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[ Abstract | Background and purpose: Diffuse large B-cell lymphoma (DLBCL) is subclassified into germinal center B-cell-like
(GCB) and non-GCB subtypes, which differ in prognosis and treatment response. However, current distinction still relies on invasive
pathological assays. This study developed radiomics and deep-learning models based on multiparametric magnetic resonance
imaging (MRI) to non-invasively differentiate the two subtypes preoperatively, thereby reducing dependence on histopathological
examination. Methods: This study retrospectively included patients with pathologically confirmed DLBCL diagnosed at Huashan
Hospital, Fudan University, and other institutions between March 2013 and December 2024. Using multiparametric MRI data,
we developed DLBCL-subtype classification models that combined 4 radiomics-based machine-learning algorithms: support
vector machine (SVM), logistic regression (LR), Gaussian process (GP) and Naive Bayes (NB), with 3 deep-learning architectures

[ densely-connected convolutional networks 121 (DenseNet121), residual network 101 (ResNet101) and EfficientNet-b5 ] .
Additionally, two radiologists with different experience levels independently classified DLBCL on MRI in a blinded fashion. Model
and radiologist performance were quantified using the area under the receiver operating characteristic curve (AUC), accuracy (ACC),
and F1-score to evaluate their ability to distinguish GCB from non-GCB subtypes. This study was approved by the Ethics Committee
of Huashan Hospital of Fudan University (No. KY2024-663), and all patients signed informed consents. Results: A total of 173
patients were enrolled (55 with GCB subtype and 118 with non-GCB subtype). Radiomics and deep learning methods effectively
distinguished DLBCL subtypes. Among these, the GP radiomics model (based on T1-CE+T2-FLAIR+ADC sequences) and
DenseNet121 deep learning model (based on T1-CE+T2-FLAIR+ADC sequences) demonstrated optimal performance. Both achieved
excellent results on the internal validation set (GP: AUC=0.900, ACC=0.896, F1=0.840; DenseNet121: AUC=0.846, ACC=0.854,
F1=0.774) and maintained robustness on the external validation set. Furthermore, the classification efficacy of the optimal Al model
surpassed that of experienced radiologists (highest physician AUC=0.678). Conclusion: Radiomics and deep-learning models
based on multiparametric MRI features can effectively differentiate GCB from non-GCB subtypes of DLBCL. Among them, GP
and DenseNet121 exhibit outstanding performance, especially when integrating multi-sequence feature sets for classifying DLBCL
subtypes on complex imaging data.

[ Key words | Diffuse large B-cell lymphoma; Germinal center B-cell-like; Non-GCB; Radiomics; Deep learning
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Fig.1 Schematic diagram of ROI

A: T1-CE image; B: T2-FLAIR image; C: ADC map; D: Red area, tumor ROI; E: Green area, ROI within edema region; F: Tumor ROI and edema

ROI mapped onto the ADC map.
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Patients pathologically diagnosed with primary intracranial DLBCL at Huashan Hospital of
Fudan University, Zhongda Hospital of Southeast University, and the Second Xiangya Hospital
of Central South University between March 2013 and December 2024 (n=583)

!

Inclusion criteria:
D Age=18 years;
(2 Pathologically confirmed DLBCL;

GCB or non-GCB subtype;

(3) Complete immunohistochemical staining for CD10,
BCL-6, and MUM1 allowing clear classification as

() Absence of congenital or acquired immunodeficiency

Exclusion criteria:

(D Incomplete MRI data (missing T1-CE, T2-
FLAIR, or ADC maps) (n=56) ;

(2) MRI scans obtained after surgery, chemotherapy,
radiotherapy, or corticosteroid use (#=329);

(3 Poor MRI image quality (n=25);

@ Incomplete clinical information (7=0)

\4

v

| Patients were eligible for enrollment (n=173)

+ Y

v

Training set Internal validation set
(n=112) (n=48)

External validation set

(n=13)

B2 BEMNIHERIRERTEZE
Fig. 2 Flow diagram of patient inclusion and exclusion criteria

DLBCL: Diffuse large B-cell lymphoma; GCB: Germinal center B-cell-like; non-GCB: Non-germinal center B-cell-like; T1-CE: Contrast-enhanced
T1-weighted imaging; T2-FLAIR: T2-weighted fluid-attenuated inversion recovery; ADC: Apparent diffusion coefficient.

F1 FEEMHADLBCLEEIGKES

Tab.1 Clinical characteristics of patients with primary intracranial DLBCL

Baseline characteristics Training set (n=112) Internal validation set (n=48) P value  External validation set (n=13) P value’
Agelyear 59.06+13.43 60.46+10.79 0.174 64.62+8.81 0.148
Gender 1.000 0.049

Male 63 (56.2) 27 (56.3) 11 (84.6)
Female 49 (43.8) 21 (43.7) 2(15.4)
Pathology 0.971 0.194
GCB 37(33.0) 16 (33.3) 2(15.4)
Non-GCB 75 (67.0) 32 (66.7) 11 (84.6)

" Training set compared with external validation set; Continuous variables were presented as X +.s; Categorical variables were expressed as 7(%);
DLBCL: Diffuse large B-cell lymphoma; GCB: Germinal center B-cell-like; Non-GCB: Non-germinal center B-cell-like.
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Tab.2 Performance of radiomics models in the internal and external validation set

Sequence Model Internal validation set [ AUC (95% CI)/ACC/F1 | External validation set [ AUC (95% CI)/ACC/F1 ]
T1-CE+T2-FLAIR+ADC SVM 0.887 (0.789-0.984)/0.833/0.778 0.822 (0.700-0.944)/0.889/0.833
LR 0.878 (0.771-0.987)/0.854/0.800 0.840 (0.718-0.960)/0.833/0.769
GP 0.900 (0.805-0.906)/0.896/0.840 0.834 (0.710-0.958)/0.889/0.833
NB 0.805 (0.678-0.932)/0.813/0.743 0.852 (0.738-0.965)/0.833/0.800
DenseNet121 0.846 (0.710-0.982)/0.854/0.774 0.807 (0.672-0.941)/0.889/0.875
ResNet101 0.842 (0.701-0.983)/0.833/0.750 0.826 (0.706-0.947)/0.833/0.800

EfficientNet-b5
T1-CE+T2-FLAIR

0.802 (0.674-0.929)/0.771/0.703

0.802 (0.673-0.937)/0.889/0.833

SVM 0.709 (0.562-0.856)/0.646/0.622 0.703 (0.552-0.854)/0.722/0.615

LR 0.719 (0.572-0.866)/0.667/0.636 0.703 (0.552-0.854)/0.778/0.714

GP 0.719 (0.574-0.863)/0.667/0.652 0.678 (0.517-0.839)/0.611/0.588

NB 0.688 (0.529-0.846)/0.708/0.632 0.717 (0.571-0.863)/0.556/0.556

DenseNet121 0.713 (0.565-0.860)/0.646/0.622 0.691 (0.526-0.856)/0.667/0.666

ResNet101 0.723 (0.576-0.869)/0.729/0.629 0.738 (0.585-0.892)/0.611/0.632

EfficientNet-b5 0.725 (0.582-0.867)/0.688/0.651 0.732 (0.578-0.886)/0.611/0.364

T1-CE+ADC SVM 0.793 (0.660-0.926)/0.750/0.700 0.562 (0.375-0.750)/0.778/0.666
LR 0.840 (0.718-0.962)/0.771/0.718 0.615 (0.440-0.790)/0.778/0.714

GP 0.844 (0.726-0.961)/0.792/0.750 0.547 (0.359-0.734)/0.611/0.588

NB 0.820 (0.696-0.945)/0.792/0.722 0.572 (0.394-0.750)/0.556/0.556

DenseNet121 0.822 (0.700-0.944)/0.771/0.718 0.531 (0.344-0.718)/0.778/0.666

ResNet101 0.840 (0.718-0.962)/0.771/0.718 0.578 (0.396-0.760)/0.611/0.364

EfficientNet-b5 0.852 (0.738-0.965)/0.771/0.732 0.611 (0.438-0.785)/0.667/0.625

T2-FLAIR+ADC SVM 0.822 (0.700-0.944)/0.771/0.718 0.709 (0.546-0.872)/0.722/0.635
LR 0.840 (0.718-0.962)/0.771/0.718 0.537 (0.359-0.716)/0.667/0.571

GP 0.852 (0.738-0.965)/0.771/0.732 0.525 (0.336-0.715)/0.611/0.588

NB 0.834 (0.710-0.958)/0.833/0.765 0.740 (0.585-0.895)/0.778/0.714

DenseNet121 0.834 (0.710-0.958)/0.833/0.765 0.568 (0.392-0.745)/0.833/0.800

ResNet101 0.793 (0.660-0.926)/0.750/0.700 0.525 (0.339-0.711)/0.722/0.615

EfficientNet-b5 0.844 (0.722-0.966)/0.771/0.718 0.570 (0.388-0.753)/0.722/0.615

T1-CE SVM 0.527 (0.338-0.717)/0.667/0.385 0.527 (0.338-0.717)/0.444/0.445
LR 0.562 (0.377-0.748)/0.625/0.471 0.562 (0.377-0.748)/0.500/0.470

GP 0.549 (0.367-0.730)/0.646/0.452 0.529 (0.342-0.717)/0.556/0.556

NB 0.529 (0.342-0.717)/0.667/0.385 0.549 (0.367-0.730)/0.444/0.375

DenseNet121 0.721 (0.565-0.876)/0.708/0.632 0.721 (0.565-0.876)/0.611/0.364

ResNet101 0.705 (0.541-0.869)/0.729/0.552 0.705 (0.542-0.869)/0.444/0.375

EfficientNet-b5 0.684 (0.516-0.851)/0.708/0.611 0.684 (0.517-0.852)/0.667/0.625

T2-FLAIR SVM 0.703 (0.552-0.854)/0.708/0.611 0.518 (0.329-0.708)/0.722/0.666
LR 0.703 (0.552-0.854)/0.688/0.615 0.562 (0.377-0.748)/0.778/0.714

GP 0.717 (0.571-0.863)/0.667/0.619 0.525(0.336-0.715)/0.611/0.588

NB 0.678 (0.517-0.839)/0.729/0.587 0.553 (0.372-0.733)/0.722/0.666

DenseNet121 0.711 (0.563-0.859)/0.708/0.611 0.611 (0.438-0.785)/0.722/0.615

ResNet101 0.703 (0.552-0.854)/0.688/0.615 0.539 (0.365-0.713)/0.667/0.625

EfficientNet-b5 0.711 (0.560-0.861)/0.729/0.606 0.539 (0.366-0.713)/0.667/0.666

ADC SVM 0.779 (0.622-0.936)/0.750/0.690 0.713 (0.565-0.860)/0.778/0.667
LR 0.807 (0.666-0.947)/0.833/0.661 0.723 (0.576-0.869)/0.833/0.769

GP 0.836 (0.712-0.959)/0.750/0.714 0.691 (0.536-0.847)/0.667/0.625

NB 0.819 (0.690-0.948)/0.833/0.734 0.725 (0.582-0.867)/0.556/0.556

DenseNet121 0.807 (0.674-0.934)/0.771/0.703 0.723 (0.563-0.882)/0.833/0.800

ResNet101 0.770 (0.614-0.925)/0.729/0.683 0.691 (0.528-0.855)/0.833/0.769

EfficientNet-b5

0.834 (0.714-0.954)/0.792/0.706

0.719 (0.559-0.879)/0.722/0.706

T1-CE: Contrast-enhanced T1-weighted imaging; T2-FLAIR: T2-weighted fluid-attenuated inversion recovery; ADC: Apparent diffusion
coefficient; AUC: Area under the curve; ACC: Accuracy; F1: Fl-score; SVM: Support vector machine; LR: Logistic regression; GP: Gaussian process;
NB: Naive Bayes; DenseNet121: Densely connected convolutional networks 121; ResNet101: Residual network 101.
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