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ABSTRACT 
Diffuse large B-cell lymphoma (DLBCL) is the most common type 
of non-Hodgkin’s lymphoma in Korea and worldwide. This study 
aims to improve the prognostic performance when using medical 
imaging data of DLBCL patients compared to using clinical data 
alone. The analysis target is 449 patients diagnosed with DLBCL 
at Chonnam National University Hwasun Hospital (CNUHH). In-
terim F-18 fluorodeoxyglucose positron emission tomography (in-
terim PET) images and clinical data were used as input data for 
modeling. The interim PET image was reconstructed in the stand-
ard uptake value (SUV) method. For analysis, it was converted into 
a two-dimensional image rotated by 18° through the maximum in-
tensity projection (MIP) method. Image features were extracted 
through a convolution neural network (CNN) model. Clinical data 
were divided into Before Tx and During Tx according to the ab-
sence or presence of the Deauville score. By combining image fea-
tures and clinical data, a survival estimation model was used to pre-
dict patient survival times. As a result of the analysis, in Before Tx, 
when images were added, the performance improvement was insuf-
ficient. In the During Tx, concordance index (C-index) 0.01 and 
mean absolute error (MAE) 110 days were improved in a Single 
view compared to using only clinical data. In Multi view, C-index 
0.02, MAE 340 days of improvement. In conclusion, it seems that 
the presence or absence of the Deauville score variable had a sig-
nificant effect on the reflection of tumor information in the model. 
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1 INTRODUCTION 
Diffuse large B-cell lymphoma (DLBCL) is the most common 
type of non-Hodgkin’s lymphoma in Korea and worldwide, ac-
counting for 43% of malignant lymphomas in Korea [1]. DLBCL 
is a rapidly progressing, aggressive lymphoma. F-18 fluorodeoxy-
glucose (FDG) positron emission tomography/computed tomogra-
phy (PET/CT) imaging has been actively used for staging and 
evaluating the therapeutic response of aggressive lymphomas [2]. 
    There are several predictors for predicting survival in DLBCL 
patients. Among them, the Deauville score, which is a visual scor-
ing system for FDG PET avidity of lymphoma (Table 1), evalu-
ated during treatment, is being studied usefully [3]. However, 
there are still limitations in prognostic prediction. Therefore, we 
introduced a deep learning technique using a two-dimensional 
MIP image projected on the coronal plane with the maximum 
value of the PET image. Through this, we wanted to better extract 
PET image features to improve prediction performance. 
    We constructed a survival prediction model at different time 
points; before treatment and during treatment. We compared the 
prognostic performance of the model using a single view MIP im-
age and the model using multi views in each prediction model.  
    CNN is excellent at extracting features from images [4]. There-
fore, it is expected that the tumor information can be found in the 
interim PET image containing the tumor information of the pa-
tient’s whole body and its characteristics can be reflected in the 
model [5, 6]. We analyze survival time by extracting tumor char-
acteristics from images and combining information such as the pa-
tient’s stage or individual characteristics. This is to perform a 
more accurate prognostic analysis than prognostic prediction us-
ing only clinical data.  
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Table 1: Criteria for the Deauville score 

score Criteria 

1 no FDG uptake 

2 FDG uptake ≤ mediastinum 

3 FDG uptake > mediastinal but ≤ liver 

4 FDG uptake > liver at any site 

5 FDG uptake > liver and new sites of disease 

X new areas of FDG uptake unlikely to be related 
  

2 Related works 
In a study related to lung cancer, there was one that used medical 
imaging data to predict the survival time of patients [7]. Inspired 
by this paper, we conducted a study to predict the survival time of 
patients with DLBCL using CNN and a multi-model combining 
survival estimation model and clinical data. A study was con-
ducted to predict the survival time of DLBCL patients using mul-
tiple models combined with data. 

3 Proposed Method 

3.1 Interim PET Image preprocessing 
The analysis data are interim PET images and clinical data of 449 
DLBCL patients who visited CNUHH from 2004 to 2019. 
    All images were sized to the same size as the tallest patient us-
ing zero padding. The characteristics of 3D images may have vari-
ous problems such as difficulty in visualization, increase in learn-
ing time, increase in data size, etc., so conversion to 2D is re-
quired. Therefore, to reflect the image information as much as 
possible, a two-dimensional image projected on the coronal plane 
with the maximum value through the MIP method was used [8]. 
In addition, when the 3D interim PET image is MIP-converted 
since it is a projection on the front of the tumor, there is a risk of 
loss of information about the depth of the tumor and the tumor at 
the same location. Therefore, the image projected on the coronal 
plane by rotating the interim PET scan data by 18° was used as in-
put data. And to find out whether the tumor depth information is 
reflected in the model, it was analyzed by dividing it into a single 
view and multi view, plotted in Fig. 1. Finally, a uniform distribu-
tion of the feature map was induced so that the gradient update 
process runs smoothly though Min-Max normalization for each 
image. 
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Figure 1: Single view and Multi view image 

3.2 Clinical Data 
Clinical data including age, sex, ECOG performance score, B-
symptom, lactate dehydrogenase (LDH), extranodal involvement 
status, Ann Arbor stage, bone marrow involvement, revised inter-
national prognostic index (R-IPI), International prognostic index 
score (IPI score), Bulky and Deauville score were used for overall 
survival prediction. And to find out whether the Deauville score 
affects the reflection of tumor information in the model, analysis 
was conducted by dividing it into two models, Before Tx and Dur-
ing Tx. In the Before Tx model, the clinical data were analyzed by 
removing the Deauville score variable, and in the During Tx 
model, all clinical data were used. 

3.3 Analysis Model 
DenseNet, EfficientNet, and ResNet were used as CNN models to 
extract risk-related features from PET images [9-11]. The image 
features extracted from the CNN models were combined with 
clinical data, and the survival time of each patient was predicted 
using CoxCC, a survival estimation model. As shown in Fig. 2. 
[12]. Five-fold cross-validation was performed to compare repro-
ducibility and performance. C-index and MAE were used as the 
performance parameter. 

 

Figure 2: Model structure 

4 Analysis Result 

4.1 Before Tx 
In the Single view (combining single view and clinical data), the 
best results were obtained when extracting images through Effi-
cientNet, and in Multi view (combining multi view and clinical 
data), when extracting images through ResNet, the best results 
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were obtained. The C-index showed almost the same results when 
analyzing only clinical data (Clinical only, Single view, and Multi 
view. It improved by 200 days (Table 2). 

Table 2: Experiment Results (Before Tx) 

Models MAE C-index 
Single view   

Clinical+DenseNet 
Clinical+EfficientNet 

Clinical+ResNet 

656±45 
637±98 
714±89 

0.6982±0.0051 
0.7085±0.0059 
0.6813±0.0227 

Multi view   

Clinical+DenseNet 
Clinical+EfficientNet 

Clinical+ResNet 
Clinical only 

473±46 
467±16 
469±41 
675±37 

0.6844±0.0220 
0.6907±0.0107 
0.7099±0.0211 
0.7026±0.0354 

4.2 During Tx 
In the Single view, the best results were obtained when extracting 
images through DenseNet, and in multi view, when extracting im-
ages through ResNet, the best results were obtained. The C-index 
increased by 0.015 in Single view and 0.023 in Multi view com-
pared to when only clinical data was used. And MAE improved 
by 340 days in Multi view (Table 3). 

Table 3: Experiment Results (During Tx) 

Models MAE C-index 
Single view   

Clinical+DenseNet 
Clinical+EfficientNet 

Clinical+ResNet 

687±72 
740±150 
749±189 

0.7388±0.0111 
0.7253±0.0196 
0.7358±0.0143 

Multi view   

Clinical+DenseNet 
Clinical+EfficientNet 

Clinical+ResNet 
Clinical only 

492±44 
467±26 
459±34 

799±190 

0.7347±0.0333 
0.7426±0.0286 
0.7465±0.0173 
0.7233±0.0314 

 

5 CONCLUSIONS 
Before Tx, there was no difference in survival prediction perfor-
mance between single view and multi view. However, during Tx, 
there was an improvement in C-index and MAE in multi view 
than in single view. It seems that the model reflects the tumor 
depth information through the multi-view image when the Deau-
ville score variable is used. 
    In the pre-treatment stage where the Deauville score cannot be 
used, the multi-view model does not seem to have much benefit 

compared to the single view. However, it seems that the multi-
view model can be developed and utilized when predicting the 
middle of treatment by adding the Deauville score. 
    Future studies aim to better predict the prognosis by further uti-
lizing staging PET data to reflect the attenuation of tumor size or 
amount in intermediate PET. 
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