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ABSTRACT 
Using whole-slide abnormal images, recently developed deep learning technology may help pathologists predict patient survival. Most 
approaches primarily sampled patches in specified or random tumour regions of WSIs, which restricted their ability to capture the 
intricate interactions between cancer and micro-environment components.  Because the heterogeneous tumour micro-environment 
(TME) supports and nurtures tumors, it is essential to comprehend cancer formation to study TME and its relationship to tumors. A 
Tumour Micro-environment Interactions Guided Graph Learning (TMEGL) algorithm based on the spatial interactions between the 
tumor and its two main components, lymphocytes and stromal fibrosis, was our proposal for human cancer prognosis. First, we built 
graphs for each WSI using various patch types as nodes.  To learn node representations that preserve information about topological 
structure, a brand-new TME neighbourhood organization driven graph embedding strategy was then suggested. Finally, to predict 
clinical outcomes, a Gated Graph Attention Network records interactions associated with survival between TME components and 
tumors. TMEGL was verified on three TCGA cancer cohorts.  The results of the experiments show that survival predictions made by the 
TMEGL model can be explained, making it superior to WSI-based survival analysis methods. 
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I. INTRODUCTION 
Cancer threatens human health and quality of life.  By 2040, 
there are expected to be 28.4 million new cases of cancer. As a 
result, accurate predictions of clinical outcomes, such as 
survival time, are essential for assisting physicians in the early 
development of individualized treatment plans. Over the last 
decade, image-based technologies have shown considerable 
promise in healthcare research.  Because they depict cell 
morphology and progression, whole-slide pathological images 
(WSIs) are the industry standard for diagnosing and predicting 
human cancer. Since pathologists' inter-observational 
differences are high due to the heterogeneous patterns in WSIs, 
machine learning techniques are needed to help them predict the 
likelihood that humans will survive cancer. With the fast growth 
of deep learning technology, developing WSI-based deep 
learning models for cancer survival analysis is popular[1].  
Deep learning algorithms may automatically learn survival-
associated representations from WSIs to enhance prognosis 
outcomes, unlike typical survival analysis methods that need 
feature engineering.  It is impractical to directly feed WSIs into 
a deep neural network for model training due to their typically 
large dimensions (such as 100,000 by 100,000 pixels). To 
address the aforementioned issues, current research focuses on 
patch-level and WSI-level annotation strategies. Before using 
the patch-level annotation approaches for deep model training, 
professionals must annotate crucial patches like the WSI tumor 
patches. When multiple WSIs need to be labeled, pathologists 
must manually annotate patches before selecting them, which is 
difficult. In order to lessen annotation load, additional methods 

that only require WSI-level annotations are being developed. 
Patches are treated as instances by the WSI-level annotation 
techniques. Using a pooling or attention approach, multi-
instance learning (MIL) methods combine patch-level 
representations to predict WSI targets. Graph convolutional 
networks, in addition to MIL methods, may be able to learn the 
global representation of WSIs and provide accurate 
predictions[2]. Even though a lot of progress has been made, 
the selected patches are either randomly generated or taken 
from WSI tumor regions, so the current studies are unable to 
capture the intricate interactions between the components of the 
microenvironment and the tumor. It is well acknowledged that 
cancer is caused by unrestricted tumour cell proliferation and 
the tumour micro environment (TME), which is mostly stromal 
fibrosis and lymphocytes.  Numerous interactions between 
tumor and stromal fibrosis speed up tumor progression by 
facilitating tumor invasion and metastasis, while the major 
interactions between lymphocytes and tumors reduce survival 
risk due to the immune system's ability to regulate tumor growth 
through activation of adaptive and innate immune mechanisms. 
Better outcomes should be expected from the prognosis model 
if tumor-TME crossings are included. We know of no WSI-
based graph learning methods that used a ready-made, pre-
trained network like ResNet101 or VGG16 to directly extract 
node attributes from selected patches. However, these node 
representations failed to take into account the TME topology, 
which has been linked to cancer[3]. Thus, this research 
suggested a Tumour Micro-environment Interactions Guided 
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Graph Learning (TMEGL) approach for cancer prognosis 
prediction.  Three factors describe this study's key contribution: 

 We created TMEGL, a graph learning system for 
human cancer survival analysis, that combines tumor-
TME component interactions (lymphocytes and 
stromal fibrosis). 

 We developed a method for embedding graphs that 
keeps the spatial arrangement of tumor and TME 
elements out of the graph domain.  

 To predict WSI survival, we developed gated graph 
attention networks (GGATs).  

 While graph attention layers characterize node 
intersections, gated graph convolution layers update 
the node representation from nearby nodes of the same 
type. 

II. RELATED WORK 
A. Analyze WSIs based on Patch-level Annotation 

Pathologists were required to select multiple patches for patch-
level annotation approaches to indicate cancer aggressiveness 
for model training. Using selected patches from WSIs, the 
research has developed computational pipelines to extract hand-
crafted characteristics for diagnosis and prognosis. A number 
of patch-level methodologies have been incorporated into deep 
neural network frameworks as a result of deep learning's 
success. Zhu et al. proposed the first deep CNN model for 
predicting patient survival based on pathology age. A Delaunay 
triangulation network and a deep autoencoder were used by 
Cheng et al. to compare cell-cell interactions in patients with 
low and high survival risk and learn cell representation from 
extracted patches. Since there aren't enough annotated patches 
to train a robust deep learning model, some patch-based 
methods also used data augmentation or transfer learning to 
improve human cancer prediction[4]. 

B. Analyze WSIs based on WSI-level Annotation 
WSI-level methods only use WSI annotations to analyze 
abnormal images, whereas patch-level algorithms require 
extensive pathologist annotation. The multi instance learning 
(MIL) framework, which treats WSIs as bags and instances as 
patches sampled from them, is utilized by the majority of WSI-
level approaches. Global pooling techniques for patch-based 
instances that effectively aggregate patch-level data to WSI-
level representations were developed as part of the study. For 
WSI classification, Li et al. presented a dual stream multiple 
instance learning network, and Chen et al. presented a 
Transformer-based method for location-based analysis of 
human cancer survival. In addition to the MIL framework, some 
studies used the spatial structure of extracted patches and the 
graph convolutional network (GCN) to predict cancer patient 
outcomes. Pre-trained networks or information about the graph 
structure were used in these graph learning methods to represent 
nodes, which limited their ability to reveal the topological 
architecture of the cancer microenvironment for survival 
prediction[5]. 

III. METHOD 
Our four-step technique design is depicted in Fig. 1. As nodes, 
we initially constructed a graph by extracting tumor, 
lymphocyte, and stromal fibrosis image patches from each WSI. 

We then examined each node's TME structure and created a 
TME neighbourhood organization guided graph embedding 
technique to learn node representations.  Utilizing learned node 
embeddings, the gated graph attention net (GGAT) depicts 
intersections of tumor-TME components. Finally, survival is 
predicted by the Cox model[6]. 

 
Figure 1. The suggested technique TMEGL flowchart For 
graphing, lymphocyte, tumour, and stromal patches are 

isolated from the whole-slide pathological picture.  Second, 
retrieved patches are used to teach a cancer micro-

environment organization-guided network embedding method 
node representations. Third, we model node type intersections 

using a gated graph attention network.  Finally, survival is 
predicted by the Cox model. 

A. WSI Pre-processing and Graph Construction 
All gathered WSIs are big (e.g., 100Kx100K pixels).  To begin, 
we split it into 512x512 non-overlap patches.  Since the created 
patches may not contain sufficient tissues, we selected patches 
with image densities greater than 0.7 for further investigation. 
Picture density is calculated here as the proportion of pixels in 
that area that are not white (at least one red, green, and blue 
value is below 200 in 24 bit RGB color space). Using the 
annotated dataset from, we then trained a U-net++ network to 
semantically divide the lymphocyte, stromal, and tumor areas 
in each patch. The tissue segmentation model's ability to 
achieve a dice ratio of 0.858, as demonstrated by our 
investigation and testing, calls for further investigation[7]. We 
estimated the cancer, lymphocyte, and stromal area ratios for 
each valid patch at the pixel level, then selected the 300 patches 
with the highest ratios for each patch type. We made a graph for 
each WSI from patches of the tumor, lymphocyte, and stroma. 
We regarded patches as nodes and used the K-closest 
Neighbours (KNN) technique to form the graph by computing 
Euclidean distances between pairs of patches with 50 closest 
neighbours per node[8]. 

B. TME Neighborhood Organization Guided Graph 
Embedding for Nodes Representations 

The majority of studies used pre-trained networks like ResNet-
101 and VGG-16 to represent the node in the graph of each 
patch. Based on the organization of the tumor micro-
environment (TME), which is known to influence cancer 
growth in humans, these feature extraction algorithms are 
unable to measure node similarity. A cancer zone surrounded 
by tumor-infiltration lymphocytes will have a better probability 
of presenting an immune response to inhibit tumour growth, 
therefore its representation should vary from ordinary tumour 
patches[9].  Because stromal tissues are immunosuppressive 
during cancer growth, two lymphocyte patches surrounded by 
stromal fibrosis should have identical representations in another 
scenario. We presented a neighbourhood organization driven 
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graph embedding method to learn the unique representation of 
each node type in TME in order to maintain topological 
similarity. Lymphocytes and stromal nodes can be easily 
included in this graph embedding technique that was 
demonstrated on cancer nodes (Fig. 2). Let vM 1, vM 2,..., vM 
300 represent the 300 tumor nodes in WSI's graph G. We looked 
for similarities between their TME neighborhood 
organizations[10]. This is vM_i$'s TME organization with k-
hop: 

 
(NM i)k, (NL i)k, and (NR i)k are the proportions of TME 
components that can characterize the topological organization 
of vM i, and (Ni)k is the number of nodes k-hop away. (qM i)k 
is the number of tumor, lymphocyte, and stromal nodes in the 
k-hop neighborhood of xM i. To characterize TME spatial 
structure at a variety of distance levels, we used TME 
neighbourhood information from 1-, 2-, and 3-hop hop ranges 
to represent each node in this study: 

 
The tumor nodes vM i and vM j's TME organization similarity 
can then be calculated: 

 
Based on pairwise similarity, we clustered all tumour nodes into 
B groups using the spectral clustering technique.  The t-th 
group's components include: 

 
where PM t is a cardinal. The sample in the -th group with the 
highest average similarity to PM t samples is the centroid 
nodePM tc. The intra-group similarity vector (So t)tra∈R|PM t 
|−1 was determined using clustering findings.  It might compare 
the neighborhood arrangement of the centroid node to the other 
components of PM t: 

 
The vector is normalized using the norm(.) operation to ensure 
that its total is 1. We also calculated centroid node similarities 
to determine inter-group similarity among generated B 
groupings.  The following is the definition of the intergroup 
similarity vector for the t-th group (So t) terRB1: 

 
The embedding network was used to calculate the tumor nodes' 
intra- and inter-group similarity (Se t)tra and ter) based on the 
graph domain clustering results (Eq. (4)).  Kullback–Leibler 
(KL) divergence on Bgroups is the goal loss function: to train 
node embeddings that retain the graph-retrieved TME 
organization similarity, 

 
We optimise the aim in Eq. (7) to get TME organization 
embeddings, preserving intra-group and inter-group similarity 
information.  The regularisation value λ may be adjusted using 
cross validation.  The TME neighbourhood organisation guided 
graph embedding technique may also create representations for 
additional nodes. 

 
Figure 2. Proposed TMENeighborhood Organization Scheme 

with Guided Graph Embedment on Tumour Nodes 
C. Gated Graph Attention Networks for Survival 

Analysis of Human Cancers 
Similar TME components interact with one another to change 
their status [12]. Cancer prognosis depends heavily on TME 
component interactions.  In light of this, we propose a Gated 
Graph Attention Network with GGC and GAT layers to record 
TME component interactions[11]. 
 given patches for each WSI-based graph G's vertices. The 
Tumor, Lymphocytes, and Stromal sub-graphs of G are 
represented by GM, GL, and GR. Gated Graph Convolution 
Layer updates node representations from nearby nodes of the 
same type using learned node embeddings dw i Rd(i = 
1,2,...300) in each sub-graph. All of the nodes in Gw(w in 
M,L,R) are of the same type. 

 
(hw i)0  R2d is initialized according to Eq.(8) by copying node 
embeddings into its first components and padding the rest with 
zeros. Using information from nearby nodes j  N(i) with weight 
uij and the previous step, the subsequent GRU-like updates 
update nodes i. The GAT layer for node interaction follows 
next. GAT layer inputs are H = [HM,HL,HR] ∈ Rd×900, 
whereas Hw = [hw 1,hw 2,...,hw 300] ∈ Rd× 300, w ∈ {M,L,R} 
represents output characteristics for each node type following 
GGC layer.  Using the linear transform matrix T  Rdd′ and 
(Hw)′  Rd′ 300, w  M,L,R, the GAT layer generates new node 
features H ′ = [(HM)′, (HL)′, (HR)′]. The normalised attention 
coefficients between nodes i with type w and node j with type z 
are calculated using a shared attention mechanism Rd′ × Rd′ → 
R: 
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Using Softmax, GAT normalizes the values of node j eij: 

 
Where Ni is the neighbors of node i. The output characteristic 
of each node after the GAT layer is: 

 
Eq. (11) states that while the GGC layer transfers information 
between nodes of the same type, the GAT layer records 
interactions between distinct nodes. We utilized SAGPooL to 
identify the highest s(s in [0,100]) percentage of nodes with 
high attention ratings in order to avoid overfitting and identify 
survival-related interactions of TME components[12]. The last 
layer of GAT uses a global attention pooling approach to 
combine node characteristics into WSI-level features for 
survival analysis.  In this study, we analyzed human cancer 
survival using the widely used Cox proportional hazard model. 
Performance of the survival analysis model is measured by the 
AUC and the Concordance Index (CI). Higher CI and AUC 
values (0–1) are associated with improved prognoses[13]. 

D. Time Complexity Analysis 
Three components dominate TMEGL complexity if a graph has 
n nodes for each node type.  The difficulty of calculating node 
sim ilarity within one node type is O(n2d), where d is the 
embedding dimension.  Second, the spectral clustering 
technique for grouping nodes into $g$ clusters is $O(n^3)$ 
difficult.  Finally, we use O(g2) to calculate similarities 
between groups. O(n2d+n3 + g2) is the TMEGL's temporal 
complexity. Despite the difficulty of spectral clustering, we set 
n to 300 in order to optimize computations[14].. 

IV. EXPERIMENTAL RESULTS 
A. Dataset 

The Cancer Genome Atlas (TCGA) cohorts BRCA, KIRC, and 
LUSC were used for our investigations.  The demographics of 
these three cancer cohorts are shown in Table 1: 

Table 1. Clinical and demographic data. 
Datase
t 

Patie
nt 
Coun
t 

Mean 
Age 
(Year
s) 

Follow-
up 
Time 
(Month
s) 

Censore
d 

Non-
censore
d 

KIRCU
S 

690 54.6 25.3 627 63 

BRCA 511 66.17 31.8 340 171 
Dataset 
3 

472 59.20 36.1 270 202 

B. Experimental Settings 
For each cancer cohort, method performance is evaluated using 
5-fold cross validation. Validation samples for parameter 
adjustment are randomly picked from the training dataset at 
25%.  Pre-trained ResNet-101 is used to extract node features 
and feed them into the embedding network to create 128-
dimensional node embeddings for the graph embedding method 

described in Section 3.2. The embedding network is made up of 
two completely linked, 512- and 128-dimensional layers. 
Equation (7) demonstrates that we use the spectral clustering 
method to divide the nodes into B = 4 groups and adjust the 
regularization value from 1 to 1e5 in order to balance the 
similarities between and within the groups[15]. Gated Graph 
Attention Networks with three GAT, three GGC, and two graph 
pooling layers are suggested in Section 3.3. Each of the three 
GAT layers has 128 dimensions and 1–6 recurring steps. 
Additionally, each SAGPool layer has 0.3 to 1 saved nodes.  
Finally, we experimentally establish 200 epochs and tweak the 
learning rate from 1e-8 to 1e-2. 

C. Comparison of TMEGL with Other Survival 
Analysis Models 

Using CI and AUC from Section 3.4, TMEGL was then 
compared to the following WSI-based survival analysis models. 
1) To predict WSI, the ensemble model WSISA combines 
patch-level deep survival analysis models. A deep multiple 
instance learning model called DeepAttnMISL teaches 
gigapixel WSI survival patterns directly. 3) DeepGraphSurv: 
Attention-learning graph convolutional neural network for WSI 
survival prediction using topological properties.  4) MCAT: 
Transformer-based survival prediction utilising WSIs and 
location information.  5) Patch GCN is a context-aware graph 
convolutional network that learns WSI global representations 
by collecting instance-level histological features in a 
hierarchical fashion. 6) Clu Siam: WSI survival prediction 
using self-supervised learning (SSL) representation learning.  7) 
HGSurvNet: A hyper-graph-based WSI survival prediction 
system and Co-Pilot: a dynamic point-cloud-based WSI 
representation for cancer survival prediction[16] In terms of 
predictive power, graph-based deep learning methods like 
DeepGraphSurv, Patch-GCN, TMEGL, andHGSurvNet 
outperform multi-instance learning algorithms like WSISA and 
DeepAttnMISL, as shown in Table 2. This is due to the fact that 
GCN-based methods combine the topological structure of WSI. 
Second, our suggested TMEGL can get CI values of 0.719, 
0.697, and 0.695 and AUC values of 0.750, 0.716, and 0.736 on 
BRCA, KIRC, and LUSC populations.  Comparing graph 
learning methods with SOTA WSI-based representation 
learning algorithms (CluSiam and Co-Pilot) yields significantly 
inferior results. This is because the proposed TMEGL might 
take into account the topological arrangement of TMEs, which 
has been linked to the development of cancer. 

Table2. TMEGL and By CI and AUC (with standard 
deviations), additional models 

Method BRC
A CI 

BRC
A 
AUC 

KIR
C CI 

KIR
C 
AU
C 

LUS
C CI 

LUS
C 
AU
C 

WSISA [43] 0.62
1 
(0.02
) 

0.59
0 
(0.05
) 

0.57
8 
(0.0
4) 

0.60
7 
(0.0
5) 

0.57
7 
(0.0
4) 

0.58
7 
(0.0
5) 

DeepAttnM
ISL [40] 

0.61
7 

0.63
7 

0.62
9 

0.65
4 

0.65
4 

0.67
7 
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(0.05
) 

(0.04
) 

(0.0
5) 

(0.0
3) 

(0.0
4) 

(0.0
3) 

MCAT [5] 0.63
8 
(0.05
) 

0.65
1 
(0.04
) 

0.63
1 
(0.0
5) 

0.65
9 
(0.0
5) 

0.64
3 
(0.0
5) 

0.67
9 
(0.0
5) 

DeepGraph
Surv [18] 

0.65
3 
(0.04
) 

0.66
5 
(0.06
) 

0.64
9 
(0.0
4) 

0.67
1 
(0.0
4) 

0.65
1 
(0.0
4) 

0.68
3 
(0.0
3) 

Patch-GCN 
[4] 

0.66
4 
(0.04
) 

0.67
1 
(0.03
) 

0.66
2 
(0.0
3) 

0.68
6 
(0.0
3) 

0.64
8 
(0.0
5) 

0.68
7 
(0.0
4) 

CluSiam 
[36] 

0.64
4 
(0.07
) 

0.63
9 
(0.05
) 

0.66
7 
(0.0
4) 

0.69
1 
(0.0
2) 

0.65
1 
(0.0
4) 

0.67
1 
(0.0
3) 

Co-Pilot 
[25] 

0.65
7 
(0.03
) 

0.67
2 
(0.03
) 

0.63
9 
(0.0
5) 

0.66
1 
(0.0
3) 

0.67
4 
(0.0
3) 

0.69
1 
(0.0
3) 

TMEGL 0.71
9 
(0.03
) 

0.75
0 
(0.03
) 

0.69
7 
(0.0
3) 

0.71
6 
(0.0
3) 

0.69
5 
(0.0
4) 

0.73
6 
(0.0
4) 

HGSurvNet 
[8] 

0.67
1 
(0.04
) 

0.68
1 
(0.05
) 

0.65
9 
(0.0
4) 

0.68
1 
(0.0
4) 

0.70
1 
(0.0
3) 

N/A 

D. Comparison of TMEGL with Other Methods for 
Patient Stratification 

The subgrouping of patients for individualized treatment is yet 
another crucial obstacle in human cancer survival analysis. The 
retrieved WSI-level characteristics of the patients in the test set 
were divided into two groups using the K-means clustering 
method in this study. The log-rank test is used to see if these 
two groups have significant clinical outcomes. As various 
methods demonstrate in Fig. 3, a lower log-rank test p-value 
indicates better prognosis prediction. On BRCA, KIRC, and 
LUSC datasets, our TMEGL outperforms HGSurvNet and Co-
Pilot with p-values of 3.32e2, 2.01e2, and 3.01e3 (Fig. 3). These 
data once more demonstrate the advantages of our TMEGL 
method. 

 

Figure3. Methods' Stratification Performance Comparison 
E. The Difference of the Interactions Between High 

and Low survival Risk Patients 
Graph pooling was used to examine the percentage of survival-
associated connections linking various organs for stratified 
individuals on different survival groups in Fig.3.  The majority 
of the BRCA cohort's survival-associated edges are connected 
to lymphocyte-tumor (L-T) interactions in WSIs, as depicted in 
Fig.4(a). Furthermore, the low-risk group has more edges 
connecting lymphocytes and tumor regions than the high-risk 
group, indicating that the immune system is able to control 
tumor growth and reduce survival risks. We also discovered that 
high-survival risk groups had larger Stromal-Tumor(S-T) 
interaction ratios than low-survival risk groups.Such findings 
are consistent with the understanding that rich tumor-stromal 
fibrosis connections increase tumour invasion and metasis, 
increasing survival risk[17]. 
 We also showed the tumour, lymphocytes, and stromal patches 
and their boundaries in Fig.4(b). GAT-weighted edges are 
depicted by the thick black lines. Fig. 4(b) demonstrates that 
patients with a low survival risk (long survival time) have a 
higher lymphocyte density than patients with a high survival 
risk (short survival time), who have more cancer areas. 
According to these findings, lymphocyte density and patient 
survival are related. As demonstrated in Fig.4(b), patients in the 
low-survivalrisk group have more edges linking tumour and 
TIL areas, whereas those in the high-survivalrisk group have 
more tumor-stromal connections.  The proposed TMEGL's 
strong explainability for studying TME component associations 
on the survival prediction task is supported by these findings, 
which are shown in Fig. 4(a). 

 
Figure4. (a): Cross-type patch interactions. Thick dark lines 
indicate graph Attention Network edges with higher weights. 

(b) Different TME component edge proportions. 
F. Ablation Study 

In order to evaluate TMEGL's performance, its variations were 
compared to the average Concordance Index (CI) value in the 
five-fold cross validation. 1) Survival prediction was made 
directly using gated graph attention networks without the need 
for graph embedding. TMEGL-DW trained survival prediction 
node embeddings using Deepwalk. TMEGL-GAT: used the 
GAT directly to record node interactions regardless of edge 
type. TMEGL-N1 and N2 consider 1-hop and 2-hop 
neighbourhood organization for the graph-embedding 
procedure. TMEGL-G2 and TMEGL-G5: To compute intra-
group and inter-group similarity for graph embedding learning, 
each kind of node is grouped into B = 2 and B = 5 groups.  6) 
TMEGL-Inter and TMEGL-Intra: Using only intra- or inter-
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group similarity to learn node embeddings Table 3 contains the 
results of the experiment. According to Table 3, the TME 
neighborhood organization guided graph embedding method 
that has been proposed performs better than TMEGL-NE and 
TMEGL-DW[18]. TMEGL also outperforms TMEGL-GAT, 
suggesting that considering edges with similar or different 
nodes might improve prognosis.Since it characterises the TME 
structure across a greater hop range, TMEGL is more 
prognostic than TMEGL-N1 and N2. Next, if the group number 
is low (TMEGL-G2) for learning graph embeddings, the 
TMEGL prognosis results will be significantly reduced. Our 
findings will remain constant as group size increases (TMEGL-
G5) because the tiny group number may not reflect the 
commonalities between and within the groups on the graph. 
Last but not least, TMEGL outperformed TMEGL-Intra and 
TMEGL-Inter, indicating that learning node embeddings using 
information about similarity between and within groups can 
improve prognoses. 

Table3. TMEGL and variations in CI measurement 
comparison. 

Method BRCA KIRC LUSC 
TMEGL 0.719 0.697 0.695 
TMEGL-NE 0.609 0.629 0.618 
TMEGL-DW 0.658 0.631 0.621 
TMEGL-GAT 0.662 0.630 0.633 
TMEGL-N1 0.644 0.641 0.634 
TMEGL-N2 0.671 0.663 0.657 
TMEGL-G2 0.643 0.633 0.641 
TMEGL-G5 0.694 0.680 0.681 
TMEGL-Intra 0.676 0.636 0.641 
TMEGL-Inter 0.668 0.623 0.646 

V. CONCLUSION 
TMEGL is a unique WSI-based survival prediction model for 
human cancer prognosis.  To our knowledge, TMEGL is the 
first prospective research to predict patient outcomes using 
tumor-TME interactions.  Experiments also demonstrate that 
the proposed strategy works. In conclusion, TMEGL is a WSI-
based generic graph learning framework that enables 
individualized treatment by predicting cancer survival and 
explaining tumor growth. With less annotated data for pre-
selecting key WSI patches, we propose constructing an accurate 
segmentation model through active learning and semi-
supervised learning. 
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