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Abstract
Objectives  To examine the correlation of apparent diffusion coefficient (ADC), diffusion weighted imaging (DWI), 
and T1 contrast enhanced (T1-CE) with Ki-67 in primary central nervous system lymphomas (PCNSL). And to assess 
the diagnostic performance of MRI radiomics-based machine-learning algorithms in differentiating the high 
proliferation and low proliferation groups of PCNSL.

Methods  83 patients with PCNSL were included in this retrospective study. ADC, DWI and T1-CE sequences were 
collected and their correlation with Ki-67 was examined using Spearman’s correlation analysis. The Kaplan-Meier 
method and log-rank test were used to compare the survival rates of the high proliferation and low proliferation 
groups. The radiomics features were extracted respectively, and the features were screened by machine learning 
algorithm and statistical method. Radiomics models of seven different sequence permutations were constructed. The 
area under the receiver operating characteristic curve (ROC AUC) was used to evaluate the predictive performance of 
all models. DeLong test was utilized to compare the differences of models.

Results  Relative mean apparent diffusion coefficient (rADCmean) (ρ=-0.354, p = 0.019), relative mean diffusion 
weighted imaging (rDWImean) (b = 1000) (ρ = 0.273, p = 0.013) and relative mean T1 contrast enhancement (rT1-
CEmean) (ρ = 0.385, p = 0.001) was significantly correlated with Ki-67. Interobserver agreements between the two 
radiologists were almost perfect for all parameters (rADCmean ICC = 0.978, 95%CI 0.966–0.986; rDWImean (b = 1000) 
ICC = 0.931, 95% CI 0.895–0.955; rT1-CEmean ICC = 0.969, 95% CI 0.953–0.980). The differences in PFS (p = 0.016) and 
OS (p = 0.014) between the low and high proliferation groups were statistically significant. The best prediction model 
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Introduction
Primary central nervous system lymphoma (PCNSL) is 
a rare malignant non-Hodgkin’s lymphoma (NHL) [1]. 
PCNSL has irreversible consequences of central nervous 
system symptoms, and untreated PCNSL has an inferior 
prognosis with an overall survival (OS) of approximately 
1.5 months [2]. To this day, combination therapy with 
high-dose methotrexate (HD-MTX) and whole-brain 
radiotherapy (WBRT) improved outcomes with a median 
disease-free survival of 40.3 months. However, this kind 
of therapy resulted in severe neurological deficits [3]. 
Therefore, it is necessary to clarify the diagnosis as soon 
as possible to avoid the side effects caused by the com-
bined treatment. Stereotactic biopsy is regarded as the 
gold standard to diagnose PCNSL, but due to its surgical 
sequelae, a non-invasive method for monitoring tumor 
progression is required.

Ki-67 can evaluate the proliferative activity of malig-
nant tumors, which reflects the neoplasm invasion [4]. 
In some malignant tumors, there is a correlation between 
the expression level of Ki-67 and the prognosis of 
patients, such as non-Hodgkin’s lymphoma and follicular 
lymphoma [5, 6]. In these tumors, higher levels of Ki-67 
expressionis associated with a poorer patient-survival 
rate. For other tumors, previous studies have demon-
strated a significant correlation between apparent diffu-
sion coefficient (ADC) parameters and Ki-67 expression, 
reflecting tumor biology in terms of proliferative activity 
[7, 8]. According to these researches, if MRI parameters 
are related to the expression of Ki-67, we can infer that 
MRI can reflect the proliferative activity of PCNSL.

MRI is a routine and effective imaging method for the 
diagnosis of PCNSL. Diffusion-weighted imaging (DWI), 
and T1 contrast-enhanced (T1-CE) images are more 
advantageous in identifying PCNSL [9, 10]. MRI (DWI 
and T1-CE) is also recommended for the diagnosis and 
evaluation of PCNSL in the 2022 Chinese expert consen-
sus [11]. In malignant tumors, tumor growth can lead to a 
reduction in the volume of the extracellular space outside 
the blood vessels which can affect water diffusion [12]. 
Thus, it leads to a significantly high signal of PCNSL on 
DWI. In addition, tumor cells destroyed the blood-brain 
barrier, resulting in significant enhancement on T1-CE 
MRI [13]. Therefore, we choose ADC, DWI, and T1-CE 
image to find their correlation with Ki-67. However, the 

MRI diagnosis of PCNSL still relies on the personal expe-
rience and subjective judgment of the radiologist. As a 
result, the objectivity and stability of the diagnostic pro-
cess are limited to some extent.

Radiomics is an emerging field in quantitative imag-
ing that uses advanced imaging features to objectively 
and quantitatively describe tumor phenotypes [14–16]. 
Radiomics can provide a basis for treatment decisions 
by modeling and analyzing radiomics features in medical 
images, which can also be used to predict the prognosis 
of diseases [17–19].

The purpose of this study was to explore the correlation 
of ADC, DWI and T1-CE MRI parameters with Ki-67 in 
PCNSL. The low and high proliferation groups of PCNSL 
were defined by Ki-67 and used to evaluate the diagnostic 
performance of the MRI radiomics-based machine learn-
ing algorithm in differentiating the low and high prolif-
eration groups of PCNSL. Then we try to modulate the 
radiomics model based on ADC, DWI, T1-CE and their 
combinations to find the best sequence to differentiate 
the low and high proliferation groups of PCNSL.

Materials and methods
Patients
This study included 83 PCNSL patients with complete 
ADC, DWI and T1-CE MRI image data, clinic-pathologi-
cal features, and follow-up information. The imaging data 
of 145 patients were retrospectively collected from March 
2019 to September 2021 at the picture archiving and 
communication systems (PACS) of Shandong Provincial 
Hospital Affiliated to Shandong First Medical University, 
Qilu Hospital of Shandong University, Shandong Cancer 
Hospital and Institute, the Affiliated Hospital of Qingdao 
University and Shandong Provincial Qianfoshan Hospi-
tal. MRI images included in the study were obtained from 
each center prior to biopsy, surgery and any treatment. 
Inclusion criteria included: (1) PCNSL was confirmed by 
stereotactic biopsy with Ki-67 by immunohistochemical 
examination; (2) No other lymphoma; (3) Complete MRI 
examination data with DWI (b = 1000), ADC and T1-CE 
images; (4) No history of congenital or acquired immune 
deficiency. Exclusion criteria were as follows: (1) Absence 
of clinical information and imaging; (2) Poor image qual-
ity; (3) Prior to the MRI, the patient had a history of 
treatment for PCNSL (puncture, surgery, steroid therapy, 

in our study used a combination of ADC, DWI, and T1-CE achieving the highest AUC of 0.869, while the second ranked 
model used ADC and DWI, achieving an AUC of 0.828.

Conclusion  rDWImean, rADCmean and rT1-CEmean were correlated with Ki-67. The radiomics model based on MRI 
sequences combined is promising to distinguish low proliferation PCNSL from high proliferation PCNSL.
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radiotherapy and chemotherapy). Survival and treatment 
outcomes were documented by telephone follow-up. 
Progression-free survival (PFS) was defined as the time 
from initial treatment to disease progression, relapse, 
or death, whereas overall survival (OS) was defined as 
the time from initial diagnosis to death from any cause. 
Finally, 83 patients were enrolled in this study and ran-
domly assigned to the training set (n = 58) and the test set 
(n = 25) in a ratio of 7:3 (Fig. S1).

MRI examinations
All images were acquired during routine clinical exami-
nation using 3.0T MRI scanners and their matching head 
phased array coils. More details of the scanning parame-
ters are available in the Supplement Materials and Meth-
ods section of the Supplementary Material.

Image analysis
All images were analyzed by two experienced radiologists 
(both with 10 years of neuro-MRI diagnostic experience) 
without knowledge of the histopathological diagnosis.

Image analysis was performed on a Siemens SIENET 
Magic View 1000 console prior to stereotaxic biopsy. 
The lesion in question was identified by a neurosurgeon 
with a stereotaxic biopsy. DWI (b = 1000) and ADC maps 
were registered with T1-CE MRI for improved visual-
ization and correlation. The radiologist then viewed the 
co-registered DWI (b = 1000), ADC maps, and T1-CE 
images and outlined the entire enhancement as the 
region of interest (ROI) at the largest cross-section of the 
tumor and obtained the T1-CE mean signal value of the 
lesion by Siemens Syngo. via (Munich, Germany). Finally, 
ADC and DWI mean signal values of the lesion were 
obtained by copying the measurement of the ROI and 
pasting it to the same organ position on the correspond-
ing ADC and DWI images. Similarly, T1-CE, ADC and 
DWI mean signal values of the contralateral thalamus 
were obtained (Fig. S2). In order to reduce the influence 
of different scanners or the differences of the background 
signal, we defined the ratio of the lesion ROI measure-
ment to the contralateral thalamus measurement as the 
relative mean signal value of the lesion [20, 21]. The rela-
tive mean Apparent Diffusion Coefficients (rADCmean), 
relative mean Diffusion Weighted Imaging (b = 1000) 
(rDWImean) and relative mean T1 contrast enhanced 
(rT1-CEmean) of the ROI of each lesion were indepen-
dently analyzed by two readers. ROI signal values were 
measured and averaged by two radiologists. The ROI 
signal values measured by two radiologists were used 
for inter-observer intraclass correlation coefficient (ICC) 
analysis, and the average value was used for correlation 
analysis between MRI parameters and tumor Ki-67.

Histopathological examination and immunohistochemical 
assay
Neurosurgeons obtained pathological specimens by ste-
reotaxic biopsy. The mean interval between specimen 
acquisition and MRI examination was 20 days. Analy-
sis and diagnosis by pathologists. Immunohistochemi-
cal analysis was performed using antibody against Ki-67 
(1:200, Dako). To identify Ki-67-positive tumor cells, 
we observed and counted at least 1,000 tumor cells in 
more than five high-power fields, with a relatively uni-
form distribution of tumor cells. From previous studies 
[22, 23], Ki-67 ≥ 90% was correlated with OS and PFS in 
PCNSL. Therefore, Ki-67 was defined as the percentage 
of total tumor cells with nuclear staining (Ki-67 positive). 
Meanwhile, we defined Ki-67 < 90% as the PCNSL low 
proliferation group, and Ki-67 ≥ 90% as the PCNSL high 
proliferation group.

Image preprocessing
To avoid data heterogeneity bias, resampling and nor-
malization were conducted for DWI, ADC and T1-CE 
images before radiomics feature extraction. Moreover, 
nine imaging transformation methods were conducted 
including wavelet, Laplacian of Gaussian (LoG), Local 
Binary Pattern (LBP) 2D, LBP 3D, square, square root, 
logarithm, exponential and gradient filtering.

Feature extraction and selection
In order to evaluate the stability of the extracted 
radiomics features, we performed inter-observer and 
intra-observer repeatability analyses. A total of 15 cases 
were randomly selected to establish two identical DWI 
image labeling tasks. Observer 1 and Observer 2 (both 
with 10 years of neuro-MRI diagnostic experience) inde-
pendently segmented the entire tumor region on con-
secutive cross-sectional images to obtain the volume 
of interest (VOI), respectively. The obtained radiomics 
features were used for ICC analysis between observers. 
Observer 1 re-segmented the above 15 cases at an inter-
val of one month, and the radiomics features obtained 
from the first and second segmentation were used for 
intra-observer ICC analysis; finally, the observer 1 com-
pleted the segmentation of all the remaining cases. Then, 
radiomics features were extracted from the VOI of the 
three sequences respectively via the Deepwise Multi-
modal Research Platform (https://keyan.deepwise.com, 
V2.0) (Beijing Deepwise & League of PHD Technology 
Co., Ltd., Beijing, China).

The existence of unstable radiomics features and 
highly correlated radiomics features may influence the 
model performance, so feature selection is a key step 
in the model establishment process. First, the unstable 
radiomics features were removed from the intra-observer 
and inter-observer ICC analysis results in the feature 

https://keyan.deepwise.com
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extraction step. The radiomics features with high stability 
between and within observers (ICC ≥ 0.8) were selected 
for further feature screening. Then, a feature correlation 
analysis, with a threshold of 0.7, was used to calculate the 
linear correlation coefficients. One of the features needed 
to be removed to alleviate the redundancy, when the lin-
ear correlation coefficient between any two features was 
greater than that of the threshold. F test was conducted 
to screen features further.

Model construction and evaluation
Support vector machine (SVM) is a binary classification 
model, its learning strategy is to maximize the interval, 
which can be formalized as a problem of solving convex 
quadratic programming. Previous studies suggest that 
SVM is effective in high dimensional feature space, and 
its sparse feature can suppress data noise [24]. Therefore, 
the SVM was used for this study.

The data set of 83 samples was randomly split by 
a ratio of 7:3. 70% of them were used as training set to 
train the model and 30% of them were used as testing 
set to validate the model performance. Seven radiomics 
models were established based on features selected 
from single-sequence images (DWI, T1-CE, ADC) and 
multi-sequences images (ADC + DWI, ADC + T1-CE, 
DWI + T1-CE, ADC + DWI + T1-CE) with SVM algo-
rithm, respectively.

Independent predictors associated with Ki-67 levels 
were selected using univariate and multivariate logis-
tic regression. Then, a clinical-radiomics model was 

developed by combining the best radiomics model and 
the independent predictors associated with Ki-67 levels.

AUC, sensitivity, specificity and accuracy were cal-
culated to evaluate the performance of models. ROC 
curve was also drawn to assess the distinguishing 
ability of models. A decision curve was applied to 
analyze the clinical efficacy of the best machine learn-
ing model. The calculation method of net benefit is 
Net benefit = True Positives

n − False Positives
n

(
pt

1−pt

)
 (n: 

total number of cases; pt: threshold probability, where the 
expected benefit of treatment equals the expected ben-
efit of avoiding treatment) [25]. Moreover, the DeLong 
test was performed to calculate the statistical differences 
of models. Figure  1 describes the workflow from image 
analysis to radiomics model performance evaluation.

Statistical analysis
Variations in clinical factors between the high prolif-
eration and low proliferation groups were evaluated by 
Chi-squared (χ2) tests or Mann-Whitney U tests. Sur-
vival was assessed by the Kaplan-Meier method in the 
low proliferation and high proliferation groups and the 
log-rank test was used for comparison. The relationship 
of rADCmean, rDWImean, and rT1-CEmean of extra-
cellular matrix in each lesion with Ki-67 was assessed 
using Spearman’s correlation analysis. Univariate logistic 
regression was applied to select variables with p < 0.05, 
and multivariate logistic regression was performed 
on these variables to screen for independent predic-
tors of association with Ki-67. DeLong test was used to 

Fig. 1  Overview of the current study workflow. ICC, intraclass correlation coefficient; ROC, receiver operating characteristic
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calculate statistical differences of different models via 
Medcalc (version 11.4.2.0, https://www.medcalc.org). 
Inter-observer agreement was assessed using the ICC. 
Statistical analysis and graphing were performed by the 
Deepwise Multimodal Research Platform and SPSS 25.0. 
p values less than 0.05 were considered to indicate statis-
tical significance.

Results
Correlation between Ki-67 and MRI parameters
Among the 83 lesions, 54 lesions (25 women, 29 men; 
28–80 years, mean age 60 years) and 29 lesions (14 
women,15 men; 5–73 years, mean age 58 years) were in 
the low proliferation group and the high proliferation 
group, respectively. The histological type of all PCNSL 
was primary diffuse large B-cell CNS lymphoma. The 
clinical characteristics of the two groups are shown in 
Table  1. By the end of follow-up, 30 (36.1%) of the 83 
patients experienced disease progression or recurrence, 
and 52 (63.9%) died. When comparing clinical factors, 
no statistically significant differences in age and gen-
der were observed between the two groups, however, 

statistically significant differences in PFS (p = 0.016) and 
OS (p = 0.014) were observed. The Kaplan-Meier curve 
indicates that patients in the high proliferation group 
showed lower PFS and OS (Fig. 2). As shown in Table 2, 
rADCmean (ρ = -0.354, p = 0.019), rDWImean (b = 1000) 
(ρ = 0.273, p = 0.013) and rT1-CEmean (ρ = 0.385, 
p = 0.001) and Ki-67 significant correlation. Figure  3 are 
representative examples of low and high proliferation 
groups and their immunohistochemical staining images. 
As shown in Fig. 4, the inter-observer agreement for all 
parameters is good.

Feature selection
A total of 1906, 1906 and 1743 radiomics features were 
extracted from each patient ‘s ADC, DWI and T1-CE 
images, respectively. After inter-observer and intra-
observer ICC analysis, ADC, DWI and T1-CE retained 
1197, 1406 and 1468 features, respectively. Finally, after 
feature reduction, 11 features of ADC images, 15 features 
of DWI images and 9 features of T1-CE features were 
retained. ADC model, DWI model and T1-CE model 
were established by the SVM algorithm.

Moreover, univariate logistic regression showed that 
age (≤ 60 vs. >60 years), sex, and immunophenotype (ger-
minal center B cell-like (GCB) vs. non-GCB) were not 
predictors of Ki-67 LI (Ki-67 < 90 vs. ≥ 90) (Table S1).

Models performance
Based on features from individual MRI sequence, the 
model achieved an AUC from 0.733 to 0.783 on train-
ing set and from 0.679 to 0.774 on testing set. Based on 
features from a combination of sequences, the model 

Table 1  Baseline characteristics of participants in Low 
Proliferation Group and High Proliferation Group
Variable Low proliferation 

group
(n = 54)

High prolif-
eration group 
(n = 29)

p

Age (y)* 62 (55.3–67) 60 (52–66) 0.476
Sex (n, %) 29 (53.7) 15 (51.7) 0.863
Immunophenotype 
(n, %)

0.207

GCB 15 (27.8) 12 (41.3)
Non-GCB 39 (72.2) 17 (58.6)
PFS (m)* 32.9 (27.4–40) 31 (25.5–35.5) 0.016
OS (m)* 39 (33–43) 32.1 (28–39) 0.014
* Data are medians, with IQRs in parentheses

Bold value indicates p < 0.05

PFS, progression-free survival; OS, overall survival; GCB, germinal center B 
cell-like

Table 2  Spearman Correlation Analysis of the relationship 
between Ki67 and MRI parameters (DWI, ADC and T1-CE)
Parameters Spearman’s ρ p value
rDWImean 0.273 0.013
rADCmean -0.354 0.019
rT1-CEmean 0.385 0.001

Fig. 2  Kaplan-Meier assessment of the difference in progression-free survival (a) and the difference in overall survival (b) between the low proliferation 
group (red line) and the high proliferation group (green line)
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Fig. 4  Bland-Altman plots of rDWI (a), rADC (b) and rT1-CE (c) demonstrating agreement between the values measured by the two radiologists. Differ-
ences (y-axis) between measurements obtained by two radiologists are plotted against the mean values (x-axis) of the measurements obtained by them. 
Solid line, top and bottom dashed lines indicate the mean difference, and the upper and lower margins of 95% limits of agreement, respectively

 

Fig. 3  Representative examples of low proliferation group (a-c) and high proliferation group (e-g), and their immunohistochemical staining images 
(d and h). a Brain axial T1-CE showed right occipital lobe mass (arrow) significantly enhanced lesions around the patchy low intensity edema. The rT1-
CEmean was 1.57. b Brain DWI showed significantly low signal in the necrotic area of the lesion (arrow) and significantly high signal in the solid part. 
The rDWImean was 1.29. c Intracranial ADC showed low signal in the solid part of the lesion (arrow) and obvious high signal in the surrounding edema. 
The rADCmean is 1.82. d Representative microscopic images at×200 magnification showed partial Ki-67-stained tumor cells, indicating low prolifera-
tion; Ki-67 labeling index was 50. e Brain axial T1-CE showed left cerebellar mass (arrow) significantly enhanced, no obvious edema around the lesion. 
The rT1-CEmean was 2.15. f DWI of brain showed obvious low signal in the necrotic area of the lesion (arrow) and obvious high signal in the solid part. 
The rDWImean was 1.69. g Intracranial ADC showed low signal in the solid portion of the lesion (arrow), and high signal in the surrounding edema. The 
rADCmean is 1.59. h Representative microscopic images at×200 magnification showed a large number of Ki-67-stained tumor cells, indicating high 
proliferation; Ki-67 labeling index was 90
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achieved an AUC from 0.740 to 0.854 on training set 
and from 0.733 to 0.828 on testing set. Based on fea-
tures combined all different sequences, the model had 
the best performance with an AUC of 0.878 on training 
set and an AUC of 0.869 on testing set. The results are 

shown in Table  3. Moreover, there is a significant dif-
ference between the ADC + DWI + T1-CE model and 
the ADC model (p = 0.001), DWI model (p = 0.035) and 
T1-CE model (p = 0.025) on the training set, respec-
tively. And there was a significant difference between 
the ADC + DWI + T1-CE model and the ADC model 
(p = 0.007) and T1-CE model (p = 0.002) on testing set, 
respectively, as shown in Table  4. Detailed information 
on the DeLong test of the other models is provided in 
Table S2.

Figure 5 showed that the model of all sequences com-
bined had the highest AUC on both training and testing 
sets and the best prediction performance.

To analyze the clinical value of the best 
ADC + DWI + T1-CE model, we plotted a decision curve 
shown in Fig.  6. We found that the net clinical benefit 
obtained by the model was greater than the net clinical 

Table 3  AUC, Accuracy, specificity, and sensitivity on training and testing sets of different models
Metrics ADC + DWI + T1-CE ADC + DWI DWI + T1-CE ADC + T1-CE ADC T1-CE DWI

Training set AUC 0.878 0.854 0.829 0.740 0.733 0.773 0.783
Accuracy 0.803 0.782 0.732 0.739 0.718 0.725 0.725
Sensitivity 0.686 0.586 0.676 0.643 0.614 0.789 0.676
Specificity 0.917 0.972 0.789 0.833 0.819 0.662 0.775

Testing set AUC 0.869 0.828 0.795 0.733 0.723 0.679 0.774
Accuracy 0.742 0.710 0.758 0.742 0.710 0.613 0.726
Sensitivity 0.645 0.516 0.645 0.677 0.613 0.677 0.613
Specificity 0.839 0.903 0.871 0.807 0.807 0.548 0.839

AUC area under the curve

Table 4  DeLong test results for the best performing Radiomics 
Model and other Radiomics models

P value of the training 
set

P value 
of the 
testing 
set

all VS. T1-CE 0.025 0.002
all VS.ADC 0.001 0.007
all VS.DWI 0.035 0.188
all VS. T1-CE + ADC 0.001 0.006
all VS. T1-CE + DWI 0.204 0.143
all VS. ADC + DWI 0.387 0.055
Bold value indicates p < 0.05

Fig. 5  Receiver operating characteristic (ROC) curve of all the models in training set (a) and validation set (b)
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benefit of classifying all patients and not classifying all 
patients.

Discussion
The incidence of PCNSL has been steadily rising over the 
last 30 years [26]. Due to the lack of specific clinical man-
ifestations, there is a certain misdiagnosis rate in imag-
ing diagnosis [27, 28]. The treatment method of PCNSL 
is different from that of conventional tumors. The treat-
ment of PCNSL is mainly combined with HD-MTX 
chemotherapy and WBRT (45  Gy) [11]. Hence, early 
diagnosis is crucial to avoid unnecessary surgical resec-
tion [3, 29]. Furthermore, early diagnosis and follow-up 
examination after therapy play a crucial role in the prog-
nosis of PCNSL [30]. Because patients in the high prolif-
eration group had significantly lower PFS (p = 0.016) and 
OS (p = 0.014) than those in the low proliferation group, 
accurate prediction of tumor proliferation levels prior 
to treatment can help clinicians risk stratify and develop 
appropriate treatment regimens and follow-up strategies 
[31, 32]. The radiomics model we developed was able to 
grade tumors by analyzing MRI images (ADC, DWI and 
T1-CE).

Previous studies have shown that Ki-67 could indicate 
tumor aggressiveness and it is an important predictor for 
disease prognosis [33–35]. Ki-67 is an independent prog-
nostic factor in determining post-metastatic overall sur-
vival (PMOS) in certain malignancies [36]. Furthermore, 

in breast cancer patients, the Ki-67 expression level was 
an independent predictor of significant disease response 
to neoadjuvant chemotherapy [37]. It is closely related 
to the increase of cell number and volume, and this will 
restrict the diffusion of water molecules which increase 
the signal of DWI. At the same time, high levels of Ki-67 
also represent a strong invasive ability of the tumor, 
that is, the ability to infiltrate and destroy blood vessels. 
PCNSL lesions usually have cuffing infiltration around 
blood vessels which destroys vascular endothelial cells. 
In this case, the contrast agent seeps from the dam-
aged blood-brain barrier around the tumor. As a result, 
hypo-vascular PCNSL is often markedly homogeneously 
enhanced on T1-CE images. Moreover, the higher the 
level of Ki-67, the more active the proliferation of tumor 
cells. The greater the damage to the blood-brain barrier, 
the more obvious the tumor enhanced. Therefore, to find 
whether ADC, DWI and T1-CE parameters are related 
to Ki-67 levels in primary CNS lymphoma is important 
for interpreting the biological significance of medical 
images. The relative mean signal value (rDWImean, rAD-
Cmean and rT1-CEmean) is stable throughout the vari-
ous MRI vendors and thus could be regarded as reliable. 
In this study, we found that rDWImean, rADCmean and 
rT1-CEmean were significantly associated with Ki-67. 
Consequently, the rDWImean, rADCmean and rT1-
CEmean utilized in this study can conveniently filter 

Fig. 6  Decision curve of the model built by all sequences combined
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PCNSL patients with high levels of Ki-67 in a rapid pace 
of clinical work [38, 39].

ADC can detect the diffusion of water molecules in 
lesions to reflect the microstructure of lesions. A sig-
nificant negative correlation between Ki-67 and ADC 
parameters was observed in breast cancer [40] and liver 
cancer [41]. In the study of Schob et al. [42], Ki-67 also 
showed a significant negative correlation with ADC frac-
tions in PCNSL. This is consistent with our results. The 
results of this study showed that rT1-CEmean was sig-
nificantly correlated with Ki-67, and there was a signifi-
cant difference between the high proliferation group and 
the low proliferation group. Notably, Schmitz et al. found 
that conventional imaging features based on T1-CE and 
MRI radiomics features could differentiate between low-
proliferative and high-proliferative soft tissue sarcomas 
[43]. This suggests that in certain malignant tumors, 
T1-CE properties could correlate with Ki-67, potentially 
aiding in the initial screening of tumors with high prolif-
erative activity. Such a relationship may allow for better 
early identification of highly proliferative malignancies, 
which are typically associated with poorer prognosis.

More and more studies have focused on radiomics for 
the prediction of disease treatment response [44], prog-
nosis prediction [45], exploring the relationship between 
radiomics features and biological features [46–48]. Based 
on the above research results, we developed a radiomics 
model that can predict the proliferation level of PCNSL. 
In order to ensure the reliability of the prediction model, 
this study excluded variable factors by three steps. Firstly, 
in order to reduce the adverse effects caused by the sin-
gular sample data, we standardized and normalized the 
data. Then radiomics features were extracted from each 
patient’s ADC, DWI, and T1-CE images, respectively. 
The second step is to exclude the differences between 
radiologists in describing ROI and select omics features 
with high stability (ICC ≥ 0.8) for the next feature screen-
ing. The last step is to adjust the threshold of feature cor-
relation analysis and use the F test for feature screening.

Age of PCNSL patients was strongly associated with 
prognosis [49], however, age, sex, and immunophenotype 
were not found to be predictors of Ki-67 LI in our study, 
similar to past studies [50]. Therefore, this study devel-
oped MRI-based radiomics model that did not include 
clinical factors to establish a clinical-radiomics model. 
This may be an advantage of this study because patients 
in the high proliferation group can be detected using only 
MRI images without considering clinical factors, which 
makes it more convenient in the application process.

ROC curve showed that the model constructed 
by all sequences combined, sequence combination 
(DWI + T1-CE) and radiomics features in T1-CE images 
had good diagnostic performance. The AUC of all 
sequence combination validation sets was 0.869 (95% 

CI 0.772–0.966), which had the best diagnostic perfor-
mance. The reason is that radiomics features based on 
multiple sequences can independently and perfectly 
describe tumor information and are significantly corre-
lated with Ki-67.

Radiomics can extract high throughput quantitative 
image features to characterize lesion features [51]. These 
features include geometry, signal intensity histogram, 
and image texture features to reflect the level of tumor 
proliferation and may explain the difference between the 
high and low proliferation groups of PCNSL [52]. Most 
of the features cannot be visually obtained by the naked 
eye, so the number is far more than the imaging features 
observed by the naked eye of radiologists. Therefore, 
the model’s description of the tumor may be more per-
fect, which has been confirmed in the study of Xia et al. 
[53]. Previous studies have constructed radiomics mod-
els with good diagnostic performance for the diagnosis 
of typical or atypical PCNSL and the differential diagno-
sis of PCNSL and glioma, helping clinicians to diagnose 
patients who cannot undergo stereotactic biopsy [54, 55]. 
The radiomics model constructed in this study may help 
to predict the tumor proliferation level of patients with 
stereotactic biopsy contraindications and provide more 
reliable decision support for tumor treatment and reex-
amine after treatment. This model could be beneficial 
to avoid the optimal treatment time window missing for 
patients with biopsy contraindications and to enable per-
sonalized medicine.

The decision analysis curve has unique advantages in 
analyzing the clinical value of the model. We found that 
in the test set, the model achieved a net clinical benefit 
after grouping patients for Ki-67 compared to no group-
ing patients. Therefore, radiomic models can predict the 
disease prognosis and provide clinical treatment decision 
support.

Our study has some limitations. First of all, due to the 
low incidence of PCNSL, this study was conducted retro-
spectively, which may limit the generalizability and rep-
resentativeness of the results. Therefore, future research 
should further validate the reliability of our findings in 
prospective cohorts. In addition, the ability of the sci-
entific research platform used in this study to extract 
features is limited. While current feature extraction 
method provides some insights, the introduction of more 
advanced techniques and algorithms will help improve 
the granularity and adaptability of feature extraction. In 
future work, we expect to be able to optimize the process 
using more powerful platforms in order to obtain more 
comprehensive data support. Furthermore, the man-
ual approach of outlining the entire enhancement may 
introduce inter- and intra-observer variability. Future 
studies should focus on the development of deep learn-
ing models for automated lesion recognition to mitigate 
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this variability. Finally, due to the lack of specific clinical 
manifestations of PCNSL, this study did not construct 
a nomogram in combination with clinical factors, and 
past studies have shown that nomograms perform sig-
nificantly better than routinely used clinical tumor stag-
ing, tumor size and clinical models [56]. Therefore, in 
future work, more clinical factors of PCNSL need to be 
extracted and combined with radiomics features to show 
nomogram.

Conclusion
This study found that rDWImean, rADCmean and rT1-
CEmean were associated with Ki-67, demonstrating‌‌ 
that the relative mean signal value of MRI may provide 
some insight into assessing the level of PCNSL prolif-
eration. Furthermore, this study demonstrates that MRI 
radiomics-based machine learning algorithms have good 
diagnostic performance in distinguishing high and low 
proliferation groups of PCNSL, which deserves further 
exploration and validation.
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