

ACS developed by United Imaging (Shanghai, China) is 
a technology that introduces a DL algorithm combined with 
conventional acceleration techniques such as PI and CS into 
an MRI reconstruction algorithm. Previous studies have 
shown that this kind of technology can effectively shorten 
the scanning time and suppress noise, and it has been widely 
used in the lumbar spine, breast, joint, abdomen, heart, 
and other areas (7,8,19-22). However, there have been 
few studies about this technique in RC. This study aimed 
to evaluate the image quality and diagnostic performance 
of super-resolution (SR) T2WI based on the ACS, which 
enables the use of a larger acquisition matrix within the 
same scanning time, compared to CS and PI. We present 
this article in accordance with the GRRAS reporting 
checklist (available at https://qims.amegroups.com/article/
view/10.21037/qims-24-1317/rc). 

Methods

Patients

This study was approved by Medical Ethics Committee of 
The First Affiliated Hospital of Shandong First Medical 
University (No. YXLL-KY-073). The study was conducted 
in accordance with the ethical standards of the Declaration 
of Helsinki (as revised in 2013) and all participants from 
The First Affiliated Hospital of Shandong First Medical 
University in this study signed written informed consent. 

on ACS can be well applied in the clinical scanning of RC.
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Initially, 64 patients with suspected RC were prospectively 
and continuously enrolled from June 2023 to January 2024. 
The inclusion criteria were as follows: (I) patients had 
rectal masses confirmed either clinically or by colonoscopy; 
(II) patients were diagnosed for the first time and did 
not receive any treatment (neoadjuvant treatment and 
surgery); (III) patients underwent surgery within two weeks 
of the MRI examination; and (IV) patients had no MRI 
contraindications. The exclusion criteria were as follows: (I) 
lesions were not visible on MRI, or lesions were too large to 
scan with the current scanning parameters; (II) severe image 
artifacts; (III) without postoperative pathological staging 
results; (IV) pathological types were non-adenocarcinoma 
or mucinous adenocarcinoma; and (V) patients with 
circumferential lesions where normal intestinal wall signals 
cannot be measured. Finally, 29 patients were included; the 
flowchart for the enrolment process is shown in Figure 1.

MRI acquisition

All MRI examinations were performed on a 3 T magnetic 
resonance (MR) scanner, using a 12-channel phased-array 
body coil (uMR790; United Imaging Healthcare, Shanghai, 
China), with the patient in the supine position. A glycerin 

enema was administered 2 hours before the examination 
to clean the intestinal tract. At 30 minutes before the MRI 
scan, 10 mg of anisodamine was injected to reduce intestinal 
peristalsis. Before the MRI scan, the patient’s rectal lumen 
was filled with ultrasound transmission gel (60–100 mL, 
determined by lesion location, ultrasonic coupling agent 
mixed with water at 1:1), and the abdomen was pressurized 
with a sandbag to reduce respiratory movement artifacts. 
The MRI protocol included sagittal T2WI, coronal T2WI, 
axial T2WI, axial T1-weighted imaging (T1WI), axial 
diffusion-weighted imaging (DWI), and three oblique axial 
SR T2WI which are based on interpolation technology. 
The main imaging sequences and parameters of the MRI 
protocol are listed in Table 1.

Image analysis

Qualitative image analysis
All image post-processing was performed on an uWS-
MrR005 workstation (United Imaging). The images 
were independently evaluated by two radiologists (reader 
1, reader 2) with 16 years and 2 years of experience in 
abdominal imaging diagnosis, respectively, who were 
blinded to patient information and the specific imaging 

64 patients with rectal masses who:

(I)	 Confirmed by clinical diagnosis or colonoscopy;

(II)	 Examined from June 2023 to January 2024;

(III)	Underwent surgery within two weeks of the MRI 

examination;

(IV)	Had no MRI contraindications 

Patients for further image quality analysis (n=29)

Patients for quantitative analysis (n=29) Patients for qualitative analysis (n=29)

Exclusion:

(I)	 Lesions were not visible on MRI, or lesions were too 

large to scan with the current scanning parameters (n=7);

(II)	 Images with severe metal or motion artifacts (n=6);

(III)	Patients with no postoperative pathology results (n=2);

(IV)	Pathological types were non-adenocarcinoma or 

mucinous adenocarcinoma (n=10);

(V)	 Patients with circumferential lesions where normal 

intestinal wall signals cannot be measured (n=10)

Figure 1 Flowchart of the enrolled patients. MRI, magnetic resonance imaging.
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Table 1 Main imaging sequences and parameters

Sequence TR (ms) TE (ms)
Thickness/
gap (mm)

Matrix
Reconstruction 

matrix
Number of 

echoes
FOV

Acceleration 
factor

Acquisition 
time(s)

NEX
Bandwidth 
(HZ/pixel)

ACS-T2WI 2,464 98.44 3.0/0.3 352×352 704×704 23 180×180 4 168 3.7 270

CS-T2WI 2,400 98.12 3.0/0.3 256×256 512×512 23 180×180 2 168 2.4 270

PI-T2WI 2,400 98.12 3.0/0.3 256×256 512×512 23 180×180 1.79 168 2.4 270

TR, repetition time; TE, echo time; FOV, field of view; NEX, number of excitations; ACS, artificial intelligence-assisted compressed sensing; 
CS, compressed sensing; PI, parallel imaging; T2WI, T2-weighted imaging; ACS-T2WI, T2WI images based on ACS; CS-T2WI, T2WI 
images based on CS; PI-T2WI, T2WI images based on PI.

sequence data to ensure unbiased analysis. The two readers 
analyzed images from ACS-T2WI, CS-T2WI, and PI-
T2WI by using a five-point Likert scale, including visibility 
of structures, tissue edge sharpness, image artifacts, overall 
image quality, and confidence in N staging; the results of 
each sequence score were expressed as the average of two 
readers. The scale criteria were as follows (23-25):

(I)	 Visibility of structures (rectum, lymph nodes, 
tumor, vasculature): 0: completely invisible; 1: 
visible but very faint; 2: visible and slightly blurred; 
3: visible and barely blurred; and 4: clearly visible.

(II)	 Tissue edges sharpness (stratification of rectal wall, 
margin of lesion): 0: completely invisible; 1: blurry 
and difficult to identify; 2: blurry but identifiable; 
3: barely blurry and identifiable; and 4: clear and 
sharp.

(III)	 Image artifacts: 0: many but still diagnosable; 1: 
moderate; 2: few, 3: almost non-existent; 4: absent.

(IV)	 Overall image quality: 0: very poor; 1: poor, 2: fair; 
3: good; and 4: excellent.

(V)	 Confidence in N staging: 0: non-diagnostic; 1: 
difficult to diagnose; 2: barely diagnosable; 3: 
diagnosable; and 4: easily diagnosable.

Quantitative image analysis
The image sharpness method proposed by Xin et al. (26) 
was used to calculate the sharpness of each group of images 
though the use of MATLAB 2016b (MathWorks, Natick, 
MA, USA). The range of sharpness is 0–1, with higher 
sharpness values indicating clearer images, and vice versa, 
more blurred images. The regions of interest on the lesion 
(ROIlesion, about 5 mm2) were delineated at layers where 
lesions and normal bowel walls coexisted on the three 
groups of images; the same location and size on three sets 
of images and three consecutive layers were outlined for 
each patient. The signal intensity of the ROIlesion (SIlesion) in 

these three layers was measured, then the average value was 
calculated as the SIlesion of the patient. An identical method 
was used to delineate another ROI on the same layer of 
normal intestinal wall (ROInormal, about 1 mm2) and calculate 
its average signal intensity (SInormal). Image noise was defined 
as the standard deviation (SD) for image background from 
the same area ROI as that used for SIlesion. The formulas 
for signal-to-noise ratio (SNR) and contrast-to-noise ratio 
(CNR) were as follows (8,27):

lesion

lesion

SI
SD

SNR = 	 [1]

2 2

 lesion normal

lesion normal

CNR
SI SI

SD SD
=

−

+

	
[2]

The agreement of T staging based on MRI (mrT 
staging) and pathological T staging (PT staging) 
The two readers used the T staging standard of RC in 
TNM of American Joint Committee on Cancer 8th edition 
staging system as a reference standard, and used ACS-
T2WI, CS-T2WI, and PI-T2WI combined with other 
scanning sequences to perform mrT staging respectively. 
Then, the accuracy of T staging of the three SR T2WI 
sequences and the consistency between the readers’ mrT 
staging and PT staging were compared according to 
postoperative pathology results.

Statistical analysis

All statistical analyses were performed using SPSS 26.0 
(IBM Corp., Armonk, NY, USA) and GraphPad Prism 9.5.0 
(GraphPad Software, San Diego, CA, USA). Shapiro-Wilk 
test was used to test for normality of continuous variables. 
Continuous variables were expressed as means and SDs or 
medians and quartiles depending on whether the data were 
normally distributed; categorical variables were expressed 
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as percentages. The Friedman M test was used for group 
differences in Likert scores; post hoc analysis for Friedman’s 
test was used to assess differences between each two 
groups. Agreement of Likert scores between two readers, 
the readers’ mrT staging, and PT staging, were assessed 
with two-way mixed model absolute agreement intraclass 
correlation coefficient (ICC, 0.00–0.20, poor agreement; 
0.21–0.40, fair agreement; 0.41–0.60, moderate agreement; 
0.61–0.80, good agreement; and 0.81–1.00, excellent 
agreement). The accuracy of T staging was compared by 
Chi-squared test or Fisher’s exact test. For quantitative 
analysis of data, sharpness, SNR, and CNR, if the error 
variances satisfied normality, randomized complete block 
design was used, otherwise, Friedman’s test was used. Post 

hoc analysis for Bonferroni test or Friedman’s test was used 
to assess differences between the two groups. A P value 
<0.05 indicated statistical significance.

Results

Patient characteristics

A total of 29 patients were enrolled in the study, including 
19 males (65.5%) and 10 females (34.5%), aged 3–86 years 
with an average age of 65.79±13.09 years. Detailed patient 
characteristics including T-staging results are shown in 
Table 2.

Qualitative image analysis

The results of Likert scores assessed by two radiologists are 
shown in Table 3 and Figure 2. All scores in Table 3 are the 
average of two readers. For the visibility of structures, the 
scores of ACS-T2WI [median score, 4, interquartile range 
(IQR, 4, 4)] were higher than those of CS-T2WI [median 
score, 4 (IQR, 3, 4)] and PI T2WI [median score, 3.5 (IQR, 
3, 4)], P<0.001; for the tissue edges sharpness, the scores of 
ACS-T2WI [median score, 3.5 (IQR, 3.5, 4)] were higher 
than those of CS-T2WI [median score, 3 (IQR, 2.5, 3)] 
and PI T2WI [median score, 3 (IQR, 2.5, 3)], P<0.001; 
for the overall image quality, the scores of ACS-T2WI 
[median score, 3.5 (IQR, 3.5, 4)] were higher than those of 
CS-T2WI [median score, 3 (IQR, 2.5, 3)] and PI T2WI 
[median score, 3 (IQR, 3, 3.5)], P<0.001; for confidence in 
N staging, the scores of ACS-T2WI [median score, 4 (IQR, 
3.5, 4)] were higher than those of CS-T2WI [median score, 
3 (IQR, 3, 3.75)] and PI T2WI [median score, 3 (IQR, 2.5, 
3.5)], P<0.001; for image artifacts, there was no statistically 
significant difference among the three groups (P=0.18). The 
scores of visibility of structures, tissue edges sharpness, image 
artifacts, and confidence in N staging had good interobserver 
agreement, with ICC values of 0.73 [95% confidence interval 
(CI): 0.58–0.83], 0.71 (95% CI: 0.49–0.83), 0.68 (95% CI: 
0.51–0.80), and 0.70 (95% CI: 0.55–0.81), respectively. The 
overall image quality scores had excellent interobserver 
agreement, 0.84 (95% CI: 0.76–0.90).

Quantitative analysis

The statistical results of sharpness, SNR, and CNR are 
shown in Table 4 and Figure 3. The image sharpness of 
ACS-T2WI (0.093±0.019) was obviously higher than that of 

Table 2 Clinical characteristics of the patients 

Characteristics Value

Age (years) 65.79±13.09

Sex

Male 19 (65.5)

Female 10 (34.5)

CEA level (ng/mL)

<5 17 (60.7)

≥5 11 (39.3)

CA199 level (U/mL)

<37 23 (82.1)

≥37 5 (17.9)

Tumor location

Upper 4 (13.8)

Middle 21 (72.4)

Lower 4 (13.8)

pT stage

T1 1 (3.4)

T2 2 (6.9)

T3 24 (82.8)

T4 2 (6.9)

Continuous variables following the normal distribution are 
expressed as means ± standard deviations, categorical variables 
are expressed as numbers (percentages). One patient’s tumor 
marker turned out to be missing. CEA, carcinoembryonic antigen; 
CA199, carbohydrate antigen 199; pT stage, pathological T stage. 
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Table 3 Qualitative image quality evaluation results of ACS-T2WI, CS-T2WI, and PI-T2WI

Parameter assessed ACS-T2WI CS-T2WI PI-T2WI F P value ICC*

Visibility of structures 4 (4, 4)bc 4 (3, 4)a 3.5 (3, 4)a 15.92 <0.001 0.73 (0.58, 0.83)

Tissue edges sharpness 3.5 (3.5, 4)bc 3 (2.5, 3)a 3 (2.5, 3)a 49.17 <0.001 0.71 (0.49, 0.83)

Image artifacts 4 (3, 4) 4 (3, 4) 3.5 (3, 4) 3.40 0.18 0.68 (0.51, 0.80)

Overall image quality 3.5 (3.5, 4)bc 3 (2.5, 3)a 3 (3, 3.5)a 28.54 <0.001 0.84 (0.76, 0.90)

Confidence in N staging 4 (3.5, 4)bc 3 (3, 3.75)a 3 (2.5, 3.5)a 27.82 <0.001 0.70 (0.55, 0.81)

All scores in this table are the average of two readers. Unless otherwise specified, data are expressed as median (quartiles interval). 
P<0.05 was considered statistically significant. *, data in parentheses are 95% CIs. a, Friedman test with post hoc. P<0.05 versus ACS-
T2WI; b, Friedman test with post hoc. P<0.05 versus CS-T2WI; c, Friedman test with post hoc. P<0.05 versus PI-T2WI. ACS, artificial 
intelligence-assisted compressed sensing; CS, compressed sensing; PI, parallel imaging; T2WI, T2-weighted imaging; F, Chi-squared 
values; ICC, intraclass correlation coefficient; CI, confidence interval. 

Figure 2 The stacked bar charts show the distribution of Likert scale scores used to assess qualitative image quality by sequence type. The 
score for each sequence is the average of the two readers. ACS, artificial intelligence-assisted compressed sensing (the Likert scale scores 
of ACS-T2WI); CS, compressed sensing (the Likert scale scores of CS-T2WI); PI, parallel imaging (the Likert scale scores of PI-T2WI); 
T2WI, T2-weighted imaging; 
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Table 4 Quantitative evaluation results of ACS-T2WI, CS-T2WI and PI-T2WI

Parameter ACS-T2WI CS-T2WI PI-T2WI F P value

Sharpness 0.093±0.019bc 0.061±0.007a 0.067±0.008a 151.57 <0.001

SNR 13.71 (12.27,15.51)b 17.33±5.28ac 14.91±3.66b 3.54 0.004

CNR 5.57±3.04 5.18±2.89 5.39±3.61 0.87 0.425

Values are expressed as mean ± standard deviation or median (quartiles interval) according to the normal distribution of the data. P<0.05 was 
considered statistically significant. a, post hoc Bonferroni test P<0.05 versus ACS-T2WI; b, post hoc Bonferroni test P<0.05 versus CS-T2WI; 
c, post hoc Bonferroni test P<0.05 versus PI-T2WI. ACS, artificial intelligence-assisted compressed sensing; CS, compressed sensing; PI, 
parallel imaging; T2WI, T2-weighted imaging; F, Chi-squared values; SNR, signal-to-noise ratio; CNR, contrast-to-noise ratio.

CS-T2WI (0.061±0.007) and PI-T2WI (0.067±0.008), and 
there was no statistical difference between CS-T2WI and 
PI-T2WI. The SNR of CS-T2WI (17.33±5.28) was higher 
than ACS-T2WI and PI-T2WI [median score, 13.71 (IQR, 
12.27, 15.51), 14.91±3.66, respectively; P=0.004]. The CNR 
of ACS-T2WI (5.57±3.04) was slightly higher than that of 

CS-T2WI (5.18±2.89) and PI-T2WI (5.39±3.61), but the 
difference was not statistically significant (P=0.425).

mrT staging and pathological T stage agreement

Tables 5,6 show the results of comparison between every 

Figure 3 Box-and-Whisker plots for quantitative parameters. (A) Sharpness of ACS-T2WI, CS-T2WI, and PI-T2WI; (B) SNR of ACS-
T2WI, CS-T2WI, and PI-T2WI; (C) CNR of ACS-T2WI, CS-T2WI, and PI-T2WI. The three horizontal lines in the Box-and-Whisker 
plots represent the 25th percentile, the 50th percentile, and the 75th percentile from top to bottom. T2WI, T2-weighted imaging; ACS, 
artificial intelligence-assisted compressed sensing; CS, compressed sensing; PI, parallel imaging; SNR, signal-to-noise ratio; CNR, contrast-
to-noise ratio. 
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Table 5 Reader 1’s contingency table of PT staging and mrT staging 

PT staging
ACS-T staging CS-T staging PI-T staging

T1 T2 T3 T4 T1 T2 T3 T4 T1 T2 T3 T4

T1 1 0 0 0 1 0 0 0 1 0 0 0

T2 0 2 0 0 0 1 1 0 0 1 1 0

T3 0 1 21 2 0 2 19 3 0 3 18 3

T4 0 0 0 2 0 0 0 2 0 0 0 2

PT staging, pathological T staging; mrT staging, T staging based on MRI; ACS-T staging, mrT staging based on the ACS-T2WI; CS-T 
staging, mrT staging based on the CS-T2WI; PI-T staging, mrT staging based on the PI-T2WI; ACS, artificial intelligence assisted 
compressed sensing; CS, compressed sensing; PI, parallel imaging; T2WI, T2-weighted imaging.

Table 6 Reader 2’s contingency table of PT staging and mrT staging 

PT staging
ACS-T staging CS-T staging PI-T staging

T1 T2 T3 T4 T1 T2 T3 T4 T1 T2 T3 T4

T1 1 0 0 0 1 0 0 0 1 0 0 0

T2 0 1 1 0 0 0 2 0 0 0 2 0

T3 0 1 23 0 0 2 22 0 0 3 20 1

T4 0 0 1 1 0 0 1 1 0 0 1 1

PT staging, pathological T staging; mrT staging, T staging based on MRI; ACS-T staging, mrT staging based on the ACS-T2WI; CS-T 
staging, mrT staging based on the CS-T2WI; PI-T staging, mrT staging based on the PI-T2WI; T2WI, T2-weighted imaging; ACS, artificial 
intelligence assisted compressed sensing; CS, compressed sensing; PI, parallel imaging.

reader’s mrT staging and PT staging of each sequence. For 
reader 1, the agreement between the T staging of the ACS-
T2WI, CS-T2WI, and PI-T2WI and the PT staging were 
0.85, 0.71, and 0.67, respectively. For reader 2, these values 
were 0.80, 0.63, and 0.59, respectively. Readers had a higher 
diagnostic accuracy of ACS-T2WI (89.66%) than they did 
of CS-T2WI (79.31%) and PI-T2WI (75.86%), but the 
difference was not statistically significant (P=0.47).

Discussion

In this study, SR T2WI rectal images based on ACS were 
evaluated by comparing them with images based on CS 
and PI. The results showed that ACS-T2WI performed 
better than CS-T2WI and PI-T2WI in qualitative image 
assessment such as structure visibility, edge sharpness, 
overall image quality, and confidence in N staging (inter-
reader agreement was good or excellent). ACS-T2WI 
showed better sharpness than CS-T2WI and PI-T2WI 
in quantitative image quality comparison. The SNR of 

ACS-T2WI was slightly lower than that of CS-T2WI, but 
comparable to that of PI-T2WI. ACS-T2WI mrT staging 
is more consistent with PT staging than CS-T2WI and PI-
T2WI. Therefore, we conclude that SR T2WI based on 
ACS is helpful for T and N staging of RC patients with the 
reasonable scanning time, which has potential to improve 
the performance of RC diagnosis and has a good application 
prospect in RC MRI.

Balancing the spatial resolution, contrast resolution, 
and temporal resolution of MRI has always been a major 
difficulty. The matrix in MRI is closely related to the image 
resolution. The larger the matrix is, the smaller the pixels 
are, and the clearer the image details are. If only increasing 
the image matrix, the scan time will multiply, which cannot 
be tolerated by many patients. Previous studies have shown 
that MRI technology based on DL reconstruction can 
shorten the scan time while maintaining image quality, 
and can also provide SR images for some diseases when 
required (28,29). At present, ACS is often used to shorten 
the examination time of various parts of MRI, avoid the 



Quantitative Imaging in Medicine and Surgery, Vol 15, No 3 March 2025 2555

© AME Publishing Company.   Quant Imaging Med Surg 2025;15(3):2547-2560 | https://dx.doi.org/10.21037/qims-24-1317

repeated examination caused by patient intolerance, and 
reduce the examination cost, so as to increase the flow of 
patients (7,25). However, for some diseases, SR images 
need to be acquired for accurate diagnosis and quantitative 
analysis (30). Chaudhari et al. (31) found that MRI images 
of osteoarthritis based on DL were superior to conventional 
SR images based on interpolation techniques in image 
sharpness, image blur measurement, and cartilage detection, 
and the image quality could be improved without bias to 
quantitative biomarkers. When Zhou et al. (32) studied SR 
brain tumor MRI based on DL, they found that the SR T2-
fluid attenuated inversion recovery (FLAIR) images had an 
improved Dice coefficient compared to the original low-
resolution T2-FLAIR images; MRI-based brain tumor SR 
generative adversarial network modified from enhanced 
SR generative adversarial network architecture had great 
potential in early detection and accurate evaluation of brain 
tumor recurrence and prognosis. Almansour et al. (33) 
combined DL-based SR with a PF reconstruction technique 
for abdominal gradient echo sequence, which can shorten 
the breath-holding time and improve the image clarity and 
lesion significance.

For RC patients, previous studies have shown that T2WI 
with smaller voxels has advantages in lesion detection, can 
reduce the occurrence of partial volume effect, and clearly 
show the edge of the lesion and the depth of extramural 
invasion, which is crucial for the T and N staging of RC 
(27,34). Hou et al. (35) used three-dimensional (3D) SR 
images based on DL for radiomics analysis for the first time 
and found that the SR radiomics model showed a more 
favorable ability to help clinicians evaluate the invasion 
depth of RC before surgery. In this study, we observed a 
slightly lower SNR for ACS-T2WI compared to CS-T2WI, 
likely due to the substantial increase in the image matrix 
size from 512×512 to 704×704, which directly enhances 
spatial resolution. This improvement in resolution is a key 
objective of our approach, demonstrating the effectiveness 
of ACS technology in achieving higher resolution images 
without increasing scan time. So, ACS-T2WI can improve 
the success rate of examination with the same scanning time 
(168 s). It can use a higher matrix to increase the image 
resolution, and the contrast between the lesion edge and the 
normal bowel wall is sharper, which is helpful to accurately 
distinguish the structures (Figure 4) of the rectum and T 
stage. The T staging consistency of ACS-T2WI was higher 

than that of CS-T2WI and PI-T2WI, and the T staging 
of ACS-T2WI had the potential to be better than the 
other two sequences, but the results were not statistically 
significant. The staging of lymph node metastasis is crucial 
for the selection of treatment methods for RC. A total of 
29 patients with RC who met the inclusion and exclusion 
criteria were collected. The exclusion of patients without 
lymph node metastasis would have reduced the number of 
eligible patients even further if the results of lymph node 
metastasis evaluation in the three sequences were matched 
with the histopathological results one-to-one, and there 
is concern that the statistical results may have been due to 
substantial chance. Therefore, the diagnostic confidence 
of N staging in the qualitative evaluation was specifically 
designed. The results showed that the diagnostic confidence 
of N staging on ACS-T2WI was higher than that on CS-
T2WI and PI-T2WI (Figure 5). The two readers’ image 
quality assessment indicated that ACS-T2WI can provide 
more evidence of lymph node metastasis than CS-T2WI 
and PI-T2WI, thereby improving diagnostic confidence. 
However, this increased confidence was not matched with 
histopathology, so the accuracy of ACS-T2WI remains 
uncertain. At present, even experienced radiologists are 
not accurate in the diagnosis of lymph node metastasis in  
RC (36). The potential for ACS-T2WI to provide improved 
diagnosis of lymph node metastasis less than 5 mm will be 
explored in future studies.

This study has some limitations. First, it was a single-
center study. Due to the need for quantitative data 
measurement, only a relatively small number of patients 
with rectal adenocarcinoma were included in this study, and 
further prospective studies with a large number of patients 
in multi-centers are needed. Second, other acceleration 
factors and combinations of other matrix sizes were not 
compared, given patient tolerance and acquisition time.

Conclusions

By using ACS to increase the resolution through a 
larger matrix size, higher quality images can be obtained 
within the same scanning time as traditional acceleration 
techniques. This technique is superior to CS-T2WI and PI-
T2WI in image sharpness, lesion structure visibility, and N 
staging of RC. It has a good application prospect in clinical 
MRI scanning of RC.
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Figure 4 MRI of a 68-year-old male patient with pathologically diagnosed T3 rectal cancer. (A) The sagittal image; (B,C) the images of 
ACS-T2WI; (D,E) the images of CS-T2WI; (F,G) the images of PI-T2WI. Where (B,D,F) are the original images and (C,E,G) are the 
magnified images, the magnification is 2.2. The black arrows represent rectal cancer lesions, the white arrows represent the rectal wall 
and the selected part in the red box is the enlarged part. The visualization of intestinal wall on ACS-T2WI images are better than that on 
CS-T2WI and PI-T2WI images. MRI, magnetic resonance imaging; T2WI, T2-weighted imaging; ACS, artificial intelligence-assisted 
compressed sensing; CS, compressed sensing; PI, parallel imaging.
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Figure 5 MRI of another 68-year-old male patient with pathologically diagnosed T3 rectal cancer. (A,B) The picture of ACS-T2WI; (C,D) 
the picture of CS-T2WI; (E,F) the picture of PI-T2WI. Where (A,C,E) are the original images and (B,D,F) are the magnified images, the 
magnification is 2. White arrows point to lymph node, the selected part in the red box is the enlarged part. On the ACS-T2WI images, the 
margins of lymph nodes were irregular, suggesting a higher suspicion of lymph node metastasis of rectal cancer. However, on the CS-T2WI 
and PI-T2WI images, the blurred margins made it difficult to assess lymph node metastasis. MRI, magnetic resonance imaging; T2WI, T2-
weighted imaging; ACS, artificial intelligence assisted compressed sensing; CS, compressed sensing; PI, parallel imaging.
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