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Effect of Al-assisted compressed sensing acceleration on MRI radiomic feature extraction

and staging model performance for nasopharyngeal carcinoma
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Abstract: Objective To evaluate the effect of artificial intelligence-assisted compressed sensing (ACS) acceleration on MRI
radiomic feature extraction and performance of diagnostic staging models for nasopharyngeal carcinoma (NPC) in comparison
with conventional parallel imaging (PI). Methods A total of 64 patients with newly diagnosed NPC underwent 3.0T MRI using
axial T1-weighted (T1W), T2-weighted (T2W), and contrast-enhanced T1-weighted (CE-T1W) sequences. Both PI and ACS
protocols were performed using identical imaging parameters. The total scan time for the 3 sequences in ACS group was 227 s,
representing a 30% reduction from 312 s in the PI group. Eighteen first-order and 75 texture features were extracted using
Pyradiomics. Intraclass correlation coefficients (ICCs) were calculated to assess the agreement between the two acceleration
methods. After feature selection using the least absolute shrinkage and selection operator (LASSO), random forest regression
models were constructed to distinguish early-stage (T1 and T2) from advanced-stage (T3 and T4) NPC. The diagnostic
performance of the models was evaluated using the area under the receiver operating characteristic curve (AUC) and
compared using the DeLong test. Results ACS-accelerated images demonstrated good radiomic reproducibility, with 86.0%
(240/279) of features showing good agreement (ICC>0.75), with mean ICCs for TIW, T2W and CE-T1W sequences of 0.91+0.09,
0.89+0.13 and 0.88+0.11, respectively. The staging prediction models achieved similar AUCs for ACS and PI (0.89 vs 0.90, P=
0.991). Conclusion The MRI radiomic features extracted using ACS and PI techniques are highly consistent, and the ACS-
based model shows comparable diagnostic performance to the PI-based model, but ACS significantly reduces the scan time
and provides an efficient and reliable acceleration strategy for radiomics in NPC.
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Tab.1 Characteristics of the patients with NPC

Characteristics Dataset values

Number of patients (%) 64

Age (year, Mean+SD) 44.2+11.3 (18-68)

Gender
Male 42(65.6%)
Female 22(34.4%)
Histological type
NKUC 64 (100%)
T stage
T1 7 (10.9%)
T2 6(9.4%)
T3 40 (62.5%)
T4 11 (17.2%)
N stage
NO 1 (1.6%)
N1 32 (50%)
N2 15 (23.4%)
N3 16 (25%)
M stage
MO 59 (92.2%)
M1 5(7.8%)

NKUC: Nonkeratinizing undifferentiated carcinoma.
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Tab.2 MRI sequences and parameters

R T T 1TWI 3551 R F PTAT ACS Wi 7 51) i
SRR, B AN, L UL A HAL S S B 1
K8 I RERUGIIHT T R AW B35
PERSIE EUG I — A S ARG IE (F2) o

AXT2WIFSE AXT2WIFSE AXTIWIFSE AXTIWIFSE Post-contrast AX
Sequences parameter

Post-contrast AX

ACS PI ACS PI TIWIFSE ACS T1WI FSE PI
Fov (mm) 240%240 240%240 240%240 240%240 240%240 240%240
TR/TE (ms) 4800/120 4800/120 662/8.16 662/8.16 789/8.12 789/8.12
Matrix 384x269 384x269 384x307 384x307 384x307 384x307
ETL 28 28 2 2 2 2
Bandwidth (Hz) 260 260 280 280 250 250
Average 1 1 1 1 1 1
Number slices 40 40 40 40 40 40
Spatial resolution 0.89x0.63x5 0.89x0.63x%5 0.78x0.63x5 0.78x0.63x5 0.78%0.63%5 0.78%0.63x5
Acquisition ACS PI ACS PI ACS PI
Accelerating factors 2.25 2 2.25 2 2.25 2
Sequence acquisition time (s) 59 82 93 140 75 90

AX T2WI: Axial T2-weighted imaging; AX T1WI: Axial T1-weighted imaging; TR: Repetition time; TE: Echo time; ETL: Echo train length.
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1. Data acquisition: PI & ACS
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3. Segmentation
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Image preprocessing methods:
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Feature agreement Modeling

Fig.1 Workflow of image preprocessing and consistency analysis between the two accelerated MRI sequences.
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Fig.2 Scatter plot of intraclass correlation coefficients (ICCs) for all radiomic features extracted from TIWI,
T2WI, and contrast-enhanced T1WI sequences, categorized by consistency levels. The red dashed line
represents the ICC threshold of 0.75.
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feature category. The red dashed line indicates the reproducibility threshold at ICC=0.75, above which
features are considered to have good agreement.
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Tab.3 Predictive performance of different acceleration sequences

Feature type Method Accuracy AUC F1-Score Sensitivity Specificity P
PI 0.891 0.889 0.931 0.940 0.714
All Features 0.991
ACS 0.891 0.902 0.931 0.940 0.714
PI 0.891 0.916 0.931 0.940 0.714
Features ICC>0.75 0.998
ACS 0.906 0.916 0.939 0.920 0.857
A Model building using all features B Model building using features with ICC>0.75
Receiver operating characteristic-LOOCV Receiver operating characteristic-LOOCV
o8| [ -l 0.8
5} P ’ 8 4
8 - B
® 0.6 o 2 0.6 -
v 04 g 04
= B = )
02 [ 7 0.2
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False positive rate
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Fig.4 ROC curves of radiomics models constructed using PI- and ACS-accelerated images. The plots show the ROC curves of

models built using all extracted features (A) and models built using only features with ICC>0.75 (B). The orange curve represents

the model based on PI-accelerated images, and the blue curve represents the model based on ACS-accelerated images.
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A Summary plot of features extracted from PI
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Fig.5 SHAP summary plots of feature contributions in random forest models. The

plots show feature contributions for models constructed using features extracted

from Pl-accelerated images (A) and ACS-accelerated images (B).
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