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A B S T R A C T   

Biomarkers which can identify Diffuse Large B-Cell Lymphoma (DLBCL) likely to be refractory to first-line 
therapy are essential for selecting this population prior to therapy initiation to offer alternate therapeutic op
tions that can improve prognosis. We tested the ability of a CT-based radiomics approach with machine learning 
to predict Primary Treatment Failure (PTF)-DLBCL from initial imaging evaluation. Twenty-six refractory pa
tients were matched to 26 non-refractory patients, yielding 180 lymph nodes for analysis. Manual 3D delineation 
of the total node volume was performed by two independent readers to test the reproducibility. Then, 1218 hand- 
crafted radiomic features were extracted. The Random Forests machine learning approach was used as a classifier 
for constructing the prediction models. Seventy percent of the nodes were randomly assigned to a training set 
and the remaining 30% were assigned to an independent test set. The final model was tested on the dataset from 
the 2 readers, showing a mean accuracy, sensitivity and specificity of 73%, 62% and 82%, respectively, for 
distinguishing between refractory and non-refractory patients. The area under the receiver operating charac
teristic curve (AUC) was 0.83 and 0.79 for the two readers. We conclude that machine learning CT-based 
radiomics analysis is able to identify a priori PTF-DLBCL with a good accuracy.   

Introduction 

Over 60% of patients with Diffuse Large B Cell Lymphoma (DLBCL) 
are cured after first-line R-CHOP (rituximab, cyclophosphamide, doxo
rubicin, vincristine and prednisone) [1]. However, up to 15% experience 
Primary Treatment Failure (PTF) with a median survival not exceeding 
one year [2]. Emerging therapies, such as chimeric antigen receptor 
T-cell, produce high response rates in relapsed/refractory DLBCL [3] 
and could benefit patients at risk for PTF to R-CHOP. Ideally, these 
patients should be identified prior to receiving first-line therapy. 

Determination of double-hit status allows for the selection of 
approximately 5% of newly diagnosed DLBCL patients unlikely to derive 
meaningful benefit from R-CHOP [4]. The revised international 

prognostic index (R-IPI) and presence of TP53 mutation predict 
long-term survival but cannot identify patients likely to experience PTF 
[5,6]. Also, diagnostic imaging is routinely used for staging purposes, 
but no conventional radiological findings have been correlated with 
PTF-DLBCL [7]. 

Radiomics is the high-throughput extraction of large amounts of 
image features from radiographic images and mining and use of this data 
for improved clinical decision support [8–11]. Radiomics can assist in 
diagnosis, prognosis, staging and in predicting treatment response in 
oncology [12–14]. 

Quantitative analysis of initial and interim 18FDG-PET/CT (PET- 
scan) has been studied as a prognostic marker in DLBCL [15–20]. 
Combining the texture analysis of PET-scans to functional parameters 
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correlates better with survival than Standardized Uptake Values (SUV) 
analysis alone [16–18]. However, data on the potential value of diag
nostic CT-scan extracted quantitative features in lymphoma are sparse 
but could be of added value in predicting outcomes [7,13,21]. 

Identifying a reliable biomarker predicting PTF-DLBCL would allow 
treatment optimization, thereby sparing exposure to ineffective treat
ment, which can result in morbidity and resistance to subsequent ther
apies. Thus, we aimed to develop a machine-learning CT-based 
radiomics model for PTF-DLBCL prediction. 

Materials and Methods 

Patients, CT scans, and nodes selection 

This single-center study included adult patients diagnosed with de 
novo DLBCL from 2009 to 2018, who received R-CHOP or similar 
frontline therapy (Table S1). Patients who received previous chemo
therapy or radiotherapy, for instance for prior indolent lymphoma, were 
excluded. This study was conducted in accordance with the Declaration 
of Helsinki and was approved by the Research Ethic Committee of the 
CIUSSS of West-Central Montreal with a waiver for patient informed 
consent in the context of a retrospective study (ethical approval code: 
2019-1271). 

A CT-scan at diagnosis, prior to treatment initiation, was required for 
image acquisition to be included in the prediction model. Venous phase 
CT-scans of the chest and neck, and portal venous phase CT-scans of the 
abdomen and pelvis were analyzed. A whole-body CT scan was obtained 
as per standard institutional protocol after the administration of 80 mL 
of iopamidol (Isovue 300; Bracco Diagnostics, Princeton, New Jersey) 
injected at a rate of 2 mL/s and scans were acquired at a kVp of 120 with 
a 40 mm beam collimation, a 0.8–second rotation time, a 0.984:1 helical 
pitch, and a field of view 50 cm (chest; abdomen and pelvis) or 32 cm 
(neck). Images were reconstructed into 2.5 mm sections (neck), 3 mm 
sections (chest), or 5 mm (abdomen and pelvis). We retrospectively 
reviewed the patients diagnosed for DBLCL in our center on a 10-year 
period, from 2009 to 2018, who were eligible to this study. Prior to 
analysis, the patients were divided in two groups for comparison: PTF 
and non-PTF DBLCL. Refractory patients, assigned to the PTF group, 
were defined by progression of disease (PD) during R-CHOP, or failure to 
achieve a complete response (CR) after at least 4 cycles, as per the 
Lugano criteria [22]. In the latter group, non-refractory patients (CR 
without relapse within 6 months of therapy) were matched 1:1 on sex 
and R-IPI (including age, stage, performance status, LDH level and 
extra-nodal sites) [5]. When multiple non-refractory patients could be 
matched with a refractory patient, the one with the closest age was 
favored. 

On the CT-scan for initial diagnosis, the lymph nodes measuring 
≥1.5 cm in greatest diameter were evaluated. To limit the number of 
nodes selected per patient, a maximum of 6 nodes at each of 4 nodal sites 
(abdomen, chest, axilla and neck) were included per patient to mirror 
the Lugano response criteria (standard response criteria in lymphoma). 
When the number of eligible nodes in a specific nodal site exceeded six, 
only the six nodes with the largest maximum diameter in any axis were 
kept for analysis. The nodes were categorized in response categories: 
Refractory Node (RN), Partial Response (PR) and CR, as per the Lugano 
criteria [22]. The node selection and categorization into response groups 
were assessed by the two readers (JOJ and RS) in order to reach a 
consensus. A double validation for node selection was chosen to ensure 
the respect of inclusion criteria and to avoid misclassification. When a 
consensus could not be reached either for node eligibility or for group 
attribution, the decision was left to the senior radiologist (RF). 

Contouring and feature extraction 

The open-source 3D Slicer software v4.10.2 [23] was used for the 
volume of interest (VOI) delineation. Each node was manually 

contoured by two independent readers to obtain a duplicated dataset 
from each independent reader in order to test the reproducibility of the 
model. When a conglomerate of nodes was present, the conglomerate 
was included as a single VOI unless a cleavage line could be identified in 
between nodes therefore delimiting two or more distinct VOI. To avoid 
inclusion of extra-nodal material, the contouring was reviewed by an 
experienced senior oncologic radiologist (RF) and, if needed, the VOI 
was edited by the initial reader accordingly. The central revision aimed 
to ensure the respect of the inclusion/exclusion criteria for node selec
tion and was not meant to flatten the inter-individual contouring vari
ation. Lymph nodes altered by artifact and lymph nodes with central 
necrosis or cystic nodal change (area of low attenuation, between -10 
and 30 Hounsfield units, and greatest diameter ≥ 3 mm) were labeled by 
each reader. The nodes severely obscured by artifact were excluded. The 
nodes with necrosis or cystic changes, referred as subjective necrosis, 
were kept in the analysis and included as a variable in the construction 
of the model. 

A total of 1218 features were extracted from VOI using PyRadiomics 
open source software [24]. Features were extracted using the following 
libraries and versions: PyRadiomics 2.2.0, Numpy 1.13.1, SimpleITK 
1.1.0, PyWavelet 1.0.0 and Python 2.7.13. The extracted features 
included both low and high abstract level features: 18 first-order statistic 
for pixel level, 14 3D shape-based as well as 68 gray level texture fea
tures, totaling 100 features. In addition to the default PyRadiomics 
features, 13 multiple spatial filters (5 Laplacian of Gaussian and 8 
wavelet filters) were applied to the image to extract fine and coarse 
features. Each feature, at the exception of shape-based features, were 
extracted from filtered images (86 features with 13 filters = 1118 
additional features). A table is available in the supplemental material 
summarizing the list of features and filters used (Table S2). Along with 
the radiomics features, the nodal site and subjective assessment of ne
crosis were also evaluated as additional features. 

Statistical analysis 

Initially, multiple t-tests were used to assess the differential expres
sion of each single feature between CR and non-CR nodes. The adjusted p 
value was carried out by the Benjamini Yekutieli method. A hierarchical 
clustering by Euclidean distance with dendrogram was generated using 
the enhanced heatmap function, heatmap.2, in gplots package (v.3.1.1) 
for R. 

The Random Forests classifier was trained to determine refractory 
and non-refractory patients by comparing the non-CR nodes from re
fractory patients to CR nodes from non-refractory patients from the first 
reader’s dataset.. For an unbiased assessment of the model accuracy, the 
data was first split into training and test dataset. 30% of the selected 
nodes were randomly selected and set aside as the independent test 
(prediction) group [11,13]. The remaining 70% were used to train, tune 
and validate the prediction model. Note, the same nodes were initially 
allocated to training and test dataset for both readers for a fair com
parison, however, since each reviewer evaluated the lymph nodes 
independently, there is a small discrepancy based on reviewer variation 
for exclusion of nodes they deemed as degraded by artifact. As a result, 
there is a small variation between cases used to train and evaluate reader 
1 and reader 2 data. Due to the abundance of features, we first elimi
nated features that were found to be highly correlated on the training 
set. Numerous correlation cut-offs were evaluated and 0.6 was manually 
selected as it removed highly correlated features and maximized the 
number of features available during recursive feature elimination 
without burdening the machine severely (through exhaustive compu
tations).We performed recursive feature elimination using the rfeCon
trol (caret package) to identify the top performing features for a random 
forest (optimizing for accuracy). Repeated 10-fold cross validation was 
implemented to evaluate the top performing features on the training set 
(training data was split into 10 folds, model was trained on the first nine 
and evaluated on the 10th. After repeating 10 times, the average 
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performance was recorded and compared). Furthermore, with the top 
performing features, the RF (randomForest package) was tuned for 
number of trees (using a grid search between 5 to 20,000 trees) by 
evaluating the model’s accuracy with repeated cross-validation on the 
training set. The top performing features and tuned number of trees 
were then used to train a final RF model and evaluate the test set. This 
process was repeated several times across the same five seeds for both 
readers and the average performance was recorded and compared. The 
list of the packages used for this study and their version are available in 
the supplemental material (Table S3). The final model, built on the 
dataset from reader 1, was applied to the dataset from reader 2 to test 
the model reproducibility and generalizability of the selected features. 
Each independent node was considered to predict the patient’s response 
to treatment. 

Statistical analyses were carried out with GraphPad Prism v8.3.1 and 
R software v3.6.1 and the R package random Forest v4.6–14 for machine 
learning. 

Results 

Patients’ characteristic 

Twenty-six refractory patients were identified with 75 nodes which 
did not reach a CR: 55 RN and 20 PR nodes. The refractory patients were 
matched to 26 non-refractory patients, totaling 105 CR nodes. Eight (6 
CR and 2 non-CR) and 10 (8 CR and 2 non-CR) nodes with significant 
artifact were excluded for reader 1 and 2, respectively. The median age 
at diagnosis was 65 and 71 years for refractory and non-refractory pa
tients, respectively. The two groups were matched on sex and R-IPI, with 
a sex-ratio M/F of 1.36 and a median R-IPI of 3 (69% of R-IPI ≥ 3). In the 
refractory and non-refractory group, 96% and 88% of patients had a 
stage ≥ 3 and 31% and 19% had an Eastern Cooperative Oncology 
Group (ECOG) performance status ≥ 2 at diagnosis, respectively 
(Table 1). Three of 18 tested refractory patients and 0 of 11 tested non- 
refractory patients had double-hit DLBCL (the screening for double-hit 
DLBCL was following a local algorithm based on cell of origin, prolif
eration rate and MYC/BCL2 double-expresser) [25]. 

Heat map signature 

We first explored a basic statistical association between non-CR and 
CR nodes. The multiple t-test found 35 features with an absolute log2 
fold change ≥1 and adjusted p value < 0.05. The fig. 1 represents a heat 
map with the hierarchy clustering by Euclidean distance analysis for 
these features. The signature highlights a loose clustering between non- 
CR and CR nodes but did not identify distinct phenotypes. 

Machine learning model 

We then trained a machine learning classifier using Random Forests 

(RF) for the classification of non-CR vs CR nodes. During an initial step 
of hyper-parameter reduction and identification of highly correlated 
features, the 1218 radiomic features were reduced to 66, which were 
combined with 2 additional features: nodal site and subjective necrosis. 
Ten features were selected for the final model (Table S4), all of which 
had a good correlation between readers (Spearman test with median r =
0.8 and all adjusted pvalues < 0.0001). Neither nodal site nor subjective 
necrosis was retained in the final model. 

The final model was trained on the dataset from the first reader and 
then applied on the dataset from the second reader. In the independent 
test set for the final model, the mean accuracy, sensitivity and specificity 
for distinguishing between refractory and non-refractory patients were 
73%, 62% and 82%, respectively. The mean predictive positive and 
negative values were 0.77 and 0.71, respectively. Table 2 shows the 
performance of the independent test set by reader for the final model. 

Area under the ROC curve and comparison to qualitative imaging 

The area under the receiver operating characteristic (ROC) curve 
(AUC) was 0.83 (CI 95%: 0.81–0.84) and 0.79 (95% CI: 0.76–0.81) for 
reader 1 and 2, respectively. Fig. 2 demonstrates an AUC for the final 
model significantly superior to that of the semantic radiology marker of 
subjective necrosis (AUC = 0.56 (95% CI:0.49–0.63) and 0.52 (95% 
IC:0.45–0.59), for reader 1 and 2, respectively). 

To illustrate ability to distinguish refractory from non-refractory 
disease, Fig. 3 compares a refractory and a responsive node that 
appear visually similar but was accurately distinguished by our model. 

Altogether, this suggests that a CT-based radiomics model is able to 
classify refractory and non-refractory nodes with an accuracy that is 
currently unmatched with conventional imaging evaluation. 

Discussion 

In this study, we demonstrated that a machine learning model, 
analyzing the quantitative imaging parameters derived from diagnostic 
CT-scans of DLBCL patients, provides a good accuracy for discriminating 
the patients likely to be refractory to standard therapy. 

The relationship of each independent feature to the outcome, CR or 
non-CR nodes, assessed by multiple t-test, revealed 35 features signifi
cantly different between the 2 groups (absolute log2 fold change ≥1 and 
adj pvalue < 0.05). The hierarchy clustering heat map built with these 
35 discriminative features highlighted distinct signatures where re
fractory and non-refractory nodes loosely clustered together (Fig. 1). 
However, some of the features were highly correlated. It has been shown 
that a selection method based on independent feature characteristics 
without considering the concordant and discordant effect between 
groups of features can limit the classification performance [11]. 

A multivariate classifier with machine learning method was then 
used to build a model for the prediction of PTF-DLBCL. The prediction 
model was built with a randomly selected training set representing 70% 
of the nodes. An internal evaluation was performed with the test set from 
the 30% remaining nodes, providing an estimate of the unbiased 
generalization error. The test set from the final machine learning model 
performed with a specificity exceeding 80% for the 2 readers. In the 
context of a prediction test that could eventually be clinically imple
mented for patient selection and treatment decision, it is critical to 
develop a test with high specificity. The mean accuracy was 73%, with a 
mean sensitivity of 62%. 

Our model showed a mean AUC of 0.81 for predicting refractory 
disease. In comparison, an interim PET-scan based study showed an AUC 
of 0.677 for response prediction [19]. Other studies showed that initial 
18FDG-PET/CT scan can help predict long term survival, however they 
were not designed to assess for PTF-DLBCL [16,17]. 

Intratumor heterogeneity has been shown to be a strong imaging 
predictor of poor prognosis in solid tumors and in DLBCL [14,16–18]. 
Consistently, two of the final features in our model relate to 

Table 1 
Patient characteristics at initial diagnosis of diffuse large B-cell lymphoma 
(DLBCL)  

Clinical features Refractory patients (n =
26) 

Matched non-refractory patients (n 
= 26) 

Age (year) * 65 (24–86) 71 (28–87) 
Sex ratio (M/F) 1.36 1.36 
Stage ≥ 3 25 (96%) 23 (88%) 
ECOG ≥ 2 8 (31%) 5 (19%) 
R-IPI ≥ 3 18 (69%) 18 (69%) 
Double hit 

DLBCL 
3/18 ** 0/11 **  

* median (range) 
** denominator is the number of patients for whom double hit status has been 

assessed 
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non-uniformity, thus identifying tumor heterogeneity as a prognostic 
marker as well. The prediction ability of texture features, such as 
intratumor heterogeneity, encourages to further explore 
contrast-enhanced CT-scan derived images in future radiomics models. 
The features could be extracted either from CT-Scan or from 
contrast-enhanced 18FDG-PET/CT. 

Inter-observer variability from manual contouring is a limitation that 
has been frequently pointed out for radiomics [8,12]. Our study has 
been designed with double contouring by 2 independent readers to 
reduce the contouring bias. We observed a high inter-reader correlation 
for the 10 features selected in the final model (Spearman adjusted 
pvalue < 0.0001 for the all the final features). As an additional test for 
reproducibility, the model was built with data from reader 1 and applied 
to reader 2. As shown in Table 1 and in Fig. 2, the final model resulted in 
very similar performance between the two readers with confidence in
terval overcrossing for every test performance characteristic. Manual 
segmentation is also time consuming, making it less applicable to clin
ical implementation in “real-life” as a biomarker [12]. New approaches 
of segmentation with semi or full-automation algorithms should be 
tested in the future to accelerate the process and enable for its routine 
use in larger population. 

Beside the extent of disease used for staging, there is no validated 
radiology method able to predict the outcome of DLBCL at diagnosis [7, 
22]. The presence of tumor necrosis has been described as a prognostic 

Fig.1. Heat map with hierarchy clustering by dendrogram analysis per node for the 35 most significant 3D radiomics features with absolute log2 change fold ≥1 and 
q.value < 0.05. 

Table 2 
Performance of the final testing radiomics model for each independent reader.  

Reader Sensitivity Specificity PPV NPV Accuracy AUC 

Reader 1 (95% CI) 0.66 (0.57–0.74) 0.84 (0.74–0.93) 0.77 (0.75–0.80) 0.73 (0.69–0.77) 0.76 (0.74–0.79) 0.83 (0.81–0.84) 
Reader 2 (95% CI) 0.59 (0.49–0.69) 0.81 (0.76–0.85) 0.76 (0.67–0.86) 0.69 (0.66–0.73) 0.70 (0.68–0.73) 0.79 (0.76–0.83) 

95% CI: 95% confidence interval, AUC: Area under the receiver operating characteristic (ROC) curve, NPV: negative predictive value, PPV: positive predictive value. 

Fig. 2. Area under the receiver operating characteristic (ROC) curves (AUC) 
per reader comparing the final testing radiomics model to a qualitative/se
mantic radiology marker, the presence of subjective necrosis. 
95% CI: 95% confidence interval, ROC: receiver operating characteristic 
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marker for DLBCL [7,20]. As shown on the ROC curves (Fig. 2), our 
radiomics model performs better to discriminate PTF-DLBCL, compared 
to this qualitative radiology marker. Also, Fig. 3 compares two intra
abdominal nodes that could not visually be distinguished but were 
accurately labeled as refractory and non-refractory by our model. This 
strongly suggests that quantitative image-based features can predict 
PTF-DLBCL with an accuracy that is unequaled by conventional image 
interpretation of semantic features. 

However, our study is limited by the small number of patients. 
DLBCL is characterized by a wide heterogeneity that can be subdivided 
within up to five distinct molecular subgroups [26,27]. The limited 
number of patients included in this study might not represent this mo
lecular variability. To flatten the differences within our two comparative 
groups, refractory and non-refractory, the patients have been matched 
on the most significant clinical outcome predictor, the R-IPI score. 
Beyond inter-individual variability, the coexistence of different clonal 
population within a single patient’s disease is acknowledged in a various 
number of cancers. Recently, the same spatial diversity was highlighted 
in DLBCL with frequent mutational disparity between different tumor 
sites in a same patient, even at initial diagnosis prior to treatment 
initiation [28]. This phenomenon can explain mixed response in some 
DLBCL patients where one or more lesions are progressing on treatment 
while others are responding. The existence of mixed response will still 
categorize the patient as refractory [29]. To take into account the 
intra-individual heterogeneity, each node was considered independently 
to test patient’s response to treatment. We believe that a radiomics 
approach has the potential to better represent the complexity of a pa
tient’s disease than a single biopsy that might underestimate the spatial 
heterogeneity. 

Our study showed that CT-based quantitative image-based features 
can predict PTF-DLBCL with a high accuracy and with good inter-reader 
reproducibility. There is no other known imaging model, either quan
titative or qualitative, offering such an efficient prediction model. 
Future studies are planned to expand the dataset to develop more 
powerful algorithms that would improve the performance, and to vali
date the model on an external independent dataset. 

Conclusions 

This study suggests that CT-based radiomics with machine learning 
classifier might be able to discriminate PTF-DLBCL from non-refractory 
disease at the time of diagnosis and prior to therapy initiation. Our CT- 
based radiomics model analyzing nodal texture could discriminate re
fractory from non-refractory patients. The contrast enhanced CT used 
for our study is the favored method, along with PET CT scan, to assess 
disease extent and response to therapy in the context of clinical trials 

[22]. This quantitative contrast-enhanced CT scan-based model could be 
assessed in combination with metabolic PET-scan biomarkers. Our study 
is limited by a small dataset that might not depict the large molecular 
heterogeneity of this disease but the nodes independently increased our 
dataset and helped overcome intra-individual spatial heterogeneity of 
the tumor. The good inter-observer reliability suggests this approach to 
be reproducible but that needs to be confirmed on an external evaluation 
(test) set and a larger dataset is needed to confirm the generalizability of 
the findings. Future work in this area will focus on automating the 
identification of nodal structures, analysis of non-nodal involvement by 
DLBCL, and possibly combining SUV data from the PET scan. 
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Fig. 3. Comparison of 2 nodes from patients CT-scan. The left picture shows a responsive node (achieved a complete response) from a non-refractory patient and the 
right picture a refractory node (did not achieve a complete response) from a refractory patient. The two nodes have been successfully distinguished by the radiomics 
model despite a very similar visual appearance. 
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