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Abstract

The immune repertoire is a collection of immune receptors
that has emerged as an important biomarker for both diagnos-
tic and therapeutic of cancer patients. In terms of deep learn-
ing, analyzing immune repertoire is a challenging multiple-
instance learning problem in which the immune repertoire of
an individual is a bag, and the immune receptor is an instance.
Although several deep learning methods for immune reper-
toire analysis are introduced, they consider the immune reper-
toire as a set-like structure that doesn’t take account of the
nature of the immune response. When the immune response
occurs, mutations are introduced to the immune receptor se-
quence sequentially to optimize the immune response against
the pathogens that enter our body. As a result, immune recep-
tors for the specific pathogen have the lineage of evolution;
thus, immune repertoire is better represented as a graph-like
structure. In this work, we present our novel method graph
representation of immune repertoire (GRIP), which analyzes
the immune repertoire as a hierarchical graph structure and
utilize the collection of graph neural network followed by
graph pooling and transformer to efficiently represents the
immune repertoire as an embedding vector. We show that
GRIP predict the survival probability of cancer patients bet-
ter than the set-based methods and graph-based structure is
critical for performance. Also, GRIP provides interpretable
results, which prove that GRIP adequately use the prognosis-
related immune receptor and give further possibility to use
the GRIP as the novel biomarker searching tool.

Introduction
The importance of the immune system in tumor studies is
increasing because of the emerging next-generation cancer
therapies that directly target immune cells or utilize them as
mediators (Thorsson et al. 2018). The immune receptor is a
protein that expressed on the surface of immune cell to rec-
ognize the disease agents or pathogens entered our body. It
consists of a amino acid sequence that typically 300 long
and is important for the immune response (Slamon et al.
2011). In case of tumor, tumor cells are pathogens in our
body that immune cells recognize and attempt to defeat by
infiltrating the tumor mass. Owing to the importance and
utility of immune receptors, several deep learning methods
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have been developed to predict the properties of individ-
ual immune receptor such as their binding ability with spe-
cific pathogens, protein structure, and the cancer relatedness
of immune receptor (Beshnova et al. 2020; Davidsen et al.
2019; Jin et al. 2021; Mason et al. 2021)

Still, a method for analyzing the immune repertoire, a col-
lection of immune receptors, is necessary. The role of im-
mune receptors during the immune response can be better
understood by investigating the immune repertoire. The im-
mune repertoire shows the systematic immune status of an
individual through the chronological history of the immune
receptor. Thus, we can understand which immune status that
immune receptor is in during the immune response. How-
ever, analyzing the immune repertoire is a challenging mul-
tiple instance learning (MIL) problem. Although immune
repertoire consists of few thousands to millions of immune
receptors, few subsets of immune receptor is relevant to the
specific disease. Thus, to diagnosis a disease based on im-
mune repertoire, the model needs to detect the few subset
of immune receptor from immune repertoire (Emerson et al.
2017; Mora and Walczak 2019). In addition, even if the im-
mune repertoire datasets of certain disease are collated, it is
difficult to recognize shared immune receptors because each
individual has a unique pathogen exposure history (Greiff
et al. 2017). Previous deep learning methods attempted to
solve the challenging problem of set-based MIL methods,
which consider each immune receptor as an unordered (per-
mutation invariant) dataset. All the extant methodologies,
such as k-mer-based feature count or LSTM-like feature ex-
traction combined with an attention-based module, consider
the immune repertoire as a set (Figure 1a-b).

However, the immune repertoire is not a set-like data
structure. Rather, inside the body, it forms a graph-like
structure to defeat pathogens (Bashford-Rogers et al. 2013;
Hozumi and Tonegawa 1976; Wu et al. 2015). Two types
of immune receptors originate from T cells (T cell receptor,
TCR) and B cells (B cell receptor, BCR). The BCR forms
a more dynamic graph-like structure during the immune
response. When B cells, at their pathogen-unexperienced
state, encounter the pathogens that enter the body, they un-
dergo proliferation and differentiation to optimize the BCR
for the specific pathogens. The B cells introduce the mu-
tations within the BCR (somatic hyper mutation, SHM) and
change their isotype to efficiently defeat the pathogens (class
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switching recombination, CSR). The immune response is se-
quentially and gradually optimizes the BCR. We can recon-
struct the graph-like lineage of the BCR named subclone
retrospectively by comparing the amino acid sequence of
the BCR (Figure 1c). Thus, the immune repertoire is not
a set-like structure, but more similar to a graph-like struc-
ture with multiple lineages of BCR that react to pathogens
in the body. Therefore, we need a framework that considers
the graph property of immune repertoire data and analyzes
the immune receptor sequence within them.

In this work, we introduced a framework that considers
the graph-like properties of immune response within the
deep learning framework. Graph neural network (GNN) has
been widely used for representing biomedical data including
protein, molecules, and drugs (Xu et al. 2020; Huang et al.
2020; Liu et al. 2020). We considered the immune repertoire
data as a hierarchical graph structure and utilized a graph
pooling strategy to efficiently analyze the immune recep-
tor within the subclone. Specifically, we proposed a graph-
based MIL model that maximizes the express power of GNN
combined with a transformer model. The specific contribu-
tions of this study are as follows:

• We introduced a framework to represent the immune
repertoire as a hierarchical graph structure, which reflect
the subclone and repertoire-level immune response in im-
mune system.

• We proposed the graph representation learning of the im-
mune repertoire (GRIP). GRIP is a cascaded graph neural
network (GNN) that combined with graph pooling and
transformer to learn the subclone-level and repertoire-
level immune response within an immune repertoire.

• We demonstrated that GRIP predicts the survival prob-
ability of tumor patients using the immune repertoire
of tumor tissue and yield interpretable results using in-
tegrated gradients (IG) method. This proved that GRIP
leverages the proposed graph structure of immune reper-
toires.

Related Works
MIL for Immune Repertoire Analysis
Immune repertoire analysis is considered an MIL problem
in several previous methods. DeepTCR introduced CNN and
attention-module-based solution for TCR repertoire classifi-
cation (Sidhom et al. 2021). DeepRC (Widrich et al. 2020)
is a similar solution for immune repertoire classification.
It uses LSTM for sequence embedding and an attention-
module for set-level MIL. DeepRC showed comparable re-
sults in classifying the normal and virus-infected immune
repertoires. Additionally, a recent approach used the se-
quence embedding from a pre-trained antibody sequencing
embedding model, AntiBERTa (Leem et al. 2022). They
used the sequence features from AntiBERTa as the start-
ing material. Subsequently, they conducted MIL using MLP,
which revealed the proliferation characteristics of the im-
mune repertoire through unsupervised clustering (Ruffolo,
Gray, and Sulam 2021). Other approaches using k-mer mo-
tifs have also been introduced. However, these methods

are limited in their ability to represent sequence features
(Katayama and Kobayashi 2022). To the best of our knowl-
edge, there are no other approaches that represent the im-
mune repertoire as a graph and adapt a GNN for immune
repertoire analysis.

Graph-Based Analysis of the Immune Repertoire
The advantages of representing the immune repertoire as a
graph have already been established in previous studies. Par-
ticularly, the graph characteristics of the immune repertoire
help stratify the patients’ risk status against tumors. Previ-
ous researchers have used the statistical graph characteris-
tics (e.g., Shannon’s entropy and evenness of graph) that
demonstrated how strongly immune cells are differentiated,
as well as the existence of certain major immune receptors
(Yu et al. 2022). It is well known that the properties of the
immune repertoire and prognosis of multiple tumor types,
such as melanoma, bladder, kidney, and lung tumors, are
related (Bolotin et al. 2017; Ferrall-Fairbanks et al. 2022;
Harris et al. 2021; Isaeva et al. 2019; Petitprez et al. 2020;
Zhan et al. 2022). In addition to its use for cancer progno-
sis, the graph characteristics of the immune repertoire help
to classify the immune cell type and virus infection status
(Miho et al. 2019; Pogorelyy et al. 2019). However, in all
these studies, although the statistical graph characteristics
were considered, the sequence-level features were not con-
sidered with them.

Graph-Based MIL
Although the graph-based MIL was not formally used term,
a GNN naturally fell into the semi-supervised learning or
graph-based MIL when we attempted to predict the graph-
level features using the node and edge-level features of
graph (Pal et al. 2022; Tu et al. 2019; Wu et al. 2022). The
set-based MIL methods, such as DeepSet and AttentionMIL,
are extensively studied in the computational pathology field
where the giga-pixel whole slide image is used to predict the
patient-level labels (Ilse, Tomczak, and Welling 2018; Li,
Li, and Eliceiri 2021; Shao et al. 2021; Sharma et al. 2021;
Yao et al. 2020; Zaheer et al. 2017). The recently introduced
transformer is a powerful set-MIL model when it does not
include the positional encoding which demonstrated in Set
Transformer (Lee et al. 2019). The difference between set-
based MIL and graph-based MIL is the inductive bias intro-
duced to the instance that used for message-passing during
training. Therefore, if this inductive bias is helpful to the
learning objective, graph-based MIL could be more power-
ful than set-based MIL. However, if it is not, the overall per-
formance may be jeopardized. To compensate for this dif-
ficulty, we used a recently introduced GNN integrated with
a transformer to maximize the express power of the GNN
(Rampášek et al. 2022; Wu et al. 2021).

Methodology
Problem Formation
We regarded immune repertoire analysis as a graph-based
MIL problem. An input immune repertoire graph GIRR con-
sists of NIRR immune receptor i ∈ Rd as a node. The num-
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Figure 1: Overall schematic of graph representation of immune receptor repertoire (GRIP). a, Immune repertoire is a collection
of immune receptors which is an amino acid sequence. We used the pre-trained protein language model to convert the immune
receptor into an initial feature vector. b, Conventional set-level multiple instance learning (MIL) consider each immune receptor
as an unrelated, unordered set. c, Immune cells introduce mutation and change isotype in immune receptor when proliferating
to defeat the pathogens as the immune response and this is the lineage of immune receptor. This lineage of an immune receptor
is better represented as graph. d, Structure of graph representation of immune repertoire (GRIP) that include cascaded graph
neural network with graph pooling and transformer. e, Survival analysis and sequence-level interpretation of the cancer patients
as an application of GRIP.

ber of immune receptors NIRR can vary between immune
repertoires. Let AIRR ∈ RNIRR×NIRR

be an adjacency matrix
describing the edge connection of the initial immune reper-
toire. The initial immune repertoire graph was pooled into
the subclone graph GSUB. The subclone graph GSUB is a bag
of NSUB subclone-level feature s ∈ Rc as a node instance.
Let ASUB ∈ RNSUB×NSUB

be an adjacency matrix describing
the edge connection of the subclones. The subclone feature
s is trained using the repertoire-level GNN gIRR followed by
mean-pooling based on the AIRR that determines the NSUB.
The immune repertoire representation vector V IRR ∈ RN

is obtained using the subclone-level GNN gSUB followed
by a subclone-level transformer. Overall, we attempted to
solve the graph-based MIL problem by learning a mapping
gIRR:GIRR→GSUB,gSUB:GSUB→VIRR where VIRR is used to
predict the graph-level label Y.

Overview
We represented the immune repertoire as a two different
level of graph which is repertoire-level graph and subclone-
level graph. We proposed GRIP, a cascaded GNN combined
with graph pooling and a transformer model to efficiently

represent the immune response within the immune repertoire
(Figure 1d). We attempted to predict the survival probability
of cancer patients using the GRIP (Figure 1e). We added an
interpretation module to analyze the systematic properties
of the immune repertoire and the immune sequences that are
important for patient prognosis. Using the interpretation re-
sults, we can suggest the immune receptor sequence that can
be target for the biomarker.

Graph Representation of the Immune Repertoire
Immune repertoire graph construction We constructed
a graph from an immune repertoire based on the differences
in the amino acids of two immune receptors. We defined
the distance between the immune receptors as the character-
level difference between two immune receptors and normal-
ized it based on each immune receptor’s length. An edge
was created between the two receptors when the normalized
distance is less than 0.5.

Immune receptor sequence and CSR embedding We
used the pre-trained protein-level BERT model (Prot-BERT)
to extract the initial embedding feature from each immune
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Tumor HNSC KIRP LIHC OV PAAD KIRC COAD LUSC LUAD BRCA SKCM BLCA ESCA READ THCA UCEC STAD

# Patients 358 130 165 286 127 351 326 372 409 806 364 249 147 124 258 203 295

Avg #nodes 395 227 90 466 435 207 254 926 804 312 334 222 802 263 535 35 1212

Avg #edges 7217 3993 399 6396 5067 1824 2074 16649 13464 3067 4087 1565 13191 3115 10698 53 24265

Avg Degree 29 35 8 27 23 17 16 35 33 19 24 14 32 23 39 2.98 40

Table 1: Statistics of immune repertoire datasets processed from 17 different tumor types of TCGA

Tumor HNSC KIRP LIHC OV PAAD KIRC COAD LUSC LUAD BRCA SKCM BLCA ESCA READ THCA UCEC STAD Total

Att MIL 0.655 0.765 0.554 0.618 0.669 0.693 0.721 0.571 0.628 0.689 0.569 0.656 0.625 0.729 0.593 0.716 0.614 0.651

(± SD) 0.015 0.016 0.018 0.009 0.018 0.010 0.025 0.016 0.017 0.014 0.020 0.013 0.014 0.017 0.021 0.020 0.010 0.015

DeepSet 0.653 0.670 0.514 0.540 0.659 0.688 0.673 0.581 0.661 0.726 0.698 0.552 0.612 0.772 0.610 0.731 0.624 0.645

(± SD) 0.018 0.021 0.023 0.019 0.016 0.030 0.008 0.015 0.024 0.019 0.016 0.023 0.011 0.018 0.021 0.022 0.021 0.020

Set Trans 0.665 0.734 0.708 0.610 0.658 0.718 0.740 0.619 0.651 0.735 0.713 0.657 0.613 0.784 0.622 0.806 0.653 0.687

(± SD) 0.010 0.015 0.009 0.009 0.011 0.012 0.010 0.008 0.004 0.009 0.010 0.006 0.011 0.010 0.015 0.013 0.012 0.011

DeepRC 0.626 0.762 0.608 0.535 0.662 0.716 0.659 0.608 0.651 0.757 0.717 0.548 0.600 0.750 0.547 0.731 0.622 0.653

(± SD) 0.021 0.024 0.023 0.021 0.023 0.012 0.014 0.019 0.017 0.019 0.016 0.014 0.019 0.023 0.017 0.008 0.025 0.018

GRIP 0.682 0.780 0.724 0.630 0.707 0.722 0.726 0.647 0.667 0.775 0.762 0.660 0.675 0.734 0.670 0.866 0.687 0.713

(± SD) 0.014 0.020 0.008 0.015 0.018 0.019 0.015 0.016 0.020 0.020 0.015 0.012 0.017 0.012 0.009 0.017 0.014 0.015

Table 2: Performance of GRIP compared with Set-based MIL method (Att MIL: Attention-MIL, Set Trans: Set Transformer)

receptor sequence and initialized the entire node feature us-
ing the last layer of the ProtBERT model (Elnaggar et al.
2021). We applied a cascaded 1D CNN, followed by two
layers of bidirectional GRU. We embedded the isotype of
BCR as the learnable features. We also calculated the num-
ber of each BCR sequence in the entire repertoire (fre-
quency). Overall, we concatenated the sequence-level fea-
ture, isotype feature, and frequency feature as the initial
node feature for immune repertoire graph. In addition, we
measured the isotype changing between the BCR and used
is as the CSR property. Concatenating with the normalized
amino acid difference feature and CSR feature, we used it as
the edge feature.

Subclone embedding by graph pooling The subsets of
immune receptors have very similar sequences, and these are
called subclones. Also, CSR feature in subclone is important
to represent the immune response. Through a graph pooling
strategy with CSR feature as an edge feature, we embedded
these subclone-level features efficiently. We treated the sub-
clone as the graph with a normalized distance of less than
0.2 between them. We used the three-layer GNN (repertoire
level GNN, gIRR) to embed the immune receptor and CSR
features of GIRR within the subclone and pooled the node
inside each subclone into a single node that represented the
subclone-level feature as graph GSUB. We used GINE as the

backbone model for gIRR (Hu et al. 2019).

Immune repertoire embedding After the subclone-level
embedding, we conducted the repertoire-level embedding
using the graph GSUB, which consisted of subclone-level em-
bedding nodes. To construct the graph from the subclone-
level embedding, we measured the cosine correlation be-
tween the each subclone using the sequence-level fea-
tures embedded through ProtBERT. We mean-pooled the
sequence-level feature from ProtBERT for each subclone.
When the cosine similarity of two subclones was over 0.9,
we created an adjacency matrix ASUB by connecting the
edge between the subclone-level nodes. We then conducted a
three-layer GNN gSUB to embed the repertoire features. We
concatenated the features from each GNN layer and used
them for the initial features of the transformers. We used a
two-layer transformer without positional encoding. We used
the additional ⟨CLS⟩ token that represents the entire reper-
toire as the result of the final transformer layer. Detailed de-
scription of model structure is included in the appendix.

Survival Analysis
Cox regression integrated with GRIP We used GRIP to
predict the survival probability (risk) of patients with cancer.
To efficiently predict the risk of each patient, we adapted
the survival analysis method of the Cox regression algo-
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Figure 2: Kaplan-Meier analysis for patient stratification comparison of GRIP and Set Transformer

rithm into the GNN (Katzman et al. 2018). Using the last
repertoire representation vector VIRR, we predicted the log-
likelihood of the Cox regression loss as follows:

L(β, V IRR) = −
∑
i∈U

(βTV IRR
i − log

∑
j∈ϕi

eβ
TV IRR

j )

where, β ∈ R denotes the weights of the last MLP layer, U
denotes the entire list of patients, and ϕ i denotes the list of
patients with shorter survival times than patient i. Moreover,
censored patients are usually not included into cox regres-
sion loss calculation which makes it impossible to maximize
the capability of entire datasets. We created an auxiliary loss
that predicted the event status of the patient, which, in turn,
used all the patients for training (Ren et al. 2019).

Interpretation To derive prognostic feature from the im-
mune repertoire, it is important to interpret the results of
GRIP. We adapted the IG method, which is known to be a
reliable interpretation method for GNN (Sanchez-Lengeling
et al. 2020; Sundararajan, Taly, and Yan 2017). In the sur-
vival analysis, the IG value of each node correlate with the
risk of each node feature to the patient survival probability.
Therefore, high and low IG values indicate high- and low-
risk features, respectively.

Experiments
Experimental Setup
Dataset collection We collected the bulk RNA-seq dataset
of 14 different tumor types from the cancer genome atlas
(TCGA) and extracted the immune receptor using TRUST,
an algorithm for extracting immune receptors from bulk
RNA-seq datasets (Song et al. 2021). Detailed dataset statis-
tics are included in Table 1 and appendix.

Dataset preprocessing We reconstructed the full-length
BCR sequence using the aligned V and J gene information
and the CDR3 sequence. We selected the immune receptor
sequences with at least a length of five amino acids as the
CDR3 sequence and immune repertoires that consisted of
at least ten different immune receptors. To establish the link
between the composition of immune cells within tumors, we
used the inferred immune cell portion from previous studies
a global feature (Li et al. 2020). In addition, the prognostic

power of immune receptors is strongly linked to DNA mu-
tation status. Therefore, we collected the mutation status of
30 representative oncogenes as one-hot vectors from TCGA
and embedded them in learnable global features (Gentles
et al. 2015). Detailed description of dataset preprocessing
is included in the appendix.

Baselines We selected set-based methods (Attention-MIL,
DeepSet, Set Transformer, and DeepRC) as the baseline for
immune repertoire analysis. DeepSet is the permutation-
invariant set-based deep learning method which is an ad-
equate baseline for set-based MIL. Furthermore, although
DeepRC uses the attention mechanism to solve the MIL
problem, it used rather simplified attention mechanism.
Therefore, we selected the Attention-MIL and Set Trans-
former model as an additional baseline for the advanced
MIL model to solve the sophisticated immune repertoire
datasets as MIL problem. We used the same optimized hy-
perparameter for all methods.

Implementation details We trained the GRIP using four
RTX 3090. The learning rate was 0.001 with a weight decay
and gradient clipping of 0.005, 1.0, respectively. We used
the polynomial decay learning rate scheduler with 20% of
warmup steps for the entire training period. We conducted
the hyperparameter screening and selected the hyperparam-
eter that yielded the best results as shown in Table 4.

Results
Performance Comparison
We compared the performance of GRIP with that of the
baseline method for 17 different tumor types and 4,970 pa-
tients. The comparison results of the patient risk prediction
are presented in Table 1. We measured the concordance in-
dex (C-index), which represents the accuracy of the survival
analysis task. The C-index measures whether the predicted
risks are ordered with respect to survival. For example, if
one sample is predicted to have a higher risk than the other
samples, the sample must have a shorter survival time. Thus,
a 1.0 C-index indicated that all the predicted risk values
were correctly ordered, according to the survival time of
each sample. GRIP outperformed the other set-based MIL
methods for 15 out of 17 tumor types. Overall, GRIP outper-
formed the DeepRC and Set Transformer by 6% and 3%,
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HNSC KIRP LIHC OV PAAD KIRC COAD LUAD BRCA SKCM BLCA ESCA READ THCA UCEC Total

GRIP (base) 0.682 0.780 0.716 0.630 0.707 0.722 0.726 0.667 0.775 0.762 0.660 0.675 0.734 0.670 0.866 0.718

w/o Graph pooling 0.630 0.731 0.700 0.588 0.685 0.721 0.731 0.677 0.768 0.741 0.639 0.661 0.747 0.671 0.842 0.702

w/o Repertoire GNN 0.675 0.743 0.708 0.611 0.679 0.736 0.714 0.638 0.772 0.743 0.615 0.653 0.743 0.622 0.832 0.699

w/o Subclone GNN 0.668 0.751 0.716 0.628 0.683 0.722 0.708 0.657 0.781 0.751 0.646 0.671 0.751 0.657 0.857 0.710

w/o Transformer 0.633 0.761 0.714 0.616 0.679 0.726 0.720 0.645 0.753 0.761 0.652 0.635 0.761 0.641 0.844 0.703

Table 3: Ablation study of each structural component of GRIP

Hyperparameter Search space Selected value

Repertoire GNN layer 1,2,3 3

Repertoire pooling threshold 0.1, 0.2, 0.3 0.2

Subclone GNN layer 1,2,3 3

Subclone pooling threshold 0.75, 0.85, 0.9 0.9

Transformer layer 1,2,3 2

Batch size 4,8,12 8

Weight decay 0.1, 0.01, 0.001 0.001

Learning rate 1e-2, 1e-3, 1e-4 1.00E-03

Table 4: Hyperparameter screening results

respectively. In addition to the C-index, we also measured
how those methods well stratify the at-risk patient group
into high- or low-risk. For that, we divided the patients into
high- and low-risk group that each patient group has higher
and lower predicted risk value than the median predicted
risk value of entire patients. We plotted the results of the
Kaplan-Meier analysis, which showed the patient survival
rate over the entire timeline. We measured the area under
the plot (AUP), which quantifies the difference between the
high- and low-risk patient groups and the p-value using the
paired ranked t-test. The higher AUP and lower p-value indi-
cates the statistically well stratified risk group. As shown in
Figure. 2, GRIP stratified the patients into high- and low-risk
group more accurately than the Set Transformer in terms of
both both AUP and p-value. More results of patient stratifi-
cation performance are included in the appendix.

Ablation Study
Through ablation studies, we evaluated the effectiveness
of repertoire- and subclone-level GNN, graph-pooling and
transformer modules. The experimental results are listed in
Table 3. The repertoire-level GNN considered the graph of
sequence in the subclone that share most of the sequences
but have minor differences in the mutated sequences. Fur-
thermore, although they share the similar sequences, they
could have the different isotypes indicating an status of im-
mune response. If we can pool the sequence consisting of
subclones into a single subclone feature vector, we can ef-

ficiently process the following subclone-level learning. As
expected, the repertoire GNN critically affected the perfor-
mance and although graph pooling did not significantly af-
fect the performance, we achieved comparable results with
an 30% decrease in the number of nodes for subclone-level
processing. Unlike the repertoire-level GNN, the sub-clone-
level GNN considered the interaction between the subclone
which is the overall immune status of an individual. We ex-
pected that the subclone-level GNN introduce the induc-
tive bias that helps the model to better represent the im-
mune repertoire than the set-based method that considers the
whole pair of subclone independently. As expected, both the
subclone GNN and transformer module affected the perfor-
mance of GRIP, which implied that the subclone-level in-
ductive bias we introduced through GNN provided helpful
features to learn the immune response.

Visualization and Interpretation
Immune Repertoire Interpretation Based on IG
Using the IG method we measured the node-level IG score
and used the mean of the entire node-level IG as the
repertoire-level IG score. Also, we can obtain the attention
value from the last layer of transformer module. The IG-
value and attention value was used for the instance-level
interpretation. We visualize the immune repertoire and col-
ored the IG value as the node color. We defined the high/low
IG subclone as a subgraph of nodes that shared the simi-
lar high/low IG. We observed different amino properties be-
tween the high/low IG subclone (Figure 3a, appendix). Al-
though GRIP and Set Transformer use the transformer mod-
ule as the last layer, Set Transformer can’t consider the re-
lationship between the immune receptor; class switching re-
combination (CSR). The CSR is the part of the immune re-
sponse, which process of BCR optimization to better detect
the pathogen that enters the body. To demonstrate the differ-
ence between the GRIP and Set Transformer, we first mea-
sured the attention value of each subclone and observed at-
tention value of GRIP is sparser and more selective than Set
Transformer (Figure 3b). Although further experiments are
required, we speculate that GNN act as the low pass filter
prior to the transformer module in GRIP thus transformer
more easily identify the important features within immune
repertoire. Also, we measure the portion of CSR in high/low
IG group from GRIP and Set Transformer. In melanoma,
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Figure 3: Visualization of immune repertoire and the comparison of GRIP and Set Transformer. a, Visualization of immune
repertoire as graph. Node-color indicate the IG value. Red indicates higher IG value which more correlated with the high risk.
b, Comparison of attention value for each node between the GRIP and Set Transformer. c, Comparison of immune receptor
properties between the high and low IG group of GRIP and Set Transformer.

G3 → G1 CSR is known to favorable prognosis marker for
cancer patients (Petitprez et al. 2020). As expected, GRIP
captures the appropriate CSR property that Set Transformer
cannot consider. We found high IG group shows less G3 →
G1 CSR than low IG group in GRIP (Figure 3c). The G3
→ G1 CSR is related to the mutation introduced in BCR se-
quence during B cell proliferation and active communication
of other immune cells within tumor that helps to defeat the
tumor cells (Hu et al. 2019). These were revealed through a
statistical approach from previous studies. However, this is
the first attempt to elucidate such results using deep learn-
ing. More results of high/low IG groups are included in the
appendix.

Conclusion
In this study, we developed GRIP, a novel method that repre-
sent the immune repertoire as a graph to better represent the
immune response of the immune system. We introduced an
immune repertoire graph construction method based on the
sequence and feature similarities of each receptor and sub-

clone. In addition, we introduced a cascaded GNN model
structure followed by the graph pooling and a transformer,
which is an optimized model structure for analyzing the im-
mune repertoire. We validated the performance of GRIP for
the survival analysis of 5,000 number of cancer patients.
It outperformed the set-based method and we showed that
GRIP consider the relationship between the immune cell re-
ceptor better than the set-based method using the interpre-
tation module. Therefore, GRIP is the ideal method to con-
sider both network structure and immune receptor sequence
and to elucidate the connection between the network struc-
ture and immune receptor for immune response. In the fu-
ture, we will further demonstrate the mechanism of GRIP
that is different from the set-based method more thoroughly.
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Rampášek, L.; Galkin, M.; Dwivedi, V. P.; Luu, A. T.;
Wolf, G.; and Beaini, D. 2022. Recipe for a General,
Powerful, Scalable Graph Transformer. arXiv preprint
arXiv:2205.12454.
Ren, K.; Qin, J.; Zheng, L.; Yang, Z.; Zhang, W.; Qiu, L.;
and Yu, Y. 2019. Deep recurrent survival analysis. In Pro-
ceedings of the AAAI Conference on Artificial Intelligence,
volume 33, 4798–4805.
Ruffolo, J. A.; Gray, J. J.; and Sulam, J. 2021. Deci-
phering antibody affinity maturation with language mod-
els and weakly supervised learning. arXiv preprint
arXiv:2112.07782.
Sanchez-Lengeling, B.; Wei, J.; Lee, B.; Reif, E.; Wang, P.;
Qian, W.; McCloskey, K.; Colwell, L.; and Wiltschko, A.
2020. Evaluating attribution for graph neural networks. Ad-
vances in neural information processing systems, 33: 5898–
5910.
Shao, Z.; Bian, H.; Chen, Y.; Wang, Y.; Zhang, J.; Ji, X.;
et al. 2021. Transmil: Transformer based correlated multi-
ple instance learning for whole slide image classification.
Advances in Neural Information Processing Systems, 34:
2136–2147.
Sharma, Y.; Shrivastava, A.; Ehsan, L.; Moskaluk, C. A.;
Syed, S.; and Brown, D. 2021. Cluster-to-conquer: A frame-
work for end-to-end multi-instance learning for whole slide
image classification. In Medical Imaging with Deep Learn-
ing, 682–698. PMLR.
Sidhom, J.-W.; Larman, H. B.; Pardoll, D. M.; and Baras,
A. S. 2021. DeepTCR is a deep learning framework for re-
vealing sequence concepts within T-cell repertoires. Nature
Communications, 12: 1605.
Slamon, D.; Eiermann, W.; Robert, N.; Pienkowski, T.;
Martin, M.; Press, M.; Mackey, J.; Glaspy, J.; Chan, A.;
Pawlicki, M.; et al. 2011. Adjuvant Trastuzumab in HER2-
Positive Breast Cancer. The New England Journal of
Medicine, 365: 1273–1283.

Song, L.; Cohen, D.; Ouyang, Z.; Cao, Y.; Hu, X.; and Liu,
X. S. 2021. TRUST4: immune repertoire reconstruction
from bulk and single-cell RNA-seq data. Nature Methods,
18: 627–630.
Sundararajan, M.; Taly, A.; and Yan, Q. 2017. Axiomatic
attribution for deep networks. In International conference
on machine learning, 3319–3328. PMLR.
Thorsson, V.; Gibbs, D. L.; Brown, S. D.; Wolf, D.; Bortone,
D. S.; Yang, T.-H. O.; Porta-Pardo, E.; Gao, G. F.; Plaisier,
C. L.; Eddy, J. A.; et al. 2018. The Immune Landscape of
Cancer. Immunity, 48: 812–830.e14.
Tu, M.; Huang, J.; He, X.; and Zhou, B. 2019. Multiple
instance learning with graph neural networks. arXiv preprint
arXiv:1906.04881.
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