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19  Abstract

20  For adult diffuse gliomas (ADGs), most grading can be achieved through molecular subtyping,

21 retaining only two key histopathological features for high-grade glioma (HGG): necrosis (NEC) and

22 microvascular proliferation (MVP). We developed a deep learning (DL) framework to automatically

23 identify and characterize these features. We trained patch-level models to detect and quantify NEC and

24 MVP using a dataset that employed active learning, incorporating patches from 621 whole-slide images

25 (WSls) from the Chinese Glioma Genome Atlas (CGGA). Utilizing trained patch-level models, we

26  effectively integrated the predicted outcomes and positions of individual patches within WSIs from The

27 Cancer Genome Atlas (TCGA) cohort to form datasets. Subsequently, we introduced a patient-level

28  model, named PLNet (Probability Localization Network), which was trained on these datasets to

29 facilitate patient diagnosis. We also explored the subtypes of NEC and MVP based on the features

30  extracted from patch-level models with clustering process applied on all positive patches. The patient-

31 level models demonstrated exceptional performance, achieving an AUC of 0.9968, 0.9995 and AUPRC

32  of 0.9788, 0.9860 for NEC and MVP, respectively. Compared to pathological reports, our patient-level

33  models achieved the accuracy of 88.05% for NEC and 90.20% for MVP, along with a sensitivity of

34  73.68% and 77%. When sensitivity was set at 80%, the accuracy for NEC reached 79.28% and for

35 MVP reached 77.55%. DL models enabled more efficient and accurate histopathological image

36  analysis which will aid traditional glioma diagnosis. Clustering-based analyses utilizing features

37  extracted from patch-level models could further investigate the subtypes of NEC and MVP.

38
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40  adult diffuse gliomas, necrosis, microvascular proliferation, histopathologic whole-slide images, deep

41  leamning
42

43  Introduction

44  Gliomais the most common histological type of primary Central Nervous System (CNS) cancer, with
45  an annua incidence of 5-6 cases per 100,000 individuals, and adult diffuse gliomas account for
46 approximately 70% of all glioma cases'. According to the 2021 World Health Organization (WHO)
47  classification of CNS tumors’, genetic mutations and DNA methylation have been recommended as
48 key molecular parameters to be considered for guiding clinical diagnosis, tumor grading, and
49  therapeutic interventions. Meanwhile, histological features are also critically important during the
50  diagnostic process. Especially the presence of necrosis (NEC) and/or microvascular proliferation (MVP)
51 is considered as hallmarks of HGG in adult diffuse gliomas, which is more aggressive and indicates a
52 poor prognosis®.

53

54 Histopathology analyses are routine assessments conducted by pathologists to microscopically examine
55  abiopsy or surgical specimen that is processed and fixed onto glass slides’. Histopathology studies
56 provide a gold standard for diagnosis, disease treatment, and prognostic evaluation. However, it has
57 been demonstrated that for many diagnostic tasks, human assessments are highly subjective, and the
58 reproducibility among different pathologists is less than optimal® 8. For example, in the diagnosis of
59  specific types of breast cancer, the pathological consistency can be as low as 48%’, a scenario also
60  observed in prostate cancer®. Additionally, the examination of histopathological sections is a highly

61 complicated and time-consuming task. Typically, it demands highly experienced doctors to
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62 meticulousdy examine gigapixel-sized whole-slide images (WSIs). This field necessitates more
63  reproducible, precise, and efficient diagnostics for histopathological analysis.

64

65  Thecurrent application of deep learning in pathology analysis primarily focuses on automatic diagnosis
66 tasks, such as tumor detection, classification and grading, image segmentation, etc. In recent years,
67 numerous exciting breakthroughs have been achieved in this field. Earlier in 2016, the International
68 Symposium on Biomedical Imaging (ISBI) organized a grand challenge to evaluate computational
69  systemsfor the automatic detection of metastatic breast cancer in WS of sentinel lymph node biopsies.
70 During this chalenge, a patch-level classification deep learning model achieved comparable
71 performance to that of pathologists, showcasing the potential of deep learning to significantly enhance
72  theaccuracy of pathological diagnoses’. In 2019, a study implemented U-Net models (a classical CNN
73  algorithm) for the automated multiclass segmentation of PAS-stained nephrectomy samples and
74  transplant biopsies™. Previous studies have indicated that deep learning algorithms can also be used to
75 learn the histological features from WSIs and forecast the prognosis for glioma. Mehmet and Daniel
76 proposed a deep learning-based classification pipeline for grading glioma patients on the TCGA cohort,
77  achieving 96% accuracy for GBM versus LGG classification and 71% accuracy for differentiating
78  LGG WHO grade Il and grade I11*'. Recently, several interesting studies have advanced the field by
79  demonstrating that deep learning algorithms can combine histological images with genetic information
80 topredict the clinical outcome of diseases, such as overall survival time and time to progression® *> 4,
81 15 For example, Cooper et al. reported a computational approach that integrated histology images and

82 genomic biomarkers information into a single unified network to predict the survival of glioma
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83 patients'. In 2023, Hollon et al. developed DeepGlioma, which is trained on a multimodal dataset
84  comprising stimulated Raman histology (SRH) and genomic data, to streamline the molecular
85  diagnosisof diffuse gliomas'’. Wang et al. presented a CNN-based integrated diagnosis model that was
86  capable of automatically classifying adult-type diffuse gliomas according to the 2021 WHO standard
87  from annotated-free WSIs™®. In 2024, Hoang et al. developed Deep |Earning from histoPathol. Ogy and
88 methY lation (DEPLOY), a deep learning model that classifies CNS tumors to ten major categories
89  from histopathology™. Mahootiha et al. developed a multimodal deep learning framework using
90 preoperative MRI and several EHR-derived clinical variables to improve postoperative recurrence
91 prediction and risk-stratification for pediatric low-grade gliomas®. Jin et al. employed deep learning
92  technologies to classify 5 major types of histopathological gliomaimages™, which greatly inspired us.
93  They achieved 86.5% patch-level accuracy and 87.5% patient-level accuracy on the independent
94  teding dataset. While the results were promising, they only focused on the histopathological glioma
95  classification not the grading part which is more important for diagnosis and treatment. Our research
96  significantly improved the automation of grading system for glioma and achieved better results at both
97  patch and patient levels.
98
99 In this study, we developed a framework based on deep learning for the quantitatively detecting
100 necrosis and microvascular proliferation from WSIs in glioma patients, aiming to provide objective
101 high accuracy prediction to aid diagnosisin clinical practice (Fig. 1, 2a, 4c). We utilized a dataset from
102  Bedijing Tiantan Hospital to train the patch-level models namely NEC detector and MV P detector. This

103  dataset encompassed over 600 newly collected WSIs from gliomas ranging from WHO grade 2 to


https://doi.org/10.1101/2025.08.14.25333656

medRXxiv preprint doi: https://doi.org/10.1101/2025.08.14.25333656; this version posted August 16, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
All rights reserved. No reuse allowed without permission.

104  grade 4 to ensure a comprehensive representation of glioma tumor grades. Initially, we trained deep
105 learning models for necrosis and microvascular proliferation patch detection and quantification.
106  Subsequently, we analyzed 1,699 WSIs from an independent cohort to train a patient-level model,
107  named Probability Localization Network (PLNet). This model can be used for computer-aided patient
108  diagnosis by integrating the patch-level predictors and spatial information features. Performance of this
109  model was then evaluated using patient label that extracted from TCGA pathology reports. Finally, all
110 patch-level and patient-level features were extracted from the models for further association analysis
111 with clinical and genomic data (Fig. 1), highlighting the clinical significance for diagnosis and
112 treatment.

113

114  Materialsand Methods

115  Datacollection

116  This study was based on data from the Chinese Glioma Genome Atlas (CGGA : 1,968 WSIs) cohort
117  from Beijing Tiantan Hospital and publicly available cohort The Cancer Genome Atlas (TCGA: 1,705
118  WSIs). Theimage samples include low-grade glioma (LGG) and high-grade glioma (HGG) which are
119 Al digitized hematoxylin and eosin (H&E) stained from formalin-fixed, paraffin-embedded (FFPE)
120  histology slides, referred to Whole-slide images (WSIs). All the image samples with section folds,
121 large areas of pen markings, and poor staining were removed under the review of pathologists. The
122  pathology reports were downloaded from TCGA. The clinical and molecular features of 1,122 TCGA
123  patients were collected from cBioPortal, Mu et al.® and Ceccarelli et al.? (SMa. 1).

124
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125 WSl and patch preprocessng

126  Whole-slide images (WSIs) are considerably too large, exceeding 70,000 pixels in each dimension, to

127  be directly used as input for training deep learning models. These circumstances introduce specific

128  complexities within the domain of image analysis. To balance the size of images appropriate for

129 histological patterns detection and training speed, we tiled WSIs into patches with the size of 2,048 x

130 2,048 pixels with a 50% overlap, resulting in 3,000 to 4,000 patches per WSI, and discarded patches

131  containing small tissue area at 40 x magnification. Meanwhile, for WSIs with a maximum

132  magnification of 20x, the tiled patch size will be set to 1,024 x 1,024 pixels. These patch sizes are

133  appropriate for most WSIs, enabling pathologists to identify crucial diagnostic features. Here we

134  employed the Gaussian smoothing filter and Otsu's method to differentiate between the tissue area and

135 background area in thumbnail images that compressed from the WSIs, resulting in the generation of

136 binary segmentation masks for each WSl (Fig. Sla). A stain normalization algorithm was subsequently

137  applied to the tiled patches to mitigate variations in the staining process. A standard patch was chosen

138  tonormalizeall other patches to the same staining level (Fig. Sib).

139

140  Patch-level datasets amplification and annotation

141  The annotated dataset is a scarce resource in the field of medical image deep learning. An active

142 learning pipeline was established (Fig. 2a) to obtain two datasets for training, validating, and testing

143  the NEC and MVP patch-level models, respectively. In this pipeline, the initial dataset is manually

144  |abeled by expert pathologists and consists of 150 positive patches and 150 negative patches. Based on

145  the established dataset, three initial deep learning models were trained and utilized to predict NEC or
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146 MVP on a patch pool containing all available patches from the CGGA dataset. With the assistance of
147  pathologists, we were able to randomly verify the predicted results. The incorrectly predicted patches
148  were relabeled and reintegrated into the original dataset. Subsequently, a new model was trained based
149  on the updated dataset. After multiple rounds of active learning, we obtained the NEC dataset
150  comprising 3,552 positive and 8,369 negative patches, as well as the MVP dataset containing 3,139
151  postive and 11,488 negative patches. Finally, all patches were meticulously reviewed by three
152  pathologists to verify the accuracy of the labels.

163

154  Patch-level and patient-level models

155  In this study, we used different pre-trained CNN architectures for the necrosis and microvascular
156 proliferation to better accomplish the patch-level classification tasks, including DenseNet201%,
157  EfficientNetB2%, and ResNet50%. The reason for selectin these three typical models is described in
168  detal inSMe. 1.

1589

160  Wealso proposed a deep learning model, named Probability Localization Network (PLNet) to treat the
161 heatmap as an image to do patient-level classification. The PLNet isa CNN model which isinspired by
162  the skip connections and designed based on the heatmap data characteristics (50% overlap patch tiling)
163  with 3 x 3 kernel size for thefirst layer feature extraction (Fig. S4d).

164
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165  Patch-level modelstraining, validation and evaluation

166  We utilized 80% of patches in the dataset for training and allocated 20% for validation. The networks
167  parameters were initialized with the best set achieved on the ImageNet dataset. The training details of
168  the models were provided in the SMe. 2. After completing the training of the classification models, we
169  assessed their performance on an independent dataset. 14 WSIs, which were not involved in data
170  amplification and model training, were tiled into patches and labeled by 3 pathologists. Any patches
171 with disagreements among the pathologists or that lacked consensus on a single patch were excluded.
172  Ultimately, the necrosis independent test dataset comprised 777 positive and 16,941 negative patches,
173  while the microvascular proliferation independent test dataset comprised 485 positive and 14,885
174  negative patches. All models were evaluated by area under the receiver operating characteristic curve
175 (AUC) scores and area under the precision-recall curve (AUPRC) scores. The Grad-CAM®
176  visualization tool was employed to further verify if the models accurately predicted necrosis and
177  microvascular proliferation based on precise areas. Additionally, for further evaluation, the open-
178  sourced tool QuPath was utilized to visualize the predicted outcomes of all the patches within the WSIs.
179

180 Generating probability localization maps and extracting labels for patient-level NEC and MVP
181 modelstraining and validation

182  After predicting all the patches within WSIs, we assembled the patch-level predicted results and
183  coordinates to construct the probability localization map for subsequent analysis (Fig. S4a). The
184  detailed steps were as follows: First, the positive probabilities, predicted for NEC or MVP, of all

185  patches within a single WSI were compiled. Second, the positive probabilities of all patches were
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186  assembled based on their coordinates, which were tiled from the WSI. For instance, in the tiling of a

187 WSl into patches, each patch was considered equivalent to a pixel, thereby converting the WSI into a

188  matrix. Third, because of the assembled matrices with varying sizes for each WSI, which posed

189  challenges in learning the probability distribution map. While a direct approach to address this issue

190  would involve resizing all maps to a uniform size, the resizing process could alter the shape, size, and

191 other characterigtics of the NEC or MVP area. To preserve these characteristics, a straightforward

192 method was implemented, matching the matrix to the center of a template with dimensons of 224 x

193 224 pixels, while setting the blank areato O positive probability. The selection of 224 x 224 pixels was

194  based on the statistics of all matrix sizes from CGGA and TCGA, ensuring compatibility with all

195  statuses. Ultimately, the uniform-size probability distribution maps were produced.

196

197  To obtain the patient-level labels for WSIs, we proposed a pipeline to employ optical character

198 recognition (OCR) techniques to extract searchable text documents from pathology reports in PDF

199  format downloaded from TCGA website. Additionally, we incorporated a fuzzy keyword search for

200 necross and/or microvascular proliferation related diagnoses to acquire patient-level labels for the

201  WsSIs (Fig. $4b). For NEC, 95 positive and 156 negative patients, and for MV P, 100 positive and 145

202  negative patients were included in this processing. The probability localization map integrated

203  previously was used to train and valiate our proposed PLNet (Probability Localization Network) using

204  5-fold cross-validation (SMe. 3).

205

10
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206  NEC and MVP pattern clustering with differential expression and gene set enrichment analyses
207

208 Necrosis and microvascular proliferation are two of the most potent predictors of poor prognosis in
209  adult diffuse gliomas. Beyond their roles as mere morphological markers, these dructures are
210 undeniably pivotal in driving the accelerated growth properties that define the transition from low
211 grade to high grade. To further explore the characteristics of NEC and MVP, as well as patients with
212  NEC and/or MVP, the mini-batch K-Means method was employed to cluster 11,923 NEC positive
213  patches and 19,297 MVP positive patches tiled from 1,699 TCGA WSIs. One patch was represented by
214  the combined 2,272-dimensional feature vectors extracted from the 3 CNN patch-level models
215  previously trained (DenseNet201: 896, EfficientNetB4: 352, ResNet50: 1,024). Principle component
216  analysis (PCA) was subsequently employed to reduce the feature vector dimension to 100 for
217  subsequent clustering. All these patches were grouped into 2 clusters to differentiate between
218 pseudopalisading necrosis (PAN) enriched patients and other necrosis enriched patients or between
219  glomeruloid microvascular proliferation (GMP) enriched patients and other MVP enriched patients
220 using the Mini-Batch K-Means method. Additionally, UMAP* was utilized for visualizing the
221 clustering outcomes. All patients were categorized into groups based on the enrichment of specific
222  patcheswithin their WSIs (SMe. 4).

223

224  We conducted differential expression with volcano plot and gene set enrichment analysis (GSEA)® %
225  with the normalized RNA-seq expression data acquired for the TCGA glioma dataset, which were

226  selected samples from two groups based on the PAN clustering result: PAN enriched patients (n=42)

227  and other necrosis enriched patients (n=70), and GMP clustering result: GMP enriched patients (n=56)

11
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228  and other MVP enriched patients (n=71) (Details in SMe. 5). Only Hallmark gene sets® * with a p-
229  value < 0.05 were selected as the functionally enriched biological states or processes.

230

231  Results

232  Patch-level models classification per for mance

233  Commencing with a modest dataset comprising 838 patches from 20 WSIs, we separately trained 3
234  distinct common CNN architectures, which were DenseNet201%, EfficientNetB2%*, and ResNet50%,
235  for the NEC and MVP patch-level classification tasks. Subsequently, after updating the training dataset
236  with models and pathologists, we retrained the 3 CNN models. AUC and AUPRC of all models were
237  evaluated on the independent test dataset, comprising 17,718 NEC and 15,370 MVP patches from 14
238  WSIs that were excluded from training dataset. The annotations of all patches in the training and test
239  datasets were independently reviewed by three neuropathologists (Fig. 2a). We evaluated the
240 improvement in model performance as the training dataset size increased during active learning (Fig.
241 2b). The voting results represented the median value of the 3 models from each dataset. The results
242 indicated that model performance improved with the incluson of more WSIs in the training dataset,
243 ultimately reaching the limitation of label annotation accuracy. Finally, two well-annotated datasets
244  were edablished for training the NEC and MVP patch-level models. These datasets include 3,552
245  positive patches and 8,369 negative patches for NEC, and 3,139 positive patches and 11,488 negative
246  patches for MVP. AUC and AUPRC results indicated that models exhibited high performance (Table
247  in Fig. 2c), notably achieving an AUC of 0.9968 and AUPRC of 0.9788 for NEC models voting

248  results, and an AUC of 0.9995 and AUPRC of 0.9860 for MVP models' voting results.

12
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249

250 Quantitativeanalysisin WSl sand visual explanationsin patches

251 Previously, conducting quantitative analysis of histological features was excessively time-consuming

252  for pathologists during diagnosis. To tackle this issue, we shifted our focus to whole-slide images and

253  investigated whether CNN models could be leveraged to quantitatively analyze histological features

254  from WSls, like the percentage of NEC and MVP positive patches in one WSI. For this purpose, we

255  sdlected a WSI from the independent test set to demonstrate the quality of quantitative analysis of NEC

256  and MVP compared to the annotation made by pathologists, as illustrated in Fig. 3a and Fig. S2b, c. To

257  evaluate the predicted performance of the CNN models, we tasked pathologists with independently

258  classifying all patches from the WSIs through visual inspection. The results revealed that the CNN

259 model could accurately detect and quantify NEC and MVP with predicted performance compared to

260  pathologists. The overall NEC and MVP positive patches identified by the CNN models highly

261 overlaps with the postive patches labeled by pathologists (voting results: Fig. S2a, separate results:

262  Fig. S3). InthisWSI, the precisions for NEC and MV P patches were 1 and 0.9726, respectively, while

263  the sensitivities were 0.9375 and 0.9342. Furthermore, the model accurately calculated the percentage

264  of NEC and MVP positive patches, demonstrating results comparable to those of the pathologists as a

265  quantification metric for patient diagnosis.

266

267  Given the satisfactory predicted performance of the classification models, it isessential to delve deeper

268  into how the deep learning model arrived at its predictions and ascertain whether the model genuinely

269  learned the meaningful histopathological features. To address these questions, we carried out gradient-

13
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270  weighted class activation map analysis (Grad-CAM) on the CNN models. 4 NEC and 4 MVP positive

271 patches were randomly selected for these assessments. As depicted in Fig. 3b, c, the localization of

272  specific features that CNN models focused on during prediction aligned well with the localization of

273  NEC and MVP identified by the pathologists. These alignments indicate that the CNN models trained

274  on our datasets successfully learned meaningful histological features and utilized the information for

275  prediction.

276

277  Patient-level modelsfor computer-aided diagnosis

278  We conducted analyses utilizing the generated probability localization maps and extracted labels for

279  patient level. The caption content of all the pathology reports generated by our pipelineisillustrated in

280  Fig. $4c. Each patch was assigned a predicted probability for NEC or MVP and positioned based on its

281  coordinates within the WSI. Subsequently, a heatmap of probability localization would be generated.

282  We proposed a deep learning model, named PLNet (Probability Localization Network, Fig. S4d), to

283  treat the heatmap as an image for patient-level classification. The datasets contained gliomas ranging

284  from WHO grade Il to grade IV in TCGA cohort (Table in Fig. 4a). The patient-level predicted labels

285  were directly derived from the patch-level outcomes, where the labels were determined based on

286  whether the whole-slide image included predicted positive NEC or MVP patches. Utilizing pathology

287  reports as the ground truth, accuracy (NEC: 81.27%, MVP: 87.76%) and sensitivity (NEC: 55.79%,

288  MVP: 70%) were calculated for TCGA WSIs (Fig. 4b). The pipeline for the patient-level aggregation

289  models is illustrated in Fig. 4c. Accuracy and sendtivity were determined by setting different

290  probability thresholds for TCGA WSIs, using pathology reports as ground truth. Additionally, they

14
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291 were evaluated through 5-fold cross-validation across all the data. The results demonstrated that our

292  PLNet model achieved the highest accuracy of 88.05% for NEC and 90.20% for MVP, along with a

293  sendtivity of 73.68% for NEC and 77% for MVP. When the sensitivity was set at 80%, the accuracy

294  for NEC reached 79.28% and for MVP reached 77.55% (Fig. 4d). Compared to Fig. 4b, both accuracy

295  and sensitivity were enhanced for NEC and MV P. The results from TCGA datasets also indicated that

296  our deep learning model, trained on CGGA datasets, possessed the capability to generalize effectively

297 in identifying and quantifying NEC and MV P across independent cohorts.

208

299  survival analysisfor outcomes of patient-level models

300  We further investigated whether our patient-level model could be utilized for prognosis prediction.

301  Following the diagnosis guideline in conjunction with the NEC and MVP predicted results and

302  pathology reports, these 878 patients with WSIs from 1,122 patients were categorized into four groups:

303  Oligodendroglioma (IDH-mutant and 1p/19g-codeleted, WHO Grade 2/3), Astrocytoma (IDH-mutant,

304  1p/19g-non-codeleted and CDKN2A/B wildtype, WHO Grade 2/3), Astrocytoma (IDH-mutant,

305  1p/19g-non-codeleted and CDKN2A/B HD, WHO Grade 4), Glioblastoma (IDH wild type, WHO

306  Grade 4). Using our patient-level model, we conducted several analyses to verify its practicality and

307 clinical potential. We performed a correlation analysis between the true labels from pathology reports

308  andthe model predicted scores (Fig. 5a, b). For NEC, when the model predicted score was less than or

309  equal to 0.5 (n=173), the survival probabilities of patients were similar (P=0.161) to those with a true

310  label of 0 (n=153). When the model predicted score was greater than 0.5 (n=74), the survival

311 probabilities of patients were similar (P=0.818) to those with a true label of 1 (n=94). For MVP, when

15
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312  the model predicted score was less than or equal to 0.5 (n=165), the survival probabilities of patients

313  were similar (P=0.097) to those with a true label of 0 (n=142). When the mode! predicted score was

314  greater than 0.5 (n=77), the survival probabilities of patients were similar (P=0.772) to those with a

315  truelabel of 1 (n=100). Additionally, our model could effectively classify patients into two groups with

316  digtinct survival predictions (P=1.1596E-13 for NEC and P=3.7353E-12 for MVP between predicted

317  scores < 0.5 and > 0.5). Subsequently, we utilized various model predicted scores as thresholds to

318  further divide the samples into two groups: one group with scores less than or equal to the threshold

319  and the other group with scores greater than the threshold (Fig. 5¢). We calculated the survival

320  differences between these two groups and determined the corresponding p-values. For NEC samples

321  with atrue label of 0, we identified four thresholds (0.34, 0.35, 0.36, 0.37) where their -log10 p-values

322  were greater than -log10 0.05. The highest -log10 p-value was observed at 0.34, where 22 samples with

323  model-predicted scores less than or equal to 0.34 had better survival (Fig. 5d, P=0.031, -log10 P=1.508)

324  compared to 131 samples with scores greater than 0.34. We further extended our analysis to include all

325  TCGA data with WSI and observed that our model can effectively differentiate between survival

326 outcomes (Fig. 5e, g). For type A, IDHmut-non-codel, when our model predicted value is less than or

327  equal to 0.66 or greater than 0.66 for NEC, or when our mode! predicted value is less than or equal to

328  0.33 or greater than 0.3 for MVP, the group with lower values exhibits superior survival compared to

329  the group with higher values (Fig. 5f, h, P=0.001 for NEC and P<0.001 for MVP). Based on this, for A,

330  IDHmut-non-codel CDKN2A/B wildtype records, we further subtyped the samples with more

331  significant NEC and/or MVP characteristics. These records, derived from 186 CDKN2A/B wildtype

332  samples across all A, IDHmut-non-codel samples in TCGA, have the potential to be a higher grade
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333  (Fig. S5h). Similar results were also observed in type O, IDHmut-codel (Fig. S5a, ¢). We updated the
334  Grade (WHO 2021) based on our mode! as shown in Supplementary Materials.

335

336  Clustering-based analyses with featur e extraction

337  Uniform Manifold Approximation and Projection (UMAP)* demonstrated pseudopalisading necrosis
338  (PAN) patches enriched in one cluster of all NEC patches, and glomeruloid microvascular proliferation
339  (GMP) patches also enriched in one cluster of all MVP patches, which were manually checked by
340  pathologists (Fig. 6a). Patients enriched with PAN or GMP were differentiated from all TCGA patients
341 based on the quantity of PAN or GMP patches present in each WSI. Kaplan-Meier analysis was
342  utilized to assess whether the PAN and GMP enriched patients could be effectively discriminate from
343  other NEC and MVP enriched patients, respectively. The results revealed that the PAN (n=128) and
344  GMP (n=178) enriched patients exhibited poorer survival outcomes compared to other NEC (n=120)
345  and MVP (n=135) enriched patients, respectively, with p-values of 1.04E-04 for the NEC group and
346 1.30E-03 for the MVP group (Fig. 6b). We extended our analyses by conducting differential
347  expression analysis with volcano plot (Fig. 6¢), and gene set enrichment analysis (GSEA) (Fig. S6a-c)
348  for both the PAN enriched patients compared with the other NEC enriched patients, as well as for the
349  GMP enriched patients compared with the other MVP enriched patients. In the volcano plots (Fig. 6c)
350  comparing the PAN enriched patients with other NEC enriched patients, several genes exhibit
351  significant upregulation in the PAN enriched patient group, including FEZF1, SEPTIN14, SCNN1B,
352  and IRX5. Conversely, notable downregulated genes such as PCDHGA11, KRT14, CCL19, and

353 NMUR? are observed in the PAN enriched patient group. Comparing the GMP enriched patients with
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354  other MVP enriched patients, several genes exhibit significant upregulation in the GMP enriched
355  patient group, including CDK4, TSPAN31, CYP27B1, and PRDM13. Conversely, notable
356  downregulated genes such as SELL, KRT6A, SMCP, and CCL21 are observed in the GMP enriched
357 patient group. These upregulated genes suggest potential pathways or mechanisms that are more active
358  inthe PAN or GMB enriched patient group compared to the other NEC or MVP enriched patient group.
359  Thedownregulation of these genes may indicate suppressed pathways or functions in the PAN or GMB
360  enriched patient group, potentially highlighting areas of biological significance or therapeutic interest.
361  The gene set enrichment analysis (GSEA) based on Hallmark gene sets reveaed the significantly
362  dltered pathways (Fig. S6a, b). For p-value less than 0.05, the 7 enriched pathways in the PAN
363  enriched patient group are primarily associated with cellular proliferation related, including E2F targets,
364  G2M checkpoint, MYC targets V1, and Mitotic spindle, metabolic related like Glycolysis, pathway
365 related like Hypoxia, and signaling related like MTORC1 signaling (Fig. S6a). The enrichment of these
366  pathways in the PAN enriched patient group suggests potential alterations in cell cycle regulation,
367  metabolism, cellular response to oxygen levels, and signaling pathways related to growth and
368  proliferation. This molecular profile may indicate specific biological processes, cellular adaptations, or
369  dysregulations that are characteristic of this group being studied. Meanwhile, the 16 enriched pathways
370  inthe GMP enriched patient group are primarily associated with cellular proliferation related, including
371  E2F targets, G2M checkpoint, MYC targets V1, V2, and Mitotic spindle, metabolic related like
372  Glycolysis, and pathway related such as Hypoxia and Unfolded protein response, development related
373  such as Angiogeness, Epithelial mesenchymal transition, Spermatogenes's, and Pancreas beta cell,

374  DNA damage related like DNA repair, immune related like Interferon alpha response, and signaling
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375  related such as MTORCI signaling, and TNFA signaling via NFKB (Fig. S6b). The presence of these
376 pathways in the GMP enriched patient group suggests a complex interplay of cellular processes related
377  tocell cycle regulation, metabolism, stress responses, angiogenesis, epithelial-mesenchymal transition,
378  specialized cell functions, DNA integrity maintenance, immune responses, and signaling pathways.
379  This intricate network of pathways may collectively contribute to the unique molecular profile and
380  potentialy the underlying biology of this group being studied. Previous studies investigated that PAN
381 in glioblastoma was associated with hypoxia and GMP in glioblastoma was associated with

s32, 33, 34, 35, 36

382  angiogenes , which were consistent with our findings. The GSEA results also indicated
383  that the highest normalized enrichment scores were observed in the E2F targets pathway for both PAN
384  and GMP enriched patients (Fig. S6¢). Furthermore, we conducted more detailed analyses and obtained
385 more sufficient information. Ultimately, we combined all the NEC and MVP predicted results together
386  for generating diagnosis reports (Fig. S7a). Additionally, we utilized the patch-level predictions to
387  generate the patient-level heatmap for online demonstration (Fig. S7b).

388

389  Discussion

390 In this study, we proposed an active learning pipeline to annotate patch-level datasets and train patch-
391  level models for classifying and quantifying NEC and MV P. Subsequently, we proposed a patient-level
392  CNN classification model named PLNet (Probability Localization Network), which was integrated
393  with 3 patch-level CNN models to identify and quantify tumor NEC and MVP from histopathological

394  glioma patients. The high predicted performance of the patch-level and patient-level models indicate

395  that Al-based automatic histopathological diagnosis has the potential to be applied in clinical practice,
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396  achieving performance comparable to that of pathologists. The models can improve the efficiency and

397  consistency of the diagnosis process by assisting pathologists in repetitive detection tasks within

398  whole-dide images (WSls). Moreover, they have the potential to adjust previously uncertain patient

399  grades to updated grades, thereby facilitating more precise diagnoses. We further clustered NEC and

400  MVP positive patches into different subtypes using high-level features extracted by patch-level CNN

401  models to characterize patients enriched with PAN and other NEC, and with GMP and other MVP. The

402 results suggest that deeper information correlated with tumor progression stage and patients genomic

403  features can be dug out by our model. This information can be ignored in clinical diagnoss and is

404  difficult to obtain through traditional pathology methods. It would be a starting point to develop an Al-

405  based diagnosis and treatment suggestion system that combines digital pathology and genomics, which

406  canreally provide precision medicine specific to each patient.

407

408  We have evaluated our models on different datasets and a large number of patients to enhance their

409  generaization ability. However, the diversity of WSIs introduced by variations in tissue collection

410 methods, fixation technologies, levels of hematoxylin and eosin (H& E) staining, different digital slide

411 scanners, various data sources and collecting time makes it challenging to apply the models to every

412  dataset. Our approach demonstrates a promising pipeline from dataset construction, training, evaluating,

413  for further analysis on WSIs. Hopefully, it is feasible to adapt this pipeline to many other diseases.

414

415  We utilized formalin-fixed, paraffin-embedded (FFPE) WSlIs in this study as they are commonly

416  preferred in pathology diagnosis practices. Another type of WS! is based on frozen tissue, which can be
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417 rapidly produced during surgery to aid the surgeon in determination whether the tumor margins are
418  clean. Most of the frozen tissue WSIs will exhibit tissue damaged, displaying a Swiss-cheese-like
419  appearance, but can till provide pathological features for diagnosis. Several previous studies have
420  explored using both frozen tissue and FFPE WSIs as inputs for deep learning models in tumor
421  diagnosis® ¥ ®,

422

423 Necrosis and microvascular proliferation (MVP) are two primary pathological features in glioma
424  diagnosis. Additional features such as mitosis activity® “> ** nuclei atypia, and nuclei density** * 4
425  arealso crucial for acomprehensive diagnosis. We are utilizing the approach presented in this paper for
426  the automatic detection and quantification of all these features. With all features automatically detected
427 by the models, we can integrate them to generate a comprehensive diagnostic report that includes all
428  quantified features, genomic indications, trestment suggestions, and potential drug choices. This holds
429  promise for the future of precision medicine era.
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595  Figurelegends

596

597 Figure 1 | Computational and analytical pipeline of the study. (a) We initially applied WSl

598 preprocessing to obtain tiled and stained patches and then developed deep learning models to detect

599  and quantify histopathological features, including necrosis (NEC) and microvascular proliferation

600 (MVP), at the patch level with labeled data. (b) We then integrated the patch-level results to aid

601 patient-level diagnosis and grading based on an Al-based aggregation model. (c) Finally, we conducted

602  several analyses, including survival analysis, differential expression analysis, and gene set enrichment

603  analyss, toinvestigate the clinical implications of our computational pathology models.

604

605 Figure 2 | Patch level classification of necrosis (NEC) and microvascular proliferation (MVP). (a)

606 Diagram summarizing the model training pipeline. An active learning strategy was applied to label

607 patches based on whether NECs and/or MV Ps were recognized in a particular patch. After active

608  learning, the final training set included 3,552 NEC-positive, 8,369 NEC-negative patches, 3,139 MVP-

609  positive, and 11,488 MV P-negative patches. These patches were extracted from 621 glioma WSIs. Our

610  deep learning models were trained in the above training sets and then tested in an independent dataset,

611  which was extracted from another 14 WSIs (777 NEC-positive, 16,941 NEC-negative, 485 MVP-

612  positive, and 14,885 MV P-negative patches) and manually |abelled by three pathologists. (b) Using the

613  training set, we first trained three deep learning models using the widely used network frameworks, i.e.,

614 DenseNet, EfficientNet and ResNet, and then concatenated results from these three models to generate

615  the fourth results based on voting. Performance of the four results on test set were compared. Using
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616 necrosis-recognition model as an example, we demonstrated that the performance of patch-level

617 models improved as the size of training dataset increased from patches of 20 WSIs to patches of 621

618  WsSIs, until all model results converged. AUPRC: Area Under the Precision-Recall Curve. (c)

619 Performance of various model architectures under the final training set (patches derived from 621

620  WsSIs). The best performance was highlighted in bold. For both NEC and MVP, the best AUC and

621  AUPRC were achieved with the voting results of three models (NEC: AUC of 0.9968 and AUPRC of

622  0.9788, MVP: AUC of 0.9995 and AUPRC of 0.9860). AUC: Area Under the Receiver Operating

623  Characteristic Curve.

624

625 Figure 3 | Performance of the patch-level deep learning models. (a) A WSI in the independent test

626  set was reviewed to demonstrated the model performance (left panel). In the middle panel, the dark

627  blue (or red) areas highlighted the NEC (or MVP)-positive patches classified by pathologists through

628  visual inspection. The right panel included the results of the voting models with light blue (or red)

629  areas highlighting the NEC (or MV P)-positive patches by the deep learning models. (b-c) Grad-CAM

630  analysis of key pathology features. NEC (b) and MVP (c) were manually highlighted by pathologists

631 (blue area in the top panels), while Grad-CAM analyses of the deep learning model provided the class-

632  discriminative visualization of the corresponding features shown in the heatmap in the bottom panels.

633

634 Figure 4 | Patient-level models of NEC and MVP. (a) NEC and MVP annotations extracted from

635 TCGA pathology reports. (b) Accuracy and sensitivity of patch-level models to predict TCGA

636  pathology reports. The patient-level prediction label derived from the patch-level results, whether the
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637 WS has positive NEC or MVP patches as the patient-level label. Using pathology reports as ground

638  truth, accuracy and sensitivity were respectively calculated for TCGA WSIs (NEC: accuracy of 81.27%

639  and sensitivity of 55.79%, MVP: accuracy of 87.76% and sensitivity of 70%). (c) Pipeline for the

640 patient-level aggregation models. First, we utilized our trained patch-level models to predict the tiled

641  patches form TCGA WSIs. Each patch was assigned a predicted probability for NEC or MVP and

642 positioned according to its coordinates within the WSI. Subsequently, a probability localization map

643  would be generated. We then proposed a deep learning model called PLNet (Probability Localization

644  Network) to treat the map as an image for patient-level classification. (d) NEC and MVP AUC results

645  of 5-fold cross-validation for TCGA cohort of patients based on our proposed PLNet. The results

646  demonstrated that our PLNet model achieved the highest accuracy of 88.05% for NEC and 90.20% for

647  MVP, adong with a sensitivity of 73.68% for NEC and 77% for MVP. When the sensitivity was set at

648  80%, the accuracy for NEC reached 79.28% and for MVP reached 77.55%. Compared to (b), both

649  accuracy and sensitivity were enhanced for NEC and MVP.

650

651  Figure 5| Survival analysis using the patient-level model. (a)-(d) are based on data with reports,

652  while (e)-(h) are based on all TCGA data. (a) Survival difference analysis for NEC between the true

653  label and the model-predicted score. (b) Survival difference analysis for MVP between the true label

654  and the model-predicted score. (c) By using different model-predicted scores as thresholds, we divide

655  the samples into two groups. The survival difference between these two groups is calculated, and the

656  corresponding p-value is determined. (d) Survival curves based on the most significant p-value from

657 (c). This demonstrates that our model-predicted scores can further subtype the true labels. (€) In
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658  different molecular subtypes, the p-values of survival curves using different probability prediction

659  thresholds of the NEC model. O: Oligodendroglioma, A: Astrocytoma, GBM: Glioblastoma. (f)

660  Survival curves based on the most significant p-value for A, IDHmut-non-codel from (g). (g) In

661 different molecular subtypes, the p-values of survival curves using different probability prediction

662  thresholds of the MVP model. (h) Survival curves based on the most significant p-value for A,

663  IDHmut-non-codel from (g).

664

665  Figure 6| Clustering of NEC and MVP patches and their subtype analysis. (a) UMAP projection

666  of K-Means clustering of all 11,923 NEC and 19,297 MVP concatenated 2,272-dimensional feature

667  vectors (DenseNet201: 896, EfficientNetB4: 352, ResNet50: 1,024) of positive patches of TCGA WSI

668  dataset. 2 typical PAN (pseudopalisading necrosis) patches, and 2 other NEC patches were evaluated

669 by pathologists. PAN patches were enriched in dark-blue cluster, and other NEC patches were enriched

670 in light-blue cluster. 2 typicall GMP (glomeruloid microvascular proliferation), and 2 other MVP

671  patches were evaluated by pathologists. Other MVP patches were enriched in dark-red cluster, and

672  GMP patches were enriched in light-red cluster. (b) Survival analysis for PAN (n=128) vs. Other NEC

673 (n=120) and GMP (n=178) vs. Other MVP (n=135) enriched patients. Both NEC and MVP groups

674  demonstrated significant survival differences. (c) Volcano plots depicting differentially expressed

675  genesin PAN and GMP enriched patients.
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