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doxorubicin, vincristine, and prednisone (R-CHOP), about 
30–40% of cases experienced refractory disease or death, 
which ultimately resulted in poor disease outcomes (Rup-
pert et al. 2020). Therefore, identifying factors influencing 
DLBCL prognosis and establishing an effective prognostic 
model to guide clinical decision-making are very significant 
in current lymphoma diagnosis and treatment (Cunningham 
et al. 2017). Currently for DLBCL clinical prognosis, the 
primary indicators include International Prognostic Index 
(IPI), Revised International Prognostic Index (R-IPI), and 
NCCN-IPI. However, these indicators fall short of accu-
rately identifying patients with relapsed disease or poor 
long-term prognosis (Afonso et al. 2021; Sehn et al. 2005; 
Xu et al. 2023b).

Using [18F]-FDG PET/CT images to evaluate DLBCL 
patients before treatment has been proven to be promising. 

Introduction

Diffuse large B-cell lymphoma (DLBCL), a prevalent form 
of non-Hodgkin lymphoma (NHL), exhibits significant 
genetic and phenotypic heterogeneity, which results in nota-
ble variations in treatment response and survival prognosis 
(Li et al. 2018; Wright et al. 2020). Despite the standard 
immunochemotherapy with rituximab, cyclophosphamide, 
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Several studies (Chen et al. 2019; Shagera et al. 2019) dem-
onstrated that semiquantitative metabolic parameters from 
PET/CT images, including total lesion glycolysis (TLG), 
baseline metabolic tumor volume (MTV), and standardized 
uptake value (SUV), can be utilized to assess tumor het-
erogeneity and risk stratification for DLBCL patients, espe-
cially in high-risk cases. However, these parameters cannot 
capture the nuances of the internal structure of the tumor.

The emergence of radiomics made it possible to alleviate 
this issue. By exploring CT, MR, and PET, other medical 
images (Eertink et al. 2022) to extract valuable informa-
tion, radiomics enables a non-invasive and quantitative 
observation of spatiotemporal heterogeneity in tumors. 
This provides a new prognostic solution for various dis-
eases, especially lymphomas (Eertink, van de Brug, Eertink 
et al. 2022a, b; Fan et al. 2022; Li et al. 2023). However, 
the majority of existing studies (Eertink, van de Brug, Eer-
tink et al. 2022a, b; Jiang et al. 2022a; Jiang et al. 2022b) 
focused on traditional radiomics, which faced challenges 
in extracting deep features of medical images. The appear-
ing deep learning techniques are expected to overcome this 
shortcoming. The deep learning-based radiomics method 
has shown significant advantages for prognosis of various 
cancers (Li et al. 2017; Peng et al. 2019; Zhong et al. 2021). 
However, these models focused on one modality image, 
ignoring the complementary features of multimodal images. 
In addition, in these models, manual parameter tuning is 
rather time-consuming during the feature classification 
predictions (de Jesus et al. 2022; Fan et al. 2022; Shuilin 
et al. 2023). Recently, the Automated machine learning 
(AutoML) framework AutoGluon (Erickson et al. 2020) 
made it possible to solve this problem. In this study, we 

tried to construct a multimodal PET/CT deep features-based 
radiomic model and used the AutoML framework to further 
enhance the prognostic accuracy of DLBCL patients.

Materials and methods

Patients data collection

Ethical approvals were obtained for this retrospective analy-
sis and the requirements for written consent from patients 
were waived. This retrospective study enrolled 369 DLBCL 
patients. Among them, 225 patients were from Nanjing 
Drum Tower Hospital, affiliated with the Medical School 
of Nanjing University and 144 patients were from West 
China Hospital of Sichuan University. All patients received 
6 cycles of R-CHOP followed by 2xR. Radiotherapy for 
PET-CT positive remaining lesions was excluded from our 
study. Similarly, the Pola-R-CHP regimen was not included. 
Patients with IPI 0 and no bulk did not receive 4 cycles of 
R-CHOP followed by 2 cycles of R according to the FLYER 
trial collective. For patients with a high CNS-IPI, we admin-
istered prophylactic intrathecal injections with methotrexate 
(MTX), but did not administer high-dose MTX prophylacti-
cally. Therefore, high-dose MTX was not included in this 
study. These patients were randomly divided into a training 
cohort (n = 258) and an internal validation cohort (n = 111) 
with a 7:3 ratio. The detailed patient selection workflow was 
depicted in Fig. 1.

Fig. 1  Patient selection workflow chart
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PET/CT scanning protocol

Patients from Nanjing Drum Tower Hospital, affiliated with 
the Medical School of Nanjing University were scanned 
using the Gemini GXL PET/CT scanner. Patients from West 
China Hospital of Sichuan University were scanned using 
the Gemini GXL and UM780 PET/CT scanner. The main 
procedure includes: (I) Patients fasted for at least 6 h before 
the scan to have a blood glucose level below 11.1 mmol/L; 
(II) After 6 h of fasting (no oral or intravenous fluids con-
taining sugar or glucose), 185 to 370 MBq of [18F]-FDG 
(5.18 MBq/kg) was administered intravenously; (III) The 
PET/CT scans were started 60  min after the injection of 
radiopharmaceuticals. The scans were performed from the 
base of the skull to the upper thighs and lasted 2 min in each 
bed position. The scanning parameters were described in the 
Supplementary Text 1.

Data preprocessing and PET-CT image fusion

Volume of interest (VOI) delineations were completed on 
PET images with the 3D Slicer tool (version 5.2.0; http://
www.slicer.org). Firstly, VOIs were delineated semi-auto-
matically through the Grow-Cut algorithm. Subsequently, 
the generated VOIs were manually adjusted by two physi-
cians. If there were discrepancies, they were reviewed and 
determined by a senior nuclear medicine scientist. On CT 
and multimodal PET-CT images, we did not perform VOI 
delineations manually. We used the VOI of PET images 
to do registration on CT images, and in the fused multi-
modal PET/CT images, which obtained the final VOIs. This 
approach significantly reduced the work for VOI delinea-
tions CT and fused PET/CT images.

To construct the fused PET/CT images, we preprocessed 
the PET and CT images independently. For CT images, the 
window width and window level were adjusted to 350HU 
and 50HU to optimize the contrast (Cui et al. 2022). For 
PET images, they underwent smoothing and denoising. 
After that, Z-score normalization was applied to pixel val-
ues of PET and CT images to ensure a consistent pixel 
range. Then, the CT images were performed registration to 
PET images with the SimpleITK library (https://simpleitk.
readthedocs.io/en/master/gettingStarted.html, version 
2.0.0). It facilitated the correlations between PET and CT 
images in terms of the bio-metabolic information and struc-
ture information.

After the registration of CT images to PET images, a 
multi-scale feature-weighted fusion module was utilized to 
build the fused images. Firstly, PET and CT images under-
went down-sampling and pooling to obtain PET/CT feature 
maps with smooth filtering at multiple scales. After that, 
they were concatenated to obtain the spatial fusion maps. 

This process tried to comprehensively capture the multi-
level feature information of PET and CT images. Mean-
while, given that PET images emphasized bio-metabolic 
information in lesion regions, an attention mechanism was 
added to capture the semantic information contained in PET 
images, which generated PET attention maps. Then, they 
were concatenated to CT images to form hybrid attentional 
maps. Finally, the hybrid attentional maps were combined 
with the spatial fusion maps to generate multimodal PET-
CT maps. These maps were up-sampled to generate the final 
multimodal fused images.

Radiomics feature extraction

To extract deep features of lesion regions, we utilized sev-
eral transfer learning and pre-trained deep learning models 
(such as ResNet-50, VGG-16, VGG-19, Densenet-121, 
Densenet-169, Xception, and NASNet). This approach 
aimed to reduce training costs, minimize training time, and 
enhance model performance. For these models, the Ima-
geNet dataset was widely utilized for training (Morid et al. 
2021). The pre-training weights of models on the ImageNet 
dataset were generally used as the initial weights of the mod-
els. Initially, 224 224 pixel-sized images containing tumors 
were cropped. Subsequently, cubic spline interpolation was 
used to convert them from grayscale images to RGB images. 
Finally, there were 1000 deep features extracted through the 
fully connected layer for each patient. These models were 
implemented using the Python Keras library (https://github.
com/fchollet/keras). The process of deep features-based 
radiomics analysis is illustrated in Fig. 2. For comparison, 
we also extracted the radiomics features with the traditional 
method (see Supplementary Text 2 and Text 3).

Feature selection and DFR-signature construction

All extracted features were normalized through Z-scores. 
Then the intraclass correlation coefficient (ICC) was cal-
culated to determine the interobserver repeatability of each 
radiomic feature. Those features with ICCs above 0.8 were 
kept for further analysis. On these features, we selected the 
key features with the Mutual Information (MI) algorithm. 
All features were queued according to their significance to 
the survival events, and finally, the first 10 features were 
selected as the key features to construct the DFR-signature 
(Fan et al. 2022). In addition, the AutoGluon framework 
(version 0.7.0, https://github.com/autogluon/autogluon) was 
utilized to optimize the construction of the DFR-signature.

AutoGluon simplified end-to-end machine learning tasks 
by automating several time-consuming processes such as 
data preprocessing, optimal algorithm selection, and hyper-
parameter tuning. The framework included two layers. The 
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Development and validation of the models

During the training process, a 10-fold cross-validation 
approach was utilized to mitigate the risk of overfitting. In 
the training cohort, univariate and multivariate Cox regres-
sion analyses were utilized to identify the potential indepen-
dent clinical factors and metabolic parameters. Then these 

first layer as the base learner consisted of multiple machine 
learning models for prediction. The prediction results of 
the first layer combined with the input data were fed into 
the second layer, which consisted of multiple stacker mod-
els. The machine learning models used in AutoGluon are 
described in the Supplementary Text 4.

Fig. 2  Flowchart of deep learning radiomics analysis
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occurred in 93 participants, and 66 participants died. Their 
PFS rates are 80.8%, 42.0% and 7.6% at 1, 3, and 5 years, 
respectively, and OS rates are 86.7%, 43.1%, and 10.6% at 
1, 3, and 5 years, respectively.

Predictive performance of the deep learning models 
and DFR-signatures

We compared several CNN models for feature extraction 
of DLBCL patient images, including ResNet-50, VGG-
16, VGG-19, Densenet-121, Densenet-169, Xception, and 
NASNet. Results showed that ResNet-50 achieved the big-
gest value of AUC (see in Table 1). In the training cohort 
and internal validation cohort, it was 0.863 and 0.767, 
respectively.

We also performed ResNet-50 to extract features of CT 
and PET images independently. The ROC results, as pre-
sented in Fig. 3, revealed that the R-signature model with the 
deep features from the fused PET/CT images outperformed 
that from one modality images and traditional R-signature 
model in the classification performance.

Kaplan-Meier survival analysis

The cutoff values for DFR-signature of the multimodal PET/
CT images in the training cohort were 0.2839 and 0.1911 for 
PFS and OS (see in Supplementary Table 2). These values 
were applied to stratify patients into low-risk (below cutoff) 
and high-risk (equal to or higher than cutoff) groups, which 
were mapped to the internal validation cohort. To further 
refine the risk stratification, we combined the traditional 
NCCN-IPI risk classification and DFR-signature. On the 
basis of the low-risk and high-risk mentioned above, the 
group with NCCN-IPI < 4 was subdivided into a low/low-
intermediate-risk group, while a high-intermediate/high-
risk group was identified within the NCCN-IPI ≥ 4 group. 
Kaplan-Meier survival analysis was conducted to evalu-
ate the prognostic status of patients using PFS and OS as 
dependent variables. The Log-rank test was employed as the 
statistical test. Both training and validation cohorts under-
went a significance test with P < 0.05 (see in Fig. 4). The 
results indicated that the DFR-signature constructed in this 
study combined with the traditional NCCN-IPI could sub-
divide the patient risk class into four categories accurately. 
Thereby, it effectively refined the risk assessment in high-
risk populations, addressing the limitations of the NCCN-
IPI in identifying individuals at high risk.

Univariate and multivariate analysis results

Univariate analysis was carried out using clinical vari-
ables, metabolic parameters and DFR-signature. Due to 

prognostic factors were combined with DFR-signature to 
construct the prognosis model. To validate the combined 
model based on the multimodal DFR-signature, we also 
constructed a PET model, a CT model, a NCCN-IPI model, 
and the conventional radiomics model. The performance of 
each model was quantified by computing the Harrell con-
sistency index (C-index) and the time-dependent area under 
the ROC curve (tdAUC).

Statistical analysis

All statistical tests were implemented using SPSS 22.0 
and R statistical software (version 4.0.2). Progression-free 
survival (PFS) and overall survival (OS) were selected as 
endpoints for assessing the prognosis of DLBCL patients. 
Here PFS is defined as the time between diagnosis and the 
first relapse, progression, or death from any cause, or the 
last follow-up visit, while OS is defined as the time between 
diagnosis and death from any cause or the last follow-up 
visit. The difference in clinical information between the 
training and validation cohorts was assessed using the χ2 
test or the Mann-Whitney U test. P < 0.05 was considered 
statistically significant. In the training cohort, the receiver 
operating characteristic (ROC) curve was utilized to deter-
mine the optimal threshold for SUVmax, TMTV, TLG, and 
DFR-signature. Potential independent predictors were ana-
lyzed using Cox regression analysis. Survival conditions 
were evaluated by the Kaplan-Meier method, which were 
compared with log-rank tests. Models were validated in 
C-index and tdAUC method.

Results

Patient characteristics

The characteristics of all patients were summarized in 
Supplementary Table 1. There was no statistical differ-
ence between the baseline characteristics in both training 
and validation cohorts (P > 0.05). The median follow-up of 
them was 31 months. In the training cohort, disease relapse 

Table 1  AUC of different deep learning models for predicting OS
model Training 

cohort
95%CI Valida-

tion 
cohort

95%CI

VGG16 0.807 0.744–0.863 0.713 0.582–0.819
VGG19 0.780 0.718–0.835 0.669 0.543–0.789
RseNet50 0.863 0.812–0.907 0.767 0.657–0.873
DenseNet121 0.785 0.718–0.846 0.740 0.622–0.853
DenseNet169 0.839 0.778–0.895 0.698 0.556–0.836
Xception 0.768 0.699–0.825 0.707 0.606–0.798
NASNet 0.781 0.704–0.844 0.693 0.572–0.784
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OS included subtype (HR = 1.986, P = 0.006), NCCN 
(HR = 3.608, P < 0.001), SUV (HR = 1.931, P = 0.009), 
TMTV (HR = 2.280, P < 0.001) and DFR-signatureOS 
(HR = 8.058, P < 0.001).

3.5 Assessment and validation of models.
According to the results of Cox regression analysis, 

the combined model, the CT model, the PET model, the 

the strong correlation between TMTV and TLG, only 
TMTV was included in the multivariate analysis. The 
results were detailed in Table  2. Risk factors associated 
with PFS included stage (HR = 1.703, P = 0.044), NCCN 
(HR = 2.351, P < 0.001), SUV (HR = 1.575, P = 0.032), 
TMTV (HR = 2.535, P < 0.001), and DFR-signaturePFS 
(HR = 6.048, P < 0.001), while the those associated with 

Fig. 3  The ROC curve analysis results for predicting PFS and OS in the training (a, c) and internal validation cohorts (b, d)
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and internal validation cohorts were 0.784 and 0.739. For 
OS, the C-indices of the combined model were 0.831 and 
0.782. These values exceeded those of competing models 
(see in Table 3). Furthermore, the tdAUC indicated that the 
combined model achieved a larger AUC than other models 
in both the prediction of PFS and OS (see in Fig. 5). The cal-
ibration curves for 1-year, 3-year, and 5-year probabilities, 
as illustrated in Supplementary Fig. 1. They demonstrated 

NCCN-IPI model, and the radiomics model (see in Supple-
mentary Table 3) were constructed for predicting PFS and 
OS. Based on the combined model, individualized predic-
tion nomograms for predicting PFS and OS were built (see 
in Fig. 5).

To assess the consistency of the classification results, 
Harrell’s C-index was employed for these five models. For 
PFS, the C-indices of the combined model in the training 

Fig. 4  Kaplan–Meier survival analyses for patients according to the DFR-signature and NCCN-IPI in the training (a, c) and internal validation 
cohorts (b, d)

 

1 3

Page 7 of 13  452



Journal of Cancer Research and Clinical Oncology (2024) 150:452

Ta
bl

e 
2 

U
ni

va
ria

te
 a

nd
 m

ul
tiv

ar
ia

te
 a

na
ly

se
s o

f f
ac

to
rs

 p
re

di
ct

iv
e 

of
 P

FS
 a

nd
 O

S 
in

 th
e 

tra
in

in
g 

co
ho

rt
C

at
eg

or
y

Va
ria

bl
es

Pr
og

re
ss

io
n-

fr
ee

 su
rv

iv
al

O
ve

ra
ll 

su
rv

iv
al

U
ni

va
ria

te
 a

na
ly

si
s

M
ul

tiv
ar

ia
te

 a
na

ly
si

s
U

ni
va

ria
te

 a
na

ly
si

s
M

ul
tiv

ar
ia

te
 a

na
ly

si
s

H
R

 (9
5%

 C
I)

P 
va

lu
e

H
R

 (9
5%

 C
I)

P 
va

lu
e

H
R

 (9
5%

 C
I)

P 
va

lu
e

H
R

 (9
5%

 C
I)

P 
va

lu
e

C
lin

ic
al

 p
re

di
ct

or
s

G
en

de
r, 

Fe
m

al
e/

M
al

e
1.

01
6 

(0
.6

77
–1

.5
26

)
0.

93
8

-
-

1.
14

0(
0.

70
3–

1.
84

8)
0.

59
7

-
-

A
ge

, ≤
 60

/>
60

1.
31

6 
(0

.8
73

–1
.9

85
)

0.
19

0
-

-
2.

01
3(

1.
22

1–
3.

32
0)

0.
00

6
-

-
A

nn
 A

rb
or

 st
ag

e,
 I-

II
/II

I-
IV

2.
31

6 
(1

.4
23

–3
.7

67
)

<
 0.

00
1

1.
70

3(
1.

01
4–

2.
86

2)
0.

04
4

2.
19

1(
1.

23
1–

3.
89

9)
<

 0.
00

1
-

-
B

 sy
m

pt
om

s, 
no

/y
es

1.
81

5 
(1

.2
04

–2
.7

36
)

0.
00

4
-

-
1.

87
0(

1.
15

1–
3.

03
9)

0.
01

2
-

-
LD

H
 le

ve
l, 

no
rm

al
/e

le
va

te
d

1.
57

6 
(1

.0
48

–2
.3

68
)

0.
02

9
-

-
1.

67
5(

1.
03

1–
2.

72
0)

0.
03

7
-

-
EC

O
G

 P
S,

 0
–1

/≥
2

1.
71

2 
(1

.0
97

–2
.6

70
)

0.
01

8
-

-
1.

98
4(

1.
18

7–
3.

31
8)

0.
00

9
-

-
N

C
C

N
-I

PI
, 0

–3
/≥

4
2.

81
8 

(1
.8

35
–4

.3
27

)
<

 0.
00

1
2.

35
1(

1.
49

3–
3.

70
4)

<
 0.

00
1

3.
51

8(
2.

06
3–

5.
99

8)
<

 0.
00

1
3.

60
8 

(2
.1

07
–6

.1
79

)
<

 0.
00

1
B

ul
ky

 d
is

ea
se

, n
o/

ye
s

2.
16

6 
(1

.3
99

–3
.3

52
)

<
 0.

00
1

-
-

2.
17

8(
1.

30
0–

3.
65

0)
0.

00
3

-
-

Ex
tra

no
da

l i
nv

ol
ve

m
en

t, 
no

/y
es

1.
48

8 
(0

.9
62

–2
.3

01
)

0.
07

4
-

-
1.

33
3(

0.
80

2–
2.

21
4)

0.
26

7
-

-
Pa

th
ol

og
ic

al
 ty

pe
, n

on
-G

C
B

/G
C

B
1.

29
8 

(0
.8

64
–1

.9
50

)
0.

20
9

-
-

1.
64

7(
1.

01
2–

2.
67

9)
0.

04
4

1.
98

6 
(1

.2
15

–3
.2

45
)

0.
00

6
PE

T-
C

T
pr

ed
ic

to
rs

SU
V

m
ax

1.
93

2 
(1

.2
82

–2
.9

11
)

0.
00

2
1.

57
5(

1.
04

0–
2.

38
5)

0.
03

2
2.

47
0(

1.
51

0–
4.

04
3)

<
 0.

00
1

1.
93

1 
(1

.1
75

–3
.1

74
)

0.
00

9
TM

TV
3.

19
5 

(2
.1

25
–4

.8
04

)
<

 0.
00

1
2.

53
5(

1.
68

1–
3.

82
2)

<
 0.

00
1

3.
86

7(
2.

37
0–

6.
30

9)
<

 0.
00

1
2.

28
0 

(1
.3

82
–3

.7
63

)
<

 0.
00

1
TL

G
3.

27
2 

(2
.1

70
–4

.9
34

)
<

 0.
00

1
-

-
3.

56
4(

2.
17

3–
5.

84
5)

<
 0.

00
1

-
-

D
FR

-s
ig

na
tu

re
PF

S
7.

24
8 

(4
.1

64
–1

2.
61

0)
<

 0.
00

1
6.

08
4(

3.
48

0-
10

.6
36

)
<

 0.
00

1
-

-
-

-
D

FR
-s

ig
na

tu
re

O
S

-
-

-
-

9.
10

5(
4.

15
8–

19
.9

4)
<

 0.
00

1
8.

05
8 

(3
.7

88
–1

7.
14

3)
<

 0.
00

1
A

bb
re

vi
at

io
ns

: C
I, 

co
nfi

de
nc

e 
in

te
rv

al
; H

R
, h

az
ar

d 
ra

tio
; L

D
H

, l
ac

ta
te

 d
eh

yd
ro

ge
na

se
; E

C
O

G
 P

S,
 E

as
te

rn
 C

oo
pe

ra
tiv

e 
O

nc
ol

og
y 

G
ro

up
 p

er
fo

rm
an

ce
 st

at
us

; N
C

C
N

-I
PI

, N
at

io
na

l C
om

pr
eh

en
-

si
ve

 C
an

ce
r N

et
w

or
k 

In
te

rn
at

io
na

l P
ro

gn
os

tic
 In

de
x;

 G
C

B
, g

er
m

in
al

 c
en

te
r B

 c
el

l; 
SU

V
m

ax
, m

ax
im

um
 s

ta
nd

ar
di

ze
d 

up
ta

ke
 v

al
ue

; T
M

TV
, t

ot
al

 m
et

ab
ol

ic
 tu

m
or

 v
ol

um
e;

 T
LG

, t
ot

al
 le

si
on

 
gl

yc
ol

ys
is

1 3

452  Page 8 of 13



Journal of Cancer Research and Clinical Oncology (2024) 150:452

Discussion

In this study, we developed a combined model based on 
multimodal DFR-signatures to predict and validate the PFS 
and OS of DLBCL patients at 1, 3, and 5 years. The experi-
mental results showed that the DFR-signature constructed 
by multimodal images could be served as an independent 
factor for the prognosis of DLBCL patients. Furthermore, 
our model was more instructive in individualized progno-
sis of DLBCL patients compared with the unimodal PET/
CT model, NCCN-IPI model, and conventional radiomics 
model.

that the estimates predicted by the combined model aligned 
closely with the actual observations in both the training and 
internal validation cohorts. These results suggested that the 
combined model has clinical utility in guiding the treatment 
and prognostic of DLBCL patients.

To further validate the generalizability of our model, we 
used dataset from Nanjing Drum Tower Hospital for train-
ing and testing, the dataset from West China Hospital of 
Sichuan University as a completely independent external 
validation cohort. Table 4 lists the PFS and OS under our 
method. We can find the results are promising on the inde-
pendent dataset, which convinced the model generalization.

Table 3  Harrell’s C-index results for PFS and OS in the training and validation cohorts
classify model Training cohort Validation cohort

C-index 95%CI C-index 95%CI
PFS Combined model 0.784 0.741–0.827 0.739 0.649–0.829

CT model 0.732 0.685–0.779 0.718 0.632–0.804
PET model 0.724 0.675–0.773 0.717 0.627–0.807
NCCN-IPI model 0.632 0.581–0.683 0.654 0.566–0.742
Radiomics model 0.740 0.693–0.787 0.721 0.635–0.807

OS Combined model 0.831 0.788–0.874 0.782 0.674–0.890
CT model 0.799 0.748–0.850 0.721 0.594–0.848
PET model 0.791 0.736–0.846 0.745 0.631–0.859
NCCN-IPI model 0.659 0.600-0.718 0.636 0.518–0.754
Radiomics model 0.787 0.736–0.838 0.734 0.601–0.867

Table 4  AUC of DFR-signatures-based model for predicting PFS and OS
classify Training cohort 95%CI Test cohort 95%CI Validation cohort 95%CI
PFS 0.758 0.674–0.834 0.703 0.575–0.823 0.660 0.556–0.769
OS 0.753 0.672–0.829 0.701 0.550–0.826 0.686 0.504–0.841

Fig. 5  a The combined model for predicting PFS in the training cohort. 
b, c Time-dependent area under the ROC curve of the models for pre-
dicting PFS in the training and validation cohorts. d The combined 

model for predicting OS. e, f Time-dependent area under the ROC 
curve of the models for predicting OS in the training and validation 
cohorts
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(AUC of 0.827) in comparison to radiomics-based models 
and single-task CNNs. Jiang et al. (Jiang et al. 2021) trained 
a deep neural network (S-net) with CT images to predict 
the prognosis in gastric cancer patients. In this study, we 
constructed PET/CT multimodal DFR-signatures through 
deep feature extraction. They were independently associ-
ated with PFS (HR = 6.084, P = 0.001) and OS (HR = 8.058, 
P = 0.001). To summarize, both this study and our previous 
studies have validated that DFR were strongly correlated 
with tumor heterogeneity and might be helpful for the prog-
nosis of DLBCL patients.

However, there still existed limited research on the appli-
cation of CNNs in lymphoma prognosis. Few studies have 
explored comparisons between various network models. It 
was noteworthy that we compared the feature extraction 
capabilities of seven different network models and ulti-
mately selected the ResNet-50 model for its optimal perfor-
mance. The DFR-signature, derived from features extracted 
by the ResNet-50, exhibited an impressive AUC of 0.857 
and 0.863 in predicting PFS and OS. This underscored the 
substantial advantage of the DFR-signature based on the 
ResNet-50 for prognosis of DLBCL patients. Our study not 
only offered a more comprehensive and reliable method for 
model selection in DLBCL prognosis, but also served as 
a reference for further research in this field. Furthermore, 
compared with the traditional radiomics model, our results 
demonstrated that the combined model based on DFR-
signature had a significant predictive advantage in assess-
ment metrics, including C-indices (PFS: 0.784 and 0.740, 
OS: 0.831 and 0.787 in the training cohort, PFS: 0.739 
and 0.721, OS: 0.782 and 0.734 in the internal validation 
cohort) and tdAUC analysis. While the traditional radiomics 
method extracted first-order statistical features and second-
order texture features based on the grey-scale histogram of 
a lesion, deep learning networks extracted high-dimensional 
features from tumor regions.

Jiang et al. (Jiang et al. 2023) employed deep con-
volutional neural network architectures, VGG19 and 
DenseNet121, to predict the survival of DLBCL patients 
using prognostic imaging markers generated from PET 
images alone. Our study extended this by exploring the pre-
dictive value of DFR-signature from multimodal PET/CT 
images in DLBCL. We achieved more accurate predictive 
results compared to the unimodal approach, overcoming 
the limitations of unimodal images. Additionally, Hao et al. 
(Peng et al. 2019) only utilized features extracted from PET 
and CT images to predict disease-free survival in patients 
with advanced nasopharyngeal carcinoma. Zhao et al. (Cho 
et al. 2021) employed a deep learning model to extract fea-
tures from CT images for prognostic stratification of lung 
adenocarcinoma prior to treatment. These studies relied on 
features extracted by deep learning to predict prognosis, 

Clinically, imaging bio-metabolic information extracted 
from PET images have proven valuable for the prognosis 
of DLBCL patients (Cottereau et al. 2021; Eertink et al. 
2022a; Fan et al. 2022; Kostakoglu et al. 2022). A recent 
study by Mikhaeel et al. demonstrated that Ann Arbor stage, 
age and MTV were effective in predicting the probability of 
progression-free survival at 3 years (Mikhaeel et al. 2022). 
In addition, Eertink et al. (Eertink et al. 2022) developed 
a model that combined PET-extracted features (including 
MTV and Dmaxbulk ) with clinical parameters to obtain a 
time-to-progression model capable of predicting 2 years 
(AUC of 0.77). Meanwhile, the analysis of tumor regions 
from CT images has been shown to be an effective discrimi-
native technique for predicting primary treatment failure 
(PTF) (Seidler et al. 2019; Xu et al. 2021). However, the 
information provided by unimodal PET and CT images was 
limited, which restricted further enhancements in prognos-
tic accuracy. Consequently, in recent years, researchers have 
started to integrate PET and CT images to create multimodal 
images in the medical field (Li et al. 2021; Lv et al. 2020; 
Xu et al. 2023a, 2023b). Zhang et al. (Zhang et al. 2020) 
demonstrated a multimodal MRI-based radiomics model 
could be used to identify benign or malignant breast lesions. 
Moreover, Amini et al. (Amini et al. 2021) further indicated 
that the multimodal radiomics fusion model outperformed 
the unimodal model in predicting OS of non-small-cell lung 
cancer patients. Drawing inspiration from their conclu-
sions, we constructed multimodal PET/CT images for the 
prognosis of DLBCL patients. Multimodal images took full 
advantage of the semantic complementarity between PET 
and CT images, which combined the advantages of anatom-
ical information of CT images and metabolic information 
from PET images. Compared to PET/CT images, the results 
proved that the predictive performance based on multimodal 
PET-CT images surpassed that of PET/CT images alone of 
both PFS (C-indices: 0.784, 0.732 and 0.724 in the train-
ing cohort, 0.739, 0.718 and 0.717 in the internal validation 
cohort) and OS (C-indices: 0.831, 0.799 and 0.791 in the 
training cohort, 0.782, 0.721 and 0.745 in the internal vali-
dation cohort).

The studies mentioned above have shown that traditional 
radiomics methods appeared promising in various aspects. 
However, there are still limitations such as restricted auto-
mation, standardization, and efficiency in feature extraction. 
Particularly, these methods faced challenges in capturing 
advanced and nonlinear features from images. To overcome 
these issues, recent studies have progressively integrated 
deep learning networks into the feature extraction process, 
replacing the conventional manual methods (Li et al. 2017; 
Zheng et al. 2020). For instance, Liu et al. (Liu et al. 2022) 
developed a multi-task 3D U-Net for lymphoma segmen-
tation and PFS prediction, achieving commendable results 
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indicated that more than 50% patients did not benefit from 
this therapy due to non-response or further relapse (Cabal-
lero et al. 2022). Therefore, it was essential to continue 
researching potential biomarkers to identify individuals 
most likely to benefit from these new therapies. Future stud-
ies could be further expanded to include these biological 
features of novel therapies. This expansion aimed to more 
accurately assess the response in patients with DLBCL and 
improve patient survival.

Conclusions

The DFR-signature extracted from multimodal PET-CT 
images can be used as an independent survival predictor 
for DLBCL patients. The accuracy in prognosis signifi-
cantly surpasses that of unimodal models and the conven-
tional radiomics model. Furthermore, the combination with 
NCCN-IPI have the potential to achieve more refined sur-
vival risk stratification of patients.
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overlooking the clinical characteristics of the patients. In 
contrast, our approach combined the clinical features, meta-
bolic indicators, and DFR-signature to construct a com-
bined model, which significantly improved the accuracy of 
prognosis. Furthermore, compared to the NCCN-IPI model, 
our combined model also exhibited superior performance 
in terms of C-indices (PFS: 0.784 and 0.632, OS: 0.831 
and 0.659 in the training cohort, PFS: 0.739 and 0.654, 
OS: 0.782 and 0.636 in the internal validation cohort) and 
tdAUC.

Additionally, to our knowledge, this study represented 
the first attempt to evaluate the prognostic impact of DFR 
on DLBCL patients using an AutoML stacked integration 
approach. In recent studies, Jiang et al. (Jiang et al. 2022) 
proposed a cross-combination of seven machine learning 
models for feature selection, and predicted survival events 
of DLBCL patients (AUC = 0.757). Zhao et al. (Shuilin et 
al. 2023) introduced a stacked integration approach based 
on four machine learning classifiers, demonstrating a more 
accurate classification performance compared to the single 
machine learning classifier (AUC = 0.771). In our study, 
with AutoGluon framework, we obtained the predicted 
AUCs of 0.857 and 0.863 for PFS and OS in the training 
cohort. This was explained by the fact that AutoGluon 
employs multiple model fusion strategies, including voting-
based and stacking integration, and consistently achieves 
classification performance even across different datasets 
(Erickson et al. 2020).

On central nervous system (CNS) relapse, Kang et al. 
(Kang et al., 2018) extracted 1,618 radiomic features from 
patients with glioblastoma and primary CNS lymphoma. The 
prognostic accuracy of radiomics analysis (AUC = 0.944) 
was superior to conventional genomics (AUC = 0.819). Nie 
et al. (Nie et al. 2019) achieved 90.66% accuracy in predict-
ing the survival of high-grade gliomas using a radiomics-
based deep learning approach. Our study indicated that DFR 
feature-based model outperformed conventional radiomics 
in predicting outcomes for patients with DLBCL. Therefore, 
it was reasonable to believe that DFR feature-based model 
could also be used as a new low-cost tool to predict CNS 
relapse, improve treatment decisions for CNS diseases, and 
play an important role in the routine clinical management of 
these conditions.

Despite the strengths of this paper, certain limitations 
and challenges persisted. The novel therapies of DLBCL 
were not considered in our study. These therapies included 
small molecule drugs, antibody–drug conjugates (ADC), 
CD3xCD20 bispecific antibodies, and chimeric antigen 
receptor (CAR) T cell therapies (Abramson et al. 2020). 
Notably, the CAR-T cell therapy fundamentally changed the 
management of patients with relapsed and refractory large 
B-cell lymphomas (Nastoupil 2023). However, studies have 
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