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Abstract

Purpose To develop and validate a pathomics signature for predicting the outcomes of Primary Central Nervous System
Lymphoma (PCNSL).

Methods In this study, 132 whole-slide images (WSIs) of 114 patients with PCNSL were enrolled. Quantitative features
of hematoxylin and eosin (H&E) stained slides were extracted using CellProfiler. A pathomics signature was established
and validated. Cox regression analysis, receiver operating characteristic (ROC) curves, Calibration, decision curve analysis
(DCA), and net reclassification improvement (NRI) were performed to assess the significance and performance.

Results In total, 802 features were extracted using a fully automated pipeline. Six machine-learning classifiers demonstrated
high accuracy in distinguishing malignant neoplasms. The pathomics signature remained a significant factor of overall sur-
vival (OS) and progression-free survival (PFS) in the training cohort (OS: HR 7.423, p <0.001; PFS: HR 2.143, p=0.022)
and independent validation cohort (OS: HR 4.204, p=0.017; PFS: HR 3.243, p=0.005). A significantly lower response rate
to initial treatment was found in high Path-score group (19/35, 54.29%) as compared to patients in the low Path-score group
(16/70, 22.86%; p <0.001). The DCA and NRI analyses confirmed that the nomogram showed incremental performance
compared with existing models. The ROC curve demonstrated a relatively sensitive and specific profile for the nomogram
(1-, 2-, and 3-year AUC =0.862, 0.932, and 0.927, respectively).

Conclusion As a novel, non-invasive, and convenient approach, the newly developed pathomics signature is a powerful
predictor of OS and PFS in PCNSL and might be a potential predictive indicator for therapeutic response.
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Introduction

Primary central nervous system lymphoma (PCNSL) is a
rare and highly aggressive type of extranodal non-Hodgkin
lymphoma that exclusively affects the brain, spinal cord,
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0.6 cases per 1000000 people annually in the United States
and has increased over the past four decades, particularly
in patients older than 60 years [2-4]. Approximately 95%
of PCNSLs are classified as diffuse large B-cell lymphoma
(DLBCL), with a predominantly nongerminal center B-cell-
like (non-GCB) immunophenotype [5]. Typical histopatho-
logical characteristics include a perivascular arrangement of
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«Fig. 1 Workflow and general methodology of pathomics signature
construction. a. Whole-slide images (WSIs) acquired from PCNSL
patients are scanned. The cohort 1 contains 68 patients and corre-
sponding 71 WSIs is used to build a prognostic model. The cohort 2
which includs 46 patients and corresponding 61 WSIs is considered
as an independent validation cohort. b. After annotation, patch seg-
mentation, and color normalization, multiple pathomics features are
extracted from an automatic pipeline using the Cellprofiler software.
The pathomics score (Path-score) is developed via the Lasso-cox
regression model for each patient. Survival stratification and time-
dependent receiver operating characteristic (ROC) curves are further
explored. Finally, the nomogram incorporates the Path-score and clin-
ical characteristics is constructed

highly proliferating tumor cells forming a unique angiocen-
tric growth pattern [6]. Despite remarkable therapeutic pro-
gress, 15-25% of patients do not respond to chemotherapy,
and 25-50% relapse after the initial response [7-9], resulting
in a poor overall outcome. The 5-year overall survival (OS)
rate ranges from 22.3% to 35% [10-12].

Currently, two prognostic models are commonly used to
predict clinical outcomes in patients. One was developed
by the International Extranodal Lymphoma Study Group
(IELSG) and includes age, Performance Status (PS), serum
lactate dehydrogenase (LDH), cerebrospinal fluid (CSF)
protein, and deep brain involvement [13]. The other was
developed by researchers at the Memorial Sloan-Kettering
Cancer Center (MSKCC), which includes age and PS [14].
However, the levels of LDH or CSF protein (contraindica-
tions for lumbar puncture) at diagnosis are not always clear,
which adds many limitations to the application of IELSG in
clinical practice. The MSKCC model did not identify sig-
nificant survival differences in several recent studies [15,
16]. New insights into the pathobiology of the disease and
improved treatment approaches continue to challenge the
application of these models. Thus, there is an urgent need to
discover new biomarkers associated with prognosis.

Although convolutional pathological diagnosis is time-
consuming, labor-intensive, and relies heavily on the pathol-
ogist’s subjective judgment, the evaluation of histological
slides remains the gold standard for tumor diagnosis and
staging. Computational pathology leverages advanced tech-
niques to analyze large-scale pathological data, including
histopathological images, genomic data, and clinical infor-
mation, and has been shown to improve the efficiency, accu-
racy, and consistency of histopathological evaluations. An
increasing number of histopathological analysis algorithms
have been developed for tumor grading [17], automatic clas-
sification [18], and identification of lymph node metastases
[19]. The Least Absolute Shrinkage and Selection Opera-
tor (LASSO) regression is an efficient machine learning
method, which analyzes relationships between high-dimen-
sional features and outcomes. It can minimize the potential
collinearity of variables and has been reported to be valuable
in the survival prediction of PCNSL [20, 21]. In addition,

several recent studies have used digital pathology images to
address survival prediction in various malignancies, includ-
ing lung cancer [22], gastric cancer [23], gliomas [24], and
lung metastasis in colorectal cancer [25]. Therefore, we
aimed to explore the possibility of analyzing the automatic
digital pathological features extracted from Hematoxylin and
Eosin (H&E)-stained slides to predict prognosis in patients
with PCNSL.

Here, in this study, we performed a fully automated pipe-
line to extract quantitative features, showed their ability to
distinguish malignant neoplasms, developed and validated a
novel pathomics score (Path-score) based on these features
using the LASSO-Cox regression model in PCNSL patients.
Furthermore, the Path-score has been proven to have an
essential correlation with initial treatment response. Finally,
we constructed a nomogram that combined the Path-score
and clinical characteristics to conveniently predict patient
outcomes and demonstrated better performance than existing
prognostic models.

Materials and methods
Data cohort and study design

The workflow of this study is illustrated in Fig. 1. For rare
cancer types, especially PCNSL, data acquisition is chal-
lenging, and we cannot get data from public databases, such
as the TCGA (The Cancer Genome Atlas) database. Patients
with PCNSL from two cohorts at Beijing Tiantan Hospital
between January 2019 and March 2023 and corresponding
whole-slide images (WSIs) were retrospectively enrolled.
The inclusion criteria were as follows: (1) histologically
diagnosed CNS-DLBCL; (2) no other concomitant tumors;
and (3) availability of complete clinicopathological and fol-
low-up information. The exclusion criteria were as follows:
(1) evidence of systemic DLBCL from computed tomogra-
phy (CT) or positron emission tomography CT (PET CT)
of the chest, abdomen, pelvis, and bone marrow aspiration;
(2) no complete and clear WSIs; and (3) missing clinical or
follow-up data. The cohort 1 contained 68 patients and cor-
responding 71 WSIs was used to build a prognostic model.
The cohort 2 which included 46 patients and corresponding
61 WSIs was considered as an independent validation cohort
(Fig. 1a).

Patient demographic information including age, sex, East-
ern Cooperative Oncology Group (ECOG) PS, Karnofsky
Performance Status (KPS), Hans, Biopsy type, deep lesion
involvement, tumor size, number of lesions, IELSG score,
MSKCC score, treatment, and response were collected. Ini-
tial treatment responses including complete response (CR),
partial response (PR), stable disease (SD), and progressive
disease (PD) were determined according to the International
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Primary CNS Lymphoma Collaborative Group criteria [26].
Patients who were in CR or PR were regarded as Respond-
ers, whereas those who were in SD or PD were categorized
as Non-Responders. Patients who had progressed during the
initial treatment were considered to have Primary Resist-
ance. OS was defined as the time from diagnosis to death
from any cause or last follow-up. Progression-free survival
(PFS) was defined as the time from diagnosis to progression
or all-cause death. This study was approved by the Institu-
tional Review Board of Beijing Tiantan Hospital (approval
number: 2020-059 YW), and written informed consent was
obtained from all the patients. All the procedures complied
with the standards of the Declaration of Helsinki.

Image annotation and preprocessing of digital WSIs

All slides were formalin-fixed, paraffin-embedded, and
stained with H&E. Then, the slides were scanned by a Lecia
Aperio CS2 scanner into WSIs in a standard file format (the
‘svs’ format). Scanning magnification was 20X. Two highly
experienced pathologists annotated the regions of interest
(ROI) using ASAP (version 2.1). When the annotated results
are inconsistent, a third senior pathologist will make the final
judgment. The ROI patches (512 %512 pixels) were tiled
using OpenSlide and color-normalized using the Vahadane
method [27] (Fig. 1b). To reduce the computational time, 50
non-overlapping representative patches that contained more
tumor cells from each patient were selected by experienced
pathologists for further analysis.

Extraction of quantitative features from images

An automated feature extraction pipeline was developed
using CellProfiler (version 4.2.6), an open-source image
analysis software [28]. CellProfiler can quantify a variety of
biological features, including basic features (e.g., cell counts
and cell size) and complex morphological features (e.g., cell
shape, distribution of pixel intensity in cells and nuclei, and
textures of cells and nuclei). First, the images were split into
hematoxylin-stained and eosin-stained greyscale images by
the “UnmixColors” module. The nuclei of tumor cells were
identified with the “IdentifyPrimaryObjects” module. Then the
“IdentifySecondaryObjects”” module identified the cell body
by using the nuclei as a "seed" region, growing outwards until
stopped by the image threshold or by a neighbor. Thus it iden-
tified the cytoplasm by "subtracting” the nuclei objects from
the cell objects using the “IdentifyTertiaryObjects” module.
The quantitative features were extracted with modules includ-
ing “Measure Image Quality,” “Measure Image Intensity,”
“Measure Granularity,” “Measure Colocalization,” “Meas-
ure Object Intensity,” “Measure Object Neighbors,” “Meas-
ure Object Size Shape,” and “Measure Texture” (Fig. 1b). A
variety of features were measured for each identified cell or
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subcellular compartment, which have been proven to be valu-
able in characterizing microscopic cell morphology [29]. Cell-
Profiler measures various metric features and calculates their
distributions. Further description of the pipeline for feature
extraction is described in the Supplementary Methods. A sum-
mary of pathological features is presented in Supplementary
Table S1. The final value of each feature was averaged over 50
patches for further analyses.

Machine-learning methods for diagnosis
classification

Six common machine-learning classifiers were applied in
our study: Logistic, K-Nearest Neighbor (KNN), Random
Forest (RF), Support Vector Machines (SVM), eXtreme Gra-
dient Boosting (XGBoost), and Decision Tree (DT). Models
were trained and tested using R software (version 4.3.1),
with “caret” package for normalization, package “mlr3’ for
Logistic and KNN, package “randomForest” for RF, pack-
age “e1071” for SVM, package “xgboost” for XGBoost and
package “rpart” for DT. The datasets were randomly divided
into a 60% training set and a 40% test set. The Receiver
Operator Characteristics (ROC) curves were plotted using
“pROC” package. Area Under Curve (AUC), Accuracy, and
F1 score were used to evaluate model performance.

Feature selection and pathomics score building

A three-step feature selection procedure was applied to the
training cohort to establish a pathomic signature. First, a uni-
variate Cox regression analysis was performed to examine
the prognostic value of the 802 features. Only features with
p <0.05 were identified as candidate prognostic features. The
LASSO-Cox regression method was used to further select
important features. L1 penalty tuning parameter lambda (\)
was applied to shrink the coefficients of each feature to zero.
Features with non-zero coefficients were screened. In this
study, tenfold cross-validation was conducted to determine
the optimal A value by measuring the concordance index
(C-index) in the training cohort. Finally, we developed a
multivariate Cox proportional hazards model using a back-
ward stepwise approach. The Path-score was generated via
a linear combination of selected features weighted by their
respective coefficients, and the Path-score for the valida-
tion cohort was calculated using the formula obtained in
the training cohort. Several packages containing “glmnet,”
“survival,” and “survminer” were used in this process.

Association of the Path-score with prognosis
and clinical characteristics

The optimal cutoff value for the Path-score was determined
using the maximally selected rank statistics. Patients were
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classified into high- and low-risk groups in the training
and validation cohorts, according to the same threshold.
Potential associations of the Path-score with OS and PFS
were first assessed in the training cohort and then validated
in the validation cohort using Kaplan—Meier survival
analysis. The predictive ability of the score was assessed
by the “timeROC” package. To confirm its independent
prognostic value, univariate and multivariate Cox survival
analyses were performed for the clinicopathological fac-
tors. The association between the Path-score and initial
treatment response was assessed in the entire cohort com-
bined with cohort 1 and cohort 2.

Construction and assessment of the incremental
value of pathomics nomogram

The nomogram incorporated the Path-score and independ-
ent clinical factors based on multivariate Cox analysis
using a backward stepwise approach. To evaluate discrimi-
nation performance, the C-index and 1-, 2-, and 3-year
AUROC were calculated. Calibration curves were gener-
ated to compare the predicted survival with the actual sur-
vival. Decision curve analysis (DCA) was used to assess
the clinical usefulness of the nomogram by quantifying its
net benefits. To compare the usefulness of the nomogram
with others, the net reclassification improvement (NRI)
and Integrated Discrimination Improvement (IDI) were
calculated. The discrimination, calibration, and clinical
usefulness assessments were validated in the validation
cohort. Several packages including “rms,” “riskRegres-
sion,” “timeROC,” “dcurves,” and “survIDINRI” were
used in the analysis.

Statistic analysis

The Student’s t-test, Wilcoxon’s test, and Kruskal-Wal-
lis test were used to compare continuous variables. The
Shapiro—Wilk test was used to test the normality of data
distributions. Pearson’s chi-squared test and Fisher’s exact
test were used to compare categorical variables. Survival
curves were generated using the Kaplan—Meier method
and compared using the log-rank test. Univariate and mul-
tivariate analyses were performed using the Cox propor-
tional hazards model. The proportional hazard assump-
tion was tested using the Schoenfeld Individual Test. The
comparisons of AUROCSs and C-indexes between models
were performed by using the DeLong test and z-score test,
respectively. All tests were two-sided, and statistical sig-
nificance was set at p <0.05. All statistical analyses were
performed using the R software (version 4.3.1) and Python
(version 3.11.3).

Results

Clinicopathological characteristics in the study
cohort

The clinicopathological characteristics of the combined
cohort (n=114), the training cohort (n=68), and the
validation cohort (n=46) are listed in Supplementary
Table S2. The two cohorts were balanced. Among the 114
patients included in this study, 57 (50.00%) were men, and
the median (interquartile range (IQR)) age of all patients
was 64 (54-69) years. Twelve (10.53%) patients under-
went surgical resection or open biopsy, and 102 patients
(89.47%) underwent stereotactic biopsy. Based on the Hans
algorithm, 32 cases (28.07%) were regarded as the non-
GCB subtype and 82 cases (71.93%) as the GCB subtype.
Eighty-five patients (74.56%) had deep brain involvement
(corpus callosum, basal ganglia, periventricular region,
brainstem, and/or cerebellum). Multifocal lesions were
observed in 67 (58.77%) patients. Most of these lesions
were small, with 24.56% (n=28) larger than 5 cm. Of
all the patients, 14 (12.28%) received chemotherapy (CT)
combined with radiotherapy (RT), 42 (36.84%) received
BTK inhibitors therapy, and 32 (28.07%) received con-
solidation therapy. After the initial treatment, 61 patients
(58.10%) achieved CR, 9 patients (8.57%) achieved PR,
3 patients (2.85%) experienced SD, 32 patients (30.48%)
had PD, and the data for the remaining 9 patients were
not available. The median OS of the combined cohort was
34.07 months (95%CI: 24.50-Not Reached (NR)) and the
median PFS was 12.70 months (95%CI: 9.20-23.30) (Sup-
plementary Fig. la-b).

Image features accurately distinguish tumor tissues

After eliminating futile features, 802 quantitative features
were extracted from each slide using the automated pipe-
line with CellProfiler (see Methods for details). To dem-
onstrate the biological significance of these features, we
utilized six machine-learning methods to explore whether
these features can distinguish tumors from normal adjacent
tissues. The AUC of all classifiers in the training set was
higher than 0.9 (Supplementary Fig. 1c and Table S3).
Our classifiers achieved an average AUC of 0.968 in the
testing cohort (Classifiers: Logistic, AUC =0.965, 95%CI:
0.917-0.996; KNN, AUC =0.978, 95%CI: 0.964-0.999;
XGBoost, AUC=0.987, 95%CI: 0.982-1.000; SVM,
AUC =0.990, 95%CI: 0.982-1.000; Decision Tree,
AUC=0.891, 95%CI: 0.771-0.913; RF, AUC =0.994,
95% CI: 0.982-1.000) (Supplementary Fig. 1d and
Table S3). The top quantitative features selected by RF
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«Fig.2 Construction and survival stratification of the pathomics score
(Path-score). a. Pathomics features selection using the LASSO-Cox
regression model via tenfold cross-validation. The x-axis is the value
of log (M) and the y-axis is the C-index. Solid vertical lines repre-
sent the partial likelihood of deviance +SE. The dotted vertical line
is shown at the optimal partial likelihood of deviance. A A value of
0.186618, with a log (A) value of -1.679, is chosen by tenfold cross-
validation and the minimum criteria. Twenty-two features with
nonzero coefficients are selected. b. Profiles of coefficients from the
LASSO-Cox regression model of the extracted features. The figure
showed the feature coefficient change with the tuning of A value. c.
Kaplan—Meier survival analysis for overall survival (OS) between the
high and low Path-Score patients in the training cohort. p <0.001 by
log-rank test. d. Kaplan—Meier survival analysis for progression-free
survival (PFS) between the high and low Path-Score patients in the
training cohort. p=0.001 by log-rank test. e. The OS difterence in the
validation cohort. p=0.016 by log-rank test. f. The PFS difference in
the validation cohort. p=0.001 by log-rank test

were Image Granularity, Image colocalization, Haralick
features, Image Quality, and Object Intensity features
(Supplementary Table S4).

Establishment of pathomics score and its prognostic
value

In the training cohort, 91 features (p <0.05) in the uni-
variate Cox regression analysis were identified as candi-
date features (Supplementary Table S5). The LASSO-Cox
regression model with tenfold cross-validation was then
applied to further screen informative features. A A value
of 0.186618, with a log (A) value of -1.679, is chosen by
tenfold cross-validation and the minimum criteria. Thus,
twenty-two features with nonzero coefficients were selected
(Fig. 2a-b). Multivariate analyses using a backward step-
wise approach were performed to develop the final eight-
feature Path-score. The analysis met the proportional
hazard assumption based on Schoenfeld Individual Test
results, which showed that each covariate was not statisti-
cally significant (Global Schoenfeld Test, p=0.230; Supple-
mentary Fig. 2a). The Path-score calculation formula was:
Path-score = Granularity_3_Hematoxylin*2.34096 + Mean_
Cells_AreaShape_Zernike_7_1%0.01491 + Mean_Cyto-
plasm_AreaShape_Zernike_4_2%5.14011 + Mean_
Cytoplasm_Texture_SumVariance_Hematoxy-
lin_3_00_256*%0.29709 + Mean_Nuclei_AreaShape_
Zernike_1_1%4.69242 + Mean_Nuclei_Intensity_MaxInten-
sity_Hematoxylin*3.34853 + Mean_Nuclei_Intensity_Min-
IntensityEdge_Hematoxylin*0.04227 + Texture_SumVari-
ance_Hematoxylin_3_01_256%3.38650. The Path-score of
the validation cohort was acquired directly from the formula.

Patients were stratified into high and low groups, with
an optimal cut-off value of 1.824 selected by maximally
selected rank statistics. In the training cohort, patients
with high Path-score had significantly shorter OS than low
Path-score (median OS: 11.10 months, 95% CI: 6.17-NR

vs. NR months, 95% CI: NR-NR, p <0.001, Fig. 2c). As
shown in Fig. 2d, compared with patients with low Path-
score, worse PES could be observed in patients with high
Path-score (median PFS: 16.80 months, 95% CI: 9.80-NR
vs. 5.72 months, 95% CI: 2.00-NR, p=0.001). The same
analyses were performed in the validation cohort. Among
high-score patients, the median OS and PFS were 23.80
(95%CI: 11.3-NR) and 5.93 (95%CI: 4.47-NR) months,
respectively. Significantly better median OS and PFS of NR
(95%CI: 25.60-NR) and 29.43 (95%CI: 12.00-NR) months
were found in patients with low Path-scores (Fig. 2e, log-
rank p=0.016; Fig. 2f, log-rank p=0.001). Forest plots
revealed the prognostic risk in different subgroups. Nota-
bly, the Path-score remained an effective predictor of patient
survival (Supplementary Fig. 2b, HR > 1, p <0.05). The dis-
tribution of the Path-score, survival status, and selected fea-
tures are shown in Supplementary Fig. 3a-b, which demon-
strated that a higher Path-score was associated with a higher
risk of progression or death. Time-dependent ROC curves
demonstrated that during the 1-, 2-, and 3-year follow-ups,
the AUC values were 0.785 (95%CI: 0.668-0.902), 0.869
(95%CTI: 0.730-1.000), and 0.973 (95%CI: 0.927-1.000) in
the training cohort, respectively (Supplementary Fig. 3c).
In the validation cohort, the AUC for 1-, 2-, and 3-year
OS were 0.649 (95% CI: 0.443-0.855), 0.679 (95%CI:
0.445-0.913), and 0.733 (95%CI: 0.506-0.960), respectively
(Supplementary Fig. 3d). In addition, five features revealed
independent prognostic value among the final eight features
(Supplementary Fig. 3e, p <0.05).

Remarkable correlation between the Path-score
and treatment response

Next, we systematically evaluated the correlation between
the Path-score and other clinical characteristics of the
combined cohort. As shown in Supplementary Table S6,
we observed that patients with KPS <70 (1.678 vs. 0.867,
p=0.028) or ECOG> =3 (1.646 vs. 0.883, p=0.037) had
a higher Path-score count than their counterparts. Therapeu-
tic response data for 105 patients were available. Figure 3a
shows the distribution of the best response according to
Path-score in patients. Patients with the best response of PD
after initial treatment showed higher Path-scores compared
with patients with CR/PR/SD (PD: 2.313, IQR 1.052-5.467;
SD: 0.859, IQR 0.719-1.014; PR: 0.775, 0.462-0.875; CR:
0.858, IQR 0.396-1.824; Kruskal-Wallis p =0.007). In par-
ticular, when considered as a continuous variable, patients
who responded to initial treatment had lower Path-score than
Non-Responders (median Path-score in Responders: 0.849,
IQR: 0.403—1.743 vs. median Path-score in Non-Respond-
ers: 2.150, IQR: 0.942-4.833; p=0.002) (Fig. 3b). Path-
score was higher in patients with primary tumor resistance
(median Path-score: 2.313, IQR: 1.052-5.467 vs. median
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Path-score: 0.852, IQR: 0.414-1.704 in patients not experi-
encing primary resistance; p <0.001) (Fig. 3c).

Moreover, we also analyzed the differences in clinical
characteristics between Responders and Non-Responders.
Non-responders to treatment include more people in high

Age
Gender

Hans
Risk

KPS ECOG IELSG  MSKCC Evaluation*** Response**
BW-<70 W<3 MWo-1 M hnigh [Icr B Non-Responders [l No
[>=70 W>=3 HW2-3 How I PD [ Responders B Yes
[ 4-5 [l median PR
M sp
Age Gender  Biopsy type** Hans Risk
.<65 .Female . Others . GCB . low
65 lMale M stereotactic M non-GcB [l high
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Primary resistance***

Biopsy type**

ek

Path-score groups (19/35, 54.29% vs. 16/70, 22.86%;

p=0.003, Supplementary Table S7). Other clinical fac-

tors were not found to

group experienced PD

be associated with patient response

to treatment. Up to 54% of patients in the high Path-score

, which was significantly higher than
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«Fig. 3 The correlation between the Path-score and clinical character-
istics among the combined cohort. a. The distribution of Path-score
based on the treatment evaluation in the combined cohort. Patients
with the best response to progression disease (PD) after initial treat-
ment show higher Path-scores than others. p=0.007 by the Kruskal—
Wallis test. b. Comparisons of the Path-score value in Responders
and Non-responders. p=0.002 by the Wilcoxon test. ¢. The distribu-
tion of Path-score based on primary tumor resistance. p <0.001 by
the Wilcoxon test. d. Distribution of patients in complete remission
(CR)/partial remission (PR)/stable disease (SD)/PD between Path-
score groups. e. Distribution of Non-Responders/Responders between
Path-score groups. A significantly lower response rate to initial treat-
ment is found in the high Path-score group compared to the low Path-
score group. f. Distribution of patients who are primarily resistant to
treatment or not between Path-score groups. A significantly higher
rate of primary tumor resistance is found in the high Path-score group
than the low Path-score group. g. Heatmap shows the relationship
between Path-score group and each clinical characteristic. Risk rep-
resents the grouping of patients based on Path-score. ** p <0.01; ***
p<0.001

that in the low Path-score group (Fig. 3d, p <0.001). Accord-
ingly, a significantly lower response rate to initial treatment
was found in patients in the high Path-score group (19/35,
54.29%) as compared to patients in the low Path-score group
(16/70, 22.86%; p <0.001, Fig. 3e). High Path-score was
associated with primary resistance to therapy (high Path-
score group: 19/35 patients, 54.29%; low Path-score group:
13/70 patients, 18.57%; p <0.001, Fig. 3f). Heatmap sum-
marized the relationship between Path-score group and each
clinical characteristic (Fig. 3g). Based on the above results,
we further explored the predictive performance of Path-
score on disease treatment response, primary resistance, and
disease recurrence. As shown in Supplementary Fig. 4a, the
AUC values of the Path-score predicting treatment response
were 0.684 (95%CI: 0.574-0.794). Our pathomics signa-
ture could accurately distinguish primary resistance from
patients, with AUC value of 0.706 (95%CI: 0.593-0.819,
Supplementary Fig. 4b). Also, it was possible to predict
recurrence with AUC value of 0.618 (95%CI: 0.505-0.732,
Supplementary Fig. 4c). Patients with disease recurrence
showed higher Path-score (1.337, IQR 0.699-4.063 vs.
0.884, TIQR 0.393-1.823, p=0.042). These results con-
firmed that the Path-score was significantly correlated with
the patient’s response to treatment.

Development and validation of a nomogram

In the univariate Cox regression analysis, the Path-score,
Biopsy type, KPS, ECOG PS, and IELSG were significantly
associated with OS in the training cohort. (Supplementary
Table S8, p <0.05). Multivariate Cox regression analysis
was performed adjusting for clinicopathological variables.
High Path-score were independently associated with OS (HR
7.423,95%CI: 2.738-20.119, p<0.001) and PFS (HR 2.143,
95%CI: 1.116-4.113, p=0.022) in the training cohort. It

remained a powerful and independent prognostic factor for
predicting OS and PFS in the validation cohort according
to the multivariate Cox regression analysis (OS: HR 4.204,
95%ClI: 1.299-13.601, p=0.017; PFS: HR 3.243, 95%CI:
1.440-7.301, p=0.005; Supplementary Table S9).

Backward stepwise multivariate Cox regression analy-
sis demonstrated that the Path-score, KPS, and Biopsy type
were independently associated with OS (Supplementary
Fig. 5a, p <0.05). To improve the accuracy of OS prediction
for PCNSL patients, we developed an integrated nomogram
by combining Path-score and predictable clinical factors,
including Biopsy type and KPS. The integrated nomograms
for 1-year, 2-year, and 3-year OS prediction are shown in
Supplementary Fig. 5b. The C-index of the nomogram in
the training and validation cohorts were 0.849 (95%ClI:
0.790-0.908) and 0.747 (95%CI: 0.608-0.886), respec-
tively. In addition, the time-dependent ROC curve of the
nomogram at 1-, 2-, and 3-year depicted AUC of 0.862
(95%CI: 0.772-0.953), 0.932 (95% CI: 0.835-1.000), and
0.927 (95%CTI: 0.787-1.000) for OS, respectively (Fig. 4a).
In the validation cohort, it showed an improved AUC for 1-,
2-, and 3-year OS were 0.802 (95%CI: 0.624-0.980), 0.768
(95%CI: 0.576-0.960), and 0.938 (95%CI: 0.837-1.000),
respectively (Fig. 4b). Furthermore, the calibration curves
showed a favorable agreement between the nomogram-pre-
dicted survival and actual survival in both the training and
validation cohorts (Fig. 4c-d).

Incremental value of the nomogram in survival
prediction

The C-index of the Path-score for the prediction of OS
in the training cohort and validation cohort was 0.745
(95%CI 0.639-0.851) and 0.623 (95%CI: 0.472-0.774),
respectively. Compared with the Path-score alone, the
pathomics nomogram displayed a significantly improved
C-index of 0.849 (95%CI: 0.790-0.908, p =0.001) in
the training cohort and 0.747 (95%CI: 0.608-0.886,
p=0.009) in the validation cohort, respectively (Sup-
plementary Table S10). Similarly, the AUCs of the
Path-score for 1-, and 2-year OS were 0.785 (95%CI:
0.668-0.902) and 0.869 (95%CI: 0.730-1.000), respec-
tively. Compared with it, the nomogram exhibited a sig-
nificantly higher AUC of 0.862 (95%CI: 0.772-0.953;
p=0.017) and 0.932 (95%CI: 0.835-1.000; p =0.040),
respectively (Fig. 5a, Supplementary Table S11). Simi-
lar results were validated in the validation cohort. The
nomogram showed better predictive capability for 1-, 2-,
and 3-year OS than Path-score (1-year OS: nomogram
vs. Path-score, 0.802 (95%CI: 0.624—0.980) vs. 0.649
(95%CI: 0.443-0.855), p=0.068; 2-year OS: nomogram
vs. Path-score, 0.768 (95%CI: 0.576-0.960) vs. 0.679
(95%CI: 0.445-0.913), p=0.425; 3-year OS: nomogram
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Fig.4 Performance of the pathomics nomogram for the prediction
of overall survival. a. The time-independent ROC curves of nomo-
gram in the training cohort. b. The time-independent ROC curves of
nomogram in the validation cohort. ¢. The calibration curves of the
nomogram between predicted and actual 1- and 2-year OS in the

vs, Path-score, 0.938 (95%CI: 0.837-1.000) vs. 0.733
(95%CI: 0.506-0.959); p=0.033) (Fig. 5b, Supple-
mentary Table S11). Meanwhile, the predicted AUC
of the IELSG model for 1-year (AUC 0.620, 95%CI:
0.494-0.747, p=0.046), 2-year (AUC 0.769, 95%CI:
0.636-0.901, p <0.001), and 3-year OS (AUC 0.733,
95%CI: 0.580-0.887, p=0.001) were significantly
worse than nomogram in the training cohort (Fig. 5Sa,
Supplementary Table S12). Consistently, the predic-
tive performance of the MSKCC model was also worse
than the nomogram (Fig. 5a, Supplementary Table S13).
The abovementioned results were well validated in the
validation cohort (Supplementary Tables S12-13). DCA
was performed to evaluate the clinical decision utility of
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training cohort. d. The calibration curves of the nomogram between
predicted and actual 1- and 2-year OS in the validation cohort. Solid
vertical lines and error bars represent the mean agreement between
nomogram-predicted survival and actual probability of survival and
the corresponding 95% confidence interval, respectively

the nomogram. The combined nomogram also showed
a higher overall net benefit than the Path-score, KPS,
IELSG, and MSKCC in the training and validation
cohorts (Fig. 5c-d). Furthermore, the pathomics nomo-
gram exhibited an NRI of 0.469 (95% CI: 0.157-0.643;
p=0.004) and an IDI of 0.152 (95%CI: 0.059-0.308;
p <0.001) compared to the Path-score in the training
cohort (Supplementary Table S14). An NRI of 0.457
(95% CI: 0.082-0.767; p=0.016) and IDI of 0.229 (95%
CI: 0.047-0.501; p =0.004) for OS were also observed in
the validation cohort (Supplementary Table S14). Con-
sequently, the combined nomogram showed incremental
performance and improved classification accuracy for
survival outcomes compared with the other models.
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of OS for different models in the training cohort. d. Decision curve
analysis of OS for different models in the validation cohort. The
y-axis measures the net benefit. The net benefit was calculated by
summing the benefits (true positive results) and subtracting the harms
(false positive results). The pathomics nomogram had the highest net
benefit compared to both the other models
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Discussion

To our knowledge, this is the first study to investigate the
utility of a predictive model in PCNSL patients by the
quantitative histopathological features extracted from
whole-slide pathology images. In the current study, we
constructed an eight-feature-based pathomics signature
to predict the outcomes of patients with PCNSL, which
successfully stratified patients into high- and low-score
groups with significant differences in OS and PFS, and
was confirmed to be an independent prognostic factor.
Moreover, by incorporating the pathomics signature with
clinical characteristics, we developed and validated a path-
omics nomogram that exhibited improved discrimination
and calibration.

Although the outcomes of patients with PCNSL have
significantly improved with advances in initial treatment,
many patients still die because of relapse or chemother-
apy-resistant disease [30]. The most commonly used
IELSG and MSKCC prognostic models were developed
over a decade ago [13, 14], and most recent studies have
failed to validate them [31-33]. Several prognostic mod-
els regarding clinical and laboratory parameters have
been proposed for PCNSL in the past few years, but a
consensus on the optimal model for patients is lacking.
Thus, it is crucial to develop an innovative and reliable
predictive model that will provide an accurate prognosis
for patients and allow appropriate therapeutic decision-
making. With the rapid development of innovative tech-
nologies and requirements of precision medicine, medical
imaging has transformed from a simple diagnostic tool to
an enormous source of clinical data. Two new representa-
tive research fields including “radiomics” and “pathomics”
have attracted increasing attention. The vast amount of
information contained in WSIs is available to assist oncol-
ogists in detecting hidden information based on advances
in digital pathology [34]. Pathomics is a novel method that
has proven to be effective in tumor diagnosis, classifica-
tion, and survival prediction in several highly prevalent
common cancer types, such as malignant lymphoma [35],
glioma [18], hepatocellular carcinoma [36], and colorec-
tal cancer [37]. However, for rare cancer types, especially
PCNSL, the study is still very limited. Currently, almost
all published studies related to PCNSL have focused on the
differentiation of PCNSL from glioblastoma (GBM) [38,
39]. Chen et al. evaluated the prognostic value of texture
features on contrast-enhanced magnetic resonance imaging
(MRI) in 52 patients with PCNSL. To date, the literature
regarding the prognostic prediction of digital pathology
analysis in PCNSL is yet to be reported. Herein, as the
first attempt, to the best of our knowledge, we discovered
that the pathomics signature extracted from pathology
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images could also contribute to the prediction of progno-
sis in PCNSL. The Path-score, containing eight features
selected by the Lasso-Cox regression model, was observed
to be significantly associated with OS and PFS. As H&E-
stained slides are routinely used in the clinic, the present
pathomics signature, which was derived from pathology
slides, might be a noninvasive, convenient, low-cost, and
reproducible approach to characterize tumor phenotypes.

Despite therapeutic progress in the treatment of PCNSL,
approximately 15-25% of patients do not respond to HD-
MTX-based chemotherapy and up to half of patients relapse
after the initial response [40]. Patients with primary refrac-
tory disease or relapse exhibit poor prognosis, with a median
survival of 2 months without additional treatment [6, 41].
Relapse-acquired drug resistance after HD-MTX treatment
remains a serious challenge. A recent metabolomic profiling
demonstrated that glycolysis was excessive via PI3K/AKT/
mTOR and RAS/MAPK Signaling in methotrexate-resistant
PCNSL-derived cells, which is valuable to understanding
targeted therapies with selective anticancer drugs in recur-
rent CNS lymphoma [42]. Accurate biomarkers that can
identify patients who are likely to benefit from the initial
treatment will improve their prognostic ability and personal-
ized therapy. Lin et al. reported that NK cells in the periph-
eral blood have an impact on the outcome and chemotherapy
benefits of PCNSL [43]. In the present study, we showed
that patients who achieved CR/PR had a lower Path-score
than those who achieved SD/PD. The high Path-score group
included more patients who progressed during the initial
treatment, while the low Path-score group comprised more
patients who responded to treatment. Thus, patients with
higher Path-score had a higher likelihood of progression.
Additionally, our pathomics signature demonstrated good
predictive performance for treatment response, primary
resistance, and disease recurrence. Our results indicated that
the pathomics features reflected intratumor heterogeneity
and might be a potential indicator of treatment response in
patients with PCNSL.

In the present study, we demonstrated that the pathomics
signature successfully identified high-risk patients with poor
survival outcomes. It remained an effective predictive value
after the stratified analysis of clinical characteristics, as
depicted in the forest plot (Supplementary Fig. 2b, HR > 1,
p <0.05). Supplementary Fig. 6a-b showed some examples
of histopathology images from two PCNSL patients with the
same pathology subtype and similar clinical characteristics
(Patient A: a 39-year-old female, with non-GCB subtype,
single lesion, no deep involvement, KPS >70, ECOG < 3,
IELSG 0-1, treated with HD-MTX based chemotherapy;
Patient B: a 51-year-old male, with the same baseline char-
acteristics), but with different survival outcomes. These
quantitative image features are often difficult to detect
through manual inspection, but computer methods can
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identify these features efficiently and effectively. Pathomics
is a novel method, that is available to explore tumor hetero-
geneity since varying degrees of disease progression, clini-
cal outcomes, and treatment response correspond to histo-
logic features in different tumor cells [44]. Digital pathology
can empower pathologists with the ability to quantitatively
assess diagnostic features of cancer by providing quantita-
tive data about different types of cells and tissue structures
and calculated features of nuclei like size, area, color, chro-
matin density, and mitotic activity [44]. The quantitative
features covered the size, shapes, pixel intensity distribu-
tions, textures of the objects, as well as the relation between
neighboring objects. These features have been proved to be
valuable in characterizing the microscopic cell morphol-
ogy [45]. We also investigated the top features associated
with prognosis in PCNSL. The primary prognostic features
included Zernike shape features of the cell, nuclei, cyto-
plasm, texture features, and nuclei intensity. Zernike shape
features were extracted by identifying the circle of the small-
est diameter covering the tumor nuclei of each cell, setting
all pixels within the nuclei to one and background to zero.
The resulting binary image is then decomposed into Zernike
polynomials, where the coefficients are used as features.
Texture features quantify the correlation between nearby
pixels within a region of interest. This showed that both
local anatomical features (shape of cell, nuclei, and cyto-
plasm) and global patterns (texture of the cytoplasm) were
associated with survival outcomes. Recently, comprehensive
analysis of histopathological images and genomic data has
provided a feasible approach to explore the potential mecha-
nisms of pathomics signature with prognosis and therapeutic
response [46, 47]. We expect that genomics, radiomics, and
pathomics can be utilized together to improve the prediction
of patient outcomes and therapeutic response of PCNSL in
the future, thereby accelerating the development of personal-
ized medicine.

To provide a more individualized prognostic prediction
tool, a nomogram that combines pathomics and clinical
features has been developed to better predict the overall
survival of individual patients. The nomogram exhibited a
higher predictive ability than the Path-score alone (C-index,
0.749 vs. 0.849). Higher time-AUCs, NRIs (p <0.05), and
IDIs (p < 0.05) were also observed in the novel combined
nomogram. The decision curve analysis confirmed that the
nomogram was superior to the Path-score, KPS, IELSG,
and MSKCC models, which indicated that the combined
nomogram showed incremental value for individualized
prediction.

Deep learning has been proven to be a novel approach
for tumor diagnosis, grading, and molecular predic-
tion within histopathological images, which can adap-
tively extract image features based on learning objec-
tives [48, 49]. Despite remarkable developments in other

applications, deep learning has not yet been widely used to
solve time-to-event prediction problems. Learning survival
directly from histology is considerably more complex. In
addition, the inherent complexity of deep neural networks
often regards them as "black boxes," raising significant
concerns regarding the interpretability and reproducibility
of their results. In this study, we established an automated
pipeline to identify tumor cells and extract a variety of fea-
tures directly from images. Machine-learning models with
selected features successfully distinguished tumors from
adjacent normal tissues, showing that our image features
can capture hidden important image labels. Moreover,
CellProfiler is a versatile, open-source software designed
for high-throughput image analysis and has been used in
digital pathology analysis with favorable performance [28,
29]. Accordingly, CellProfiler stands as a robust and acces-
sible solution that allows researchers to extract quantita-
tive pathological features.

Our study has some limitations. First, the retrospec-
tive nature of the data collection may have influenced its
reproducibility and generalization. This retrospective study
might be subject to inherent biases and unknown confound-
ers, although we have verified our major results in a valida-
tion cohort. Second, the sample size was relatively small,
mainly because of the low incidence of PCNSL [1]. For rare
cancer types, especially PCNSL, data acquisition is chal-
lenging, and we cannot get data from public databases. We
have tried our best to collect all the slides we can get. We
are currently trying to continue collecting pathological slides
from PCNSL patients, and hope to establish a larger sample
cohort in the future to further validate our findings. Third,
further investigation in prospective randomized trials incor-
porating different populations is necessary to explore the
clinical utility of the pathomics signature for individualized
decision-making. Despite the requirement for a large-sample
independent prospective multicenter validation cohort, the
decision curve analysis in this study, which evaluates the
clinical utility without additional validation data, indicates
that the pathomics nomogram has considerable potential in
clinical applications for patient prognosis prediction.

Conclusion

In summary, as a non-invasive, accessible, and convenient
approach, the pathomics signature can successfully predict
the survival outcomes of patients with PCNSL. By integrat-
ing the pathomics signature with the clinical characteristics,
we developed and validated a nomogram that adds incremen-
tal prognostic value compared to existing prognostic models.
Furthermore, the pathomics signature may be a potential tool
for predicting patient benefits from initial treatment.

@ Springer



Journal of Neuro-Oncology

Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s11060-024-04665-8.

Author contributions L.D.: Conceptualization, Methodology, Soft-
ware, Validation, Writing—original draft, and Writing—review &
editing; Y.H.: Formal analysis, Methodology, Software, Writing—
original draft; W.G.: Formal analysis, Methodology, Writing—original
draft; Y.D.: Data curation, Investigation, Writing—original draft; S.Y.:
Investigation, Validation, Writing—original draft; S.Y.: Investigation,
Validation, Writing—original draft; G.D.: Conceptualization, Data
curation, Resources, Supervision, Writing—review & editing; W.L.
and F.C.: Conceptualization, Resources, Supervision, Funding acquisi-
tion, Writing—review & editing. All authors have read and agreed to
the published version of the manuscript.

Funding This study was supported by the Clinical Major Specialty
Projects of Beijing (2-1-2-038) and the National Key Research &
Development Program of China (No. 2021YFF0901404).

Data availability No datasets were generated or analysed during the
current study.

Declarations

Ethics approval This study was approved by the Institutional Review
Board of Beijing Tiantan Hospital (approval number: 2020-059 YW).
This study was performed in accordance with the Helsinki Declaration.

Consent to participate Informed consent was obtained from all indi-
vidual participants included in the study.

Consent to publication Not applicable.

Competing interests The authors declare no competing interests.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article’s Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Villano JL, Koshy M, Shaikh H, Dolecek TA, McCarthy BJ (2011)
Age, gender, and racial differences in incidence and survival in
primary CNS lymphoma. BrJ Cancer 105:1414-1418. https://doi.
org/10.1038/bjc.2011.357

2. Ostrom QT, Gittleman H, Liao P, Vecchione-Koval T, Wolinsky
Y, Kruchko C, Barnholtz-Sloan JS (2017) CBTRUS statistical
report: primary brain and other central nervous system tumors
diagnosed in the United States in 2010-2014. Neuro-oncology
19. https://doi.org/10.1093/neuonc/nox 158

3. Mendez JS, Ostrom QT, Gittleman H, Kruchko C, DeAngelis LM,
Barnholtz-Sloan JS, Grommes C (2018) The elderly left behind-
changes in survival trends of primary central nervous system

@ Springer

10.

lymphoma over the past 4 decades. Neuro Oncol 20:687-694.
https://doi.org/10.1093/neuonc/nox 187

Shiels MS, Pfeiffer RM, Besson C, Clarke CA, Morton LM,
Nogueira L, Pawlish K, Yanik EL, Suneja G, Engels EA (2016)
Trends in primary central nervous system lymphoma incidence
and survival in the U.S. Br J Haematol 174:417-424. https://doi.
org/10.1111/bjh.14073

Radke J, Ishaque N, Koll R, Gu Z, Schumann E, Sieverling L,
Uhrig S, Hiibschmann D, Toprak UH, Lépez C, Hostench XP,
Borgoni S, Juraeva D, Pritsch F, Paramasivam N, Balasubrama-
nian GP, Schlesner M, Sahay S, Weniger M, Pehl D, Radbruch
H, Osterloh A, Korfel A, Misch M, Onken J, Faust K, Vajkoczy
P, Moskopp D, Wang Y, Jodicke A, Triimper L, Anagnostopoulos
I, Lenze D, Kiippers R, Hummel M, Schmitt CA, Wiestler OD,
Wolf S, Unterberg A, Eils R, Herold-Mende C, Brors B, Siebert R,
Wiemann S, Heppner FL (2022) The genomic and transcriptional
landscape of primary central nervous system lymphoma. Nat
Commun 13:2558. https://doi.org/10.1038/s41467-022-30050-y
Grommes C, DeAngelis LM (2017) Primary CNS lymphoma. J
Clin Oncol 35:2410-2418. https://doi.org/10.1200/JC0O.2017.72.
7602

Houillier C, Soussain C, Ghesquieres H, Soubeyran P, Chinot O,
Taillandier L, Lamy T, Choquet S, Ahle G, Damaj G, Agapé P,
Molugon-Chabrot C, Amiel A, Delwail V, Fabbro M, Jardin F,
Chauchet A, Moles-Moreau M-P, Morschhauser F, Casasnovas O,
Gressin R, Fornecker L-M, Abraham J, Marolleau J-P, Tempescul
A, Campello C, Colin P, Tamburini J, Laribi K, Serrier C, Haioun
C, Chebrek S, Schmitt A, Blonski M, Houot R, Boyle E, Bay J-O,
Oberic L, Tabouret E, Waultier A, Martin-Duverneuil N, Touitou
V, Cassoux N, Kas A, Mokhtari K, Charlotte F, Alentorn A, Feu-
vret L, Le Garff-Tavernier M, Costopoulos M, Mathon B, Peyre
M, Delgadillo D, Douzane H, Genet D, Aidaoui B, Hoang-Xuan
K, Gyan E (2020) Management and outcome of primary CNS
lymphoma in the modern era: an LOC network study. Neurol-
ogy 94:e1027-e1039. https://doi.org/10.1212/WNL.0000000000
008900

Houillier C, Dureau S, Taillandier L, Houot R, Chinot O,
Molugon-Chabrot C, Schmitt A, Gressin R, Choquet S, Damaj G,
Peyrade F, Abraham J, Delwail V, Gyan E, Sanhes L, Cornillon J,
Garidi R, Delmer A, Al Jijakli A, Morel P, Waultier A, Paillassa
J, Chauchet A, Gastinne T, Laadhari M, Plissonnier A-S, Feuvret
L, Cassoux N, Touitou V, Ricard D, Hoang-Xuan K, Soussain C
(2022) Radiotherapy or autologous stem-cell transplantation for
primary CNS lymphoma in patients age 60 years and younger:
long-term results of the randomized phase II PRECIS study. J Clin
Oncol 40:3692-3698. https://doi.org/10.1200/JC0O.22.00491
Ferreri AIM, Cwynarski K, Pulczynski E, Fox CP, Schorb E, La
Rosée P, Binder M, Fabbri A, Torri V, Minacapelli E, Falautano
M, Ilariucci F, Ambrosetti A, Roth A, Hemmaway C, Johnson
P, Linton KM, Pukrop T, Sgnderskov Ggrlgv J, Balzarotti M,
Hess G, Keller U, Stilgenbauer S, Panse J, Tucci A, Orsucci L,
Pisani F, Levis A, Krause SW, Schmoll HJ, Hertenstein B, Rum-
mel M, Smith J, Pfreundschuh M, Cabras G, Angrilli F, Pon-
zoni M, Deckert M, Politi LS, Finke J, Reni M, Cavalli F, Zucca
E, Illerhaus G (2017) Whole-brain radiotherapy or autologous
stem-cell transplantation as consolidation strategies after high-
dose methotrexate-based chemoimmunotherapy in patients with
primary CNS lymphoma: results of the second randomisation of
the International Extranodal Lymphoma Study Group-32 phase
2 trial. Lancet Haematol 4:e510—e523. https://doi.org/10.1016/
S$2352-3026(17)30174-6

DeAngelis LM, Seiferheld W, Schold SC, Fisher B, Schultz CJ
(2002) Combination chemotherapy and radiotherapy for primary
central nervous system lymphoma: Radiation Therapy Oncology
Group Study 93-10. J Clin Oncol 20:4643-4648


https://doi.org/10.1007/s11060-024-04665-8
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1038/bjc.2011.357
https://doi.org/10.1038/bjc.2011.357
https://doi.org/10.1093/neuonc/nox158
https://doi.org/10.1093/neuonc/nox187
https://doi.org/10.1111/bjh.14073
https://doi.org/10.1111/bjh.14073
https://doi.org/10.1038/s41467-022-30050-y
https://doi.org/10.1200/JCO.2017.72.7602
https://doi.org/10.1200/JCO.2017.72.7602
https://doi.org/10.1212/WNL.0000000000008900
https://doi.org/10.1212/WNL.0000000000008900
https://doi.org/10.1200/JCO.22.00491
https://doi.org/10.1016/S2352-3026(17)30174-6
https://doi.org/10.1016/S2352-3026(17)30174-6

Journal of Neuro-Oncology

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

Poortmans PMP, Kluin-Nelemans HC, Haaxma-Reiche H, Van’t
Veer M, Hansen M, Soubeyran P, Taphoorn M, Thomas J, Van den
Bent M, Fickers M, Van Imhoff G, Rozewicz C, Teodorovic I, van
Glabbeke M (2003) High-dose methotrexate-based chemotherapy
followed by consolidating radiotherapy in non-AIDS-related pri-
mary central nervous system lymphoma: European organization
for research and treatment of cancer lymphoma group phase II
trial 20962. J Clin Oncol 21:4483-4488

Yuan X-G, Huang Y-R, Yu T, Xu Y, Liang Y, Zhang X-H, Sun
C-R, Zhao X-Y (2019) Primary central nervous system lymphoma
in China: a single-center retrospective analysis of 167 cases. Ann
Hematol 99:93-104. https://doi.org/10.1007/s00277-019-03821-9
Ferreri AIM, Blay J-Y, Reni M, Pasini F, Spina M, Ambrosetti
A, Calderoni A, Rossi A, Vavassori V, Conconi A, Devizzi L,
Berger F, Ponzoni M, Borisch B, Tinguely M, Cerati M, Milani M,
Orvieto E, Sanchez J, Chevreau C, Dell’Oro S, Zucca E, Cavalli F
(2003) Prognostic scoring system for primary CNS lymphomas:
the International Extranodal Lymphoma Study Group experience.
J Clin Oncol 21:266-272

Abrey LE, Ben-Porat L, Panageas KS, Yahalom J, Berkey B, Cur-
ran W, Schultz C, Leibel S, Nelson D, Mehta M, DeAngelis LM
(2006) Primary central nervous system lymphoma: the Memorial
Sloan-Kettering Cancer Center prognostic model. J Clin Oncol
24:5711-5715

Wieduwilt MJ, Valles F, Issa S, Behler CM, Hwang J, McDer-
mott M, Treseler P, O’Brien J, Shuman MA, Cha S, Damon LE,
Rubenstein JL (2012) Immunochemotherapy with intensive con-
solidation for primary CNS lymphoma: a pilot study and prog-
nostic assessment by diffusion-weighted MRI. Clin Cancer Res
18:1146-1155. https://doi.org/10.1158/1078-0432.CCR-11-0625
Schorb E, Kasenda B, Atta J, Kaun S, Morgner A, Hess G, Elter
T, von Bubnoff N, Dreyling M, Ringhoffer M, Krause SW, Derigs
G, Klimm B, Niemann D, Fritsch K, Finke J, Illerhaus G (2013)
Prognosis of patients with primary central nervous system lym-
phoma after high-dose chemotherapy followed by autologous stem
cell transplantation. Haematologica 98:765-770. https://doi.org/
10.3324/haematol.2012.076075

Niazi MKK, Keluo Y, Zynger DL, Clinton SK, Chen J, Koyuturk
M, LaFramboise T, Gurcan M (2017) Visually meaningful his-
topathological features for automatic grading of prostate cancer.
IEEE J Biomed Health Inform 21:1027-1038. https://doi.org/10.
1109/JBHI.2016.2565515

Jin L, Shi F, Chun Q, Chen H, Ma Y, Wu S, Hameed NUF, Mei C,
LuJ, Zhang J, Aibaidula A, Shen D, Wu J (2021) Artificial intelli-
gence neuropathologist for glioma classification using deep learn-
ing on hematoxylin and eosin stained slide images and molecular
markers. Neuro Oncol 23:44-52. https://doi.org/10.1093/neuonc/
noaal63

Steiner DF, MacDonald R, Liu Y, Truszkowski P, Hipp JD, Gam-
mage C, Thng F, Peng L, Stumpe MC (2018) Impact of deep
learning assistance on the histopathologic review of lymph nodes
for metastatic breast cancer. Am J Surg Pathol 42:1636—1646.
https://doi.org/10.1097/PAS.0000000000001151

Takashima Y, Hamano M, Yoshii K, Hayano A, Fukai J, Iwadate
Y, Kajiwara K, Hondoh H, Yamanaka R (2023) Reciprocal expres-
sion of the immune response genes CXCR3 and IFI44L as module
hubs are associated with patient survivals in primary central nerv-
ous system lymphoma. Int J Clin Oncol 28:468-481. https://doi.
org/10.1007/s10147-022-02285-8

Takashima Y, Kawaguchi A, Fukai J, Iwadate Y, Kajiwara K,
Hondoh H, Yamanaka R (2021) Survival prediction based on the
gene expression associated with cancer morphology and micro-
environment in primary central nervous system lymphoma. PLoS
ONE 16:€0251272. https://doi.org/10.1371/journal.pone.0251272
Yu KH, Zhang C, Berry GJ, Altman RB, Re C, Rubin DL, Snyder
M (2016) Predicting non-small cell lung cancer prognosis by fully

23.

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

3s.

automated microscopic pathology image features. Nat Commun
7:12474. https://doi.org/10.1038/ncomms 12474

Chen D, Fu M, Chi L, Lin L, Cheng J, Xue W, Long C, Jiang W,
Dong X, Sui J, Lin D, Lu J, Zhuo S, Liu S, Li G, Chen G, YanJ
(2022) Prognostic and predictive value of a pathomics signature
in gastric cancer. Nat Commun 13:6903. https://doi.org/10.1038/
s41467-022-34703-w

Chunduru P, Phillips JJ, Molinaro AM (2022) Prognostic risk
stratification of gliomas using deep learning in digital pathology
images. Neurooncol Adv 4:vdacl11. https://doi.org/10.1093/
noajnl/vdac111

Wang R, Dai W, Gong J, Huang M, Hu T, Li H, Lin K, Tan C,
Hu H, Tong T, Cai G (2022) Development of a novel combined
nomogram model integrating deep learning-pathomics, radiomics
and immunoscore to predict postoperative outcome of colorectal
cancer lung metastasis patients. J Hematol Oncol 15:11. https://
doi.org/10.1186/s13045-022-01225-3

Abrey LE, Batchelor TT, Ferreri AJM, Gospodarowicz M, Pulc-
zynski EJ, Zucca E, Smith JR, Korfel A, Soussain C, DeAngelis
LM, Neuwelt EA, O’Neill BP, Thiel E, Shenkier T, Graus F, van
den Bent M, Seymour JF, Poortmans P, Armitage JO, Cavalli F
(2005) Report of an international workshop to standardize base-
line evaluation and response criteria for primary CNS lymphoma.
J Clin Oncol 23:5034-5043

Vahadane A, Peng T, Sethi A, Albarqouni S, Wang L, Baust M,
Steiger K, Schlitter AM, Esposito I, Navab N (2016) Structure-
Preserving color normalization and sparse stain separation for
histological images. IEEE Trans Med Imaging 35:1962-1971.
https://doi.org/10.1109/TMI1.2016.2529665

Carpenter AE, Jones TR, Lamprecht MR, Clarke C, Kang IH, Fri-
man O, Guertin DA, Chang JH, Lindquist RA, Moffat J, Golland
P, Sabatini DM (2006) Cell Profiler: image analysis software for
identifying and quantifying cell phenotypes. Genome Biol 7:R100
Stirling DR, Swain-Bowden MJ, Lucas AM, Carpenter AE,
Cimini BA, Goodman A (2021) Cell Profiler 4: improvements in
speed, utility and usability. BMC Bioinformatics 22:433. https://
doi.org/10.1186/s12859-021-04344-9

Grommes C, Rubenstein JL, DeAngelis LM, Ferreri AJM, Batch-
elor TT (2019) Comprehensive approach to diagnosis and treat-
ment of newly diagnosed primary CNS lymphoma. Neuro Oncol
21:296-305. https://doi.org/10.1093/neuonc/noy 192

Kawaguchi A, Iwadate Y, Komohara Y, Sano M, Kajiwara K,
Yajima N, Tsuchiya N, Homma J, Aoki H, Kobayashi T, Sakai
Y, Hondoh H, Fujii Y, Kakuma T, Yamanaka R (2012) Gene
expression signature-based prognostic risk score in patients with
primary central nervous system lymphoma. Clin Cancer Res
18:5672-5681. https://doi.org/10.1158/1078-0432.CCR-12-0596
Hatzl S, Posch F, Deutsch A, Beham-Schmid C, Stoger H, Greinix
H, Pichler M, Neumeister P, Prochazka KT (2020) Immunohisto-
chemistry for c-myc and bcl-2 overexpression improves risk strati-
fication in primary central nervous system lymphoma. Hematol
Oncol 38:277-283. https://doi.org/10.1002/hon.2727

Liu CJ, Lin SY, Yang CF, Yeh CM, Kuan AS, Wang HY, Tsai CK,
Gau JP, Hsiao LT, Chen PM, Liu YC, Hong YC, Ko PS, Liu JH,
Lin CH (2020) A new prognostic score for disease progression
and mortality in patients with newly diagnosed primary CNS lym-
phoma. Cancer Med 9:2134-2145. https://doi.org/10.1002/cam4.
2872

Fuchs TJ, Buhmann JM (2011) Computational pathology: chal-
lenges and promises for tissue analysis. Comput Med Imaging
Graph 35:515-530. https://doi.org/10.1016/j.compmedimag.2011.
02.006

Miyoshi H, Sato K, Kabeya Y, Yonezawa S, Nakano H, Takeuchi
Y, Ozawa I, Higo S, Yanagida E, Yamada K, Kohno K, Furuta T,
Muta H, Takeuchi M, Sasaki Y, Yoshimura T, Matsuda K, Muto
R, Moritsubo M, Inoue K, Suzuki T, Sekinaga H, Ohshima K

@ Springer


https://doi.org/10.1007/s00277-019-03821-9
https://doi.org/10.1158/1078-0432.CCR-11-0625
https://doi.org/10.3324/haematol.2012.076075
https://doi.org/10.3324/haematol.2012.076075
https://doi.org/10.1109/JBHI.2016.2565515
https://doi.org/10.1109/JBHI.2016.2565515
https://doi.org/10.1093/neuonc/noaa163
https://doi.org/10.1093/neuonc/noaa163
https://doi.org/10.1097/PAS.0000000000001151
https://doi.org/10.1007/s10147-022-02285-8
https://doi.org/10.1007/s10147-022-02285-8
https://doi.org/10.1371/journal.pone.0251272
https://doi.org/10.1038/ncomms12474
https://doi.org/10.1038/s41467-022-34703-w
https://doi.org/10.1038/s41467-022-34703-w
https://doi.org/10.1093/noajnl/vdac111
https://doi.org/10.1093/noajnl/vdac111
https://doi.org/10.1186/s13045-022-01225-3
https://doi.org/10.1186/s13045-022-01225-3
https://doi.org/10.1109/TMI.2016.2529665
https://doi.org/10.1186/s12859-021-04344-9
https://doi.org/10.1186/s12859-021-04344-9
https://doi.org/10.1093/neuonc/noy192
https://doi.org/10.1158/1078-0432.CCR-12-0596
https://doi.org/10.1002/hon.2727
https://doi.org/10.1002/cam4.2872
https://doi.org/10.1002/cam4.2872
https://doi.org/10.1016/j.compmedimag.2011.02.006
https://doi.org/10.1016/j.compmedimag.2011.02.006

Journal of Neuro-Oncology

36.

37.

38.

39.

40.

41.

42.

43.

44,

(2020) Deep learning shows the capability of high-level computer-
aided diagnosis in malignant lymphoma. Lab Invest 100:1300—
1310. https://doi.org/10.1038/s41374-020-0442-3

Qu WF, Tian MX, Lu HW, Zhou YF, Liu WR, Tang Z, Yao Z,
Huang R, Zhu GQ, Jiang XF, Tao CY, Fang Y, Gao J, Wu XL,
Chen JF, Zhao QF, Yang R, Chu TH, Zhou J, Fan J, Yu JH, Shi
YH (2023) Development of a deep pathomics score for pre-
dicting hepatocellular carcinoma recurrence after liver trans-
plantation. Hepatol Int 17:927-941. https://doi.org/10.1007/
$12072-023-10511-2

Kather JN, Krisam J, Charoentong P, Luedde T, Herpel E, Weis
CA, Gaiser T, Marx A, Valous NA, Ferber D, Jansen L, Reyes-
Aldasoro CC, Zornig I, Jager D, Brenner H, Chang-Claude J,
Hoffmeister M, Halama N (2019) Predicting survival from colo-
rectal cancer histology slides using deep learning: A retrospec-
tive multicenter study. PLoS Med 16:¢1002730. https://doi.org/
10.1371/journal.pmed.1002730

Kang D, Park JE, Kim Y-H, Kim JH, Oh JY, Kim J, Kim Y, Kim
ST, Kim HS (2018) Diffusion radiomics as a diagnostic model
for atypical manifestation of primary central nervous system lym-
phoma: development and multicenter external validation. Neuro
Oncol 20:1251-1261. https://doi.org/10.1093/neuonc/noy02 1
Xia W, Hu B, Li H, Geng C, Wu Q, Yang L, Yin B, Gao X, Li Y,
Geng D (2021) Multiparametric-MRI-Based Radiomics Model
for Differentiating Primary Central Nervous System Lymphoma
From Glioblastoma: Development and Cross-Vendor Validation.
J Magn Reson Imaging 53:242-250. https://doi.org/10.1002/jmri.
27344

Ferreri AJM, Calimeri T, Cwynarski K, Dietrich J, Grommes C,
Hoang-Xuan K, Hu LS, Illerhaus G, Nayak L, Ponzoni M, Batch-
elor TT (2023) Primary central nervous system lymphoma. Nat
Rev Dis Prim 9. https://doi.org/10.1038/s41572-023-00439-0
Reni M, Ferreri AJ, Villa E (1999) Second-line treatment for pri-
mary central nervous system lymphoma. Br J Cancer 79:530-534
Takashima Y, Hayano A, Yamanaka R (2020) Metabolome Analy-
sis Reveals Excessive Glycolysis via PI3K/AKT/mTOR and RAS/
MAPK Signaling in Methotrexate-Resistant Primary CNS Lym-
phoma-Derived Cells. Clin Cancer Res 26:2754-2766. https://doi.
org/10.1158/1078-0432.CCR-18-3851

LinZ,Mal,Ma, Li Q, Kang H, Zhang M, Chen B, Xia R (2023)
Prognostic impact of peripheral natural killer cells in primary
central nervous system lymphoma. Front Immunol 14. https://doi.
org/10.3389/fimmu.2023.1191033

Gupta R, Kurc T, Sharma A, Almeida JS, Saltz J (2019) The
Emergence of Pathomics. Curr Pathobiol Rep 7:73-84. https://
doi.org/10.1007/540139-019-00200-x

@ Springer

45.

46.

47.

48.

49.

Kamentsky L, Jones TR, Fraser A, Bray M-A, Logan DJ, Mad-
den KL, Ljosa V, Rueden C, Eliceiri KW, Carpenter AE (2011)
Improved structure, function and compatibility for Cell Profiler:
modular high-throughput image analysis software. Bioinformatics
27:1179-1180. https://doi.org/10.1093/bioinformatics/btr095
Cheng J, Zhang J, Han Y, Wang X, Ye X, Meng Y, Parwani A,
Han Z, Feng Q, Huang K (2017) Integrative analysis of histo-
pathological images and genomic data predicts clear cell renal
cell carcinoma prognosis. Cancer Res 77. https://doi.org/10.1158/
0008-5472.CAN-17-0313

FuY, Jung AW, Torne RV, Gonzalez S, Vohringer H, Shmatko A,
Yates LR, Jimenez-Linan M, Moore L, Gerstung M (2020) Pan-
cancer computational histopathology reveals mutations, tumor
composition and prognosis. Nat Cancer 1:800-810. https://doi.
org/10.1038/s43018-020-0085-8

Campanella G, Hanna MG, Geneslaw L, Miraflor A, Werneck
Krauss Silva V, Busam KJ, Brogi E, Reuter VE, Klimstra DS,
Fuchs TJ (2019) Clinical-grade computational pathology using
weakly supervised deep learning on whole slide images. Nat Med
25:1301-1309. https://doi.org/10.1038/s41591-019-0508-1
Ehteshami Bejnordi B, Veta M, Johannes van Diest P, van
Ginneken B, Karssemeijer N, Litjens G, van der Laak JAWM,
Hermsen M, Manson QF, Balkenhol M, Geessink O, Stathon-
ikos N, van Dijk MC, Bult P, Beca F, Beck AH, Wang D, Khosla
A, Gargeya R, Irshad H, Zhong A, Dou Q, Li Q, Chen H, Lin
H-J, Heng P-A, HaB C, Bruni E, Wong Q, Halici U, Oner MU,
Cetin-Atalay R, Berseth M, Khvatkov V, Vylegzhanin A, Kraus
O, Shaban M, Rajpoot N, Awan R, Sirinukunwattana K, Qaiser T,
Tsang Y-W, Tellez D, Annuscheit J, Hufnagl P, Valkonen M, Kar-
tasalo K, Latonen L, Ruusuvuori P, Liimatainen K, Albarqouni
S, Mungal B, George A, Demirci S, Navab N, Watanabe S, Seno
S, Takenaka Y, Matsuda H, Ahmady Phoulady H, Kovalev V,
Kalinovsky A, Liauchuk V, Bueno G, Fernandez-Carrobles MM,
Serrano I, Deniz O, Racoceanu D, Venancio R (2017) Diagnostic
assessment of deep learning algorithms for detection of lymph
node metastases in women with breast cancer. JAMA 318:2199—
2210. https://doi.org/10.1001/jama.2017.14585

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.


https://doi.org/10.1038/s41374-020-0442-3
https://doi.org/10.1007/s12072-023-10511-2
https://doi.org/10.1007/s12072-023-10511-2
https://doi.org/10.1371/journal.pmed.1002730
https://doi.org/10.1371/journal.pmed.1002730
https://doi.org/10.1093/neuonc/noy021
https://doi.org/10.1002/jmri.27344
https://doi.org/10.1002/jmri.27344
https://doi.org/10.1038/s41572-023-00439-0
https://doi.org/10.1158/1078-0432.CCR-18-3851
https://doi.org/10.1158/1078-0432.CCR-18-3851
https://doi.org/10.3389/fimmu.2023.1191033
https://doi.org/10.3389/fimmu.2023.1191033
https://doi.org/10.1007/s40139-019-00200-x
https://doi.org/10.1007/s40139-019-00200-x
https://doi.org/10.1093/bioinformatics/btr095
https://doi.org/10.1158/0008-5472.CAN-17-0313
https://doi.org/10.1158/0008-5472.CAN-17-0313
https://doi.org/10.1038/s43018-020-0085-8
https://doi.org/10.1038/s43018-020-0085-8
https://doi.org/10.1038/s41591-019-0508-1
https://doi.org/10.1001/jama.2017.14585

	Machine learning-based pathomics signature of histology slides as a novel prognostic indicator in primary central nervous system lymphoma
	Abstract
	Purpose 
	Methods 
	Results 
	Conclusion 

	Introduction
	Materials and methods
	Data cohort and study design
	Image annotation and preprocessing of digital WSIs
	Extraction of quantitative features from images
	Machine-learning methods for diagnosis classification
	Feature selection and pathomics score building
	Association of the Path-score with prognosis and clinical characteristics
	Construction and assessment of the incremental value of pathomics nomogram
	Statistic analysis

	Results
	Clinicopathological characteristics in the study cohort
	Image features accurately distinguish tumor tissues
	Establishment of pathomics score and its prognostic value
	Remarkable correlation between the Path-score and treatment response
	Development and validation of a nomogram
	Incremental value of the nomogram in survival prediction

	Discussion
	Conclusion
	References


