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Abstract

One individual human’s immune repertoire consists of a huge
set of adaptive immune receptors at a certain time point, rep-
resenting the individual’s adaptive immune state. Immune
repertoire classification and associated receptor identification
have the potential to make a transformative contribution to
the development of novel vaccines and therapies. The vast
number of instances and exceedingly low witness rate pose a
great challenge to the immune repertoire classification, which
can be formulated as a Massive Multiple Instance Learning
(MMIL) problem. Traditional MIL methods, at both bag-
level and instance-level, confront the issues of substantial
computational burden or supervision ambiguity when han-
dling massive instances. To address these issues, we pro-
pose a novel label disambiguation-based multimodal mas-
sive multiple instance learning approach (LaDM3IL) for im-
mune repertoire classification. LaDMB3IL adapts the instance-
level MIL paradigm to deal with the issue of high compu-
tational cost and employs a specially-designed label disam-
biguation module for label correction, mitigating the impact
of misleading supervision. To achieve a more comprehensive
representation of each receptor, LaDM3IL leverages a multi-
modal fusion module with gating-based attention and tensor-
fusion to integrate the information from gene segments and
amino acid (AA) sequences of each immune receptor. Exten-
sive experiments on the Cytomegalovirus (CMV) and Can-
cer datasets demonstrate the superior performance of the pro-
posed LaDMS3IL for both immune repertoire classification and
associated receptor identification tasks. The code is publicly
available at https://github.com/Josie-xufan/LaDM3IL.

Introduction

The adaptive immune receptor repertoires (AIRRs) consist
of T-cell receptors (TCRs) and B-cell receptors (BCRs) that
are responsible for recognizing disease-causing pathogens
such as bacteria, viruses as well as cancer cells and record-
ing information on past and ongoing immune responses
(Pavlovi¢ et al. 2021). Fig. 1 shows a typical adaptive im-
mune process, where the TCR is taken as an example. TCRs,
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situated on the surface of T-Cells, initially identify the anti-
gen peptides from pathogens presented on the major histo-
compatibility complex (peptide-MHC complexes) and then
the adaptive immune system preserves and amplifies these
immune receptors to activate the immune response and pro-
tect human bodies from disease (Schumacher and Schreiber
2015; Mora and Walczak 2019). The pathogen recognition
mechanism of BCR is similar to that of TCR, and the main
difference is that BCRs directly bind to the antigen surface
without the presentation of the MHC.

As a collection of an individual’s TCRs and BCRs, the
AIRR records the past and ongoing adaptive immune re-
sponses and its status reflects the immune states and indi-
vidual’s responses to infectious, autoimmune diseases, and
tumour-related pathogens (Song et al. 2021). Consequently,
the encoded information within the AIRRs is highly infor-
mative and valuable for repertoire-based diagnoses of in-
fections, diseases, and cancers. This can be conceptualized
as an immune repertoire classification problem. It is desir-
able to develop an accurate and efficient method for the im-
mune repertoire classification and associated receptor iden-
tification problems, for its potential to significantly acceler-
ate the development of novel diagnostic tools, vaccines and
therapies. Recently, the advancement of high-throughput
sequencing-based immunosequencing techniques has facil-
itated the profiling of AIRRs, providing data on the counts
and receptor sequences of TCRs and BCRs within a reper-
toire (Minervina, Pogorelyy, and Mamedov 2019). This
progress has paved the way for developing data-driven ap-
proaches, such as deep neural networks, to advance the field
further. However, it remains a challenging problem for the
following factors (Dash et al. 2017; Glanville et al. 2017).
(1) High diversity: Adaptive immune receptors (AIRs) are
highly diverse to make the adaptive immune system capa-
ble of recognizing tremendous numbers of antigens. As es-
timated, there are at least 10'¢ distinct AIRs in nature (Wu
et al. 2021). (2) Large capacity: Each person has a large
number of distinct immune receptors (10’-10%) that exhibit
minimal overlap among each other (Pavlovié¢ et al. 2021).
(3) Low witness rate (WR): The immune status of an indi-
vidual with regard to a specific disease is often determined
by the presence of a tiny proportion of particular receptors
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in the repertoire (Scheper et al. 2019).

In practice, the immune repertoire classification can t
formulated as a massive multiple instance learning (MMI]
problem (Wang et al. 2018), wherein the AIR repertoires a
considered as bags and the individual AIRs within the repe
toires are treated as instances. The biological functions
AlRs are determined by their amino acid (AA) sequence ar
corresponding gene segments (V, D, and J gene segments
The immune status of interest (e.g. infection, disease, ar
cancer) is the repertoire-level label in the immune repe
toire classification problem that we aim to predict. Give
that a specific immune status of an individual is typical
associated with only a small proportion of particular r
ceptors in the repertoire, accurate instance-level labels fi
AIRs within the repertoire are not available. This weakl
supervised learning scenario, in which only bag-level labe
are accessible, is characteristic of multiple instance lear
ing (MIL). Existing MIL algorithms can be categorized in
two main types, i.e., bag-level and instance-level MIL (Zh:
et al. 2022). In the bag-level MIL, the instances are encods
into low-dimensional embeddings, which are then combin
into bag-level representations for analysis purposes (Lu et ¢
2021). The aggregating module can take on various a
chitectures, including conventional fixed or parameterize
pooling-based module (Yan et al. 2018), attention mecl
anism (Hashimoto et al. 2020), recurrent neural netwo
(RNN) (Campanella et al. 2019) or Transformer methc
(Dosovitskiy et al. 2020), and graph neural network (Zh:
et al. 2020). This processing requires substantial comput
tional resources, particularly when dealing with large-sca
datasets (Chen et al. 2021), which hinder the practice
bag-level MIL in immune repertoire classification (large ¢
pacity). In contrast, instance-level MIL focuses on instanc
level learning and generates bag-level predictions by aggr
gating the predictions of each instance (Xu et al. 2019). Th
approach offers the advantage of lower computational r
source requirements. However, conventional instance-lev
MIL faces challenges of inaccurate label supervision, sten
ming from the widely adopted strategy of assigning the bag-
level label to each instance within it (Lee et al. 2006). This
assignment is even less suitable in the context of immune
repertoire classification, given its low WR and highly di-
verse nature.

To this end, we propose LaDM’IL, a novel label
disambiguation-based multimodal massive multiple in-
stance learning approach for immune repertoire classifica-
tion and associated receptor identification. LaDM’IL lever-
ages the instance-level MIL framework to control the com-
putational loads and tackle the high-capacity challenge.
Simultaneously, to handle the high diversity challenge,
LaDM?IL utilizes a multimodal fusion module with gating-
based attention (Chen et al. 2020) and tensor-fusion (Hu
et al. 2017) to integrate information from gene segments
and amino acid (AA) sequences of each immune receptor,
thereby generating a comprehensive and discriminating rep-
resentation of each receptor. Wherein, a pre-trained model
named SC-AIR-BERT is used to generate more informa-
tive embeddings of the AA sequences (Zhao et al. 2023).
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Figure 1: An illustration of the adaptive immune receptor
repertoires and the immune process. a) The adaptive im-
mune receptor repertoire (AIRR) comprises an individual’s
T-Cell receptors (TCR) and B-Cell receptors (BCR), which
are integral molecules in the adaptive immune response. b)
Immune process: Situated on the surface of T-cells and B-
cells, adaptive immune receptors (AIRs) function to recog-
nize antigenic peptides either presented by the major histo-
compatibility complex (MHC) in the case of TCRs, or by
directly binding to the antigen itself in the case of BCRs.

Furthermore, LaDM?IL incorporates a label disambiguation
module specifically designed to mitigate the impact of mis-
leading supervision to address the low witness rate chal-
lenge. Finally, the proposed LaDM’IL was extensively eval-
uated on the Cytomegalovirus (CMV) and Cancer datasets.
The main contributions of our work are summarized as fol-
lows: (1) We propose a novel approach named LaDM’IL
for immune repertoire classification, which leverages the
instance-level MIL framework to reduce the computational
burden and tackle the huge capacity challenge of the im-
mune repertoire classification. (2) We design a label disam-
biguation module that mitigates the impact of misleading
supervision, tackling the low-witness challenge and improv-
ing performance. (3) We design a multimodal fusion mod-
ule with gating-based attention and tensor-fusion to gener-
ate more comprehensive and discriminating representations
of highly diverse receptors. (4) We demonstrate LaDM>IL’s
effectiveness in both immune repertoire classification and
identification of AIR sequences associated with interested
immune status.

Related Work
Immune Repertoire Classification

In recent years, there has been a growing interest in the
study of AIRRs and their potential applications (Suo et al.
2023; Pavlovi¢ et al. 2021). To gain a better understanding
of AIRRs, significant attention has been given to the analy-
sis of immunosequencing data for various downstream tasks.
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These tasks include receptor-antigen recognition (Zhang
et al. 2021; Isacchini et al. 2021; Glanville et al. 2017),
which involves predicting their binding affinity and re-
activity. Another focus is the design of novel antibodies
(Greiff, Yaari, and Cowell 2020) by utilizing immunose-
quencing data. Another important area is to use immune sta-
tus for disease diagnosis. For instance, Emerson et al. con-
ducted a study in which they analyzed the TCRs of 666
individuals with known cytomegalovirus (CMV) serosta-
tus. They developed a statistical classification model to di-
agnose CMYV status using 164 specific receptors extracted
from individuals who tested positive for the virus (Emerson
et al. 2017). One of the TCR alignment algorithms GIANA
achieves computationally-efficient TCR clustering and im-
mune repertoire classification by using isometric transfor-
mation (Zhang, Zhan, and Li 2021). However, the methods
mentioned above mostly rely on the status of individual AIR
sequences instead of the status of the whole repertoire.

Subsequently, the immune repertoire classification task is
undertaken, wherein the problem is formulated as a multi-
ple instance learning (MIL) task. In this context, the reper-
toire is treated as a bag and the individual receptors are con-
sidered as instances within the bag. An early attempt is a
traditional MIL method, using max-pooling to achieve the
final prediction from all input receptors (Ostmeyer et al.
2019). DeepTCR (Sidhom and Baras 2021), a deep learn-
ing framework for analyzing T-cell immune repertoires, au-
tomatically detects sequence patterns within T-cell immune
repertoires and associates them with known antigen speci-
ficities. Besides, the framework also predicts the abundance
and diversity of T-cell clones and provides tools for visual-
izing and interpreting model predictions. Similarly, DeepRC
(Widrich et al. 2020a) utilizes a Hopfield network to capture
the global distribution of the immune repertoire, and an at-
tention mechanism to focus on important features and im-
prove classification accuracy. However, none of these meth-
ods considers the problem of extremely low WR in the task
of immune repertoires classification. Moreover, it is infeasi-
ble to input all the receptors into the model due to the mem-
ory limitation.

Considering the limitations mentioned above, in our
model LaDM?IL, we designed a label disambiguation mod-
ule to solve the problem of extremely low WR. We adopted
an instance-level MIL framework to avoid the problem of
MMIL. Furthermore, a pre-trained model and a multimodal
fusion module were designed for the comprehensive repre-
sentation of the immune receptors.

Label Disambiguation

Label disambiguation is a key challenge in partial label
learning (PLL) with the aim to find the correct label from the
candidate label set since the ground truth label is unknown
to the learner (Zhang, Zhou, and Liu 2016; Lyu et al. 2019).
Compared with supervised learning tasks, the labels in PLL
are often ambiguous and require denoising during model
learning to ensure accurate classification. Pico proposed a
method for PLL to deal with the problem of representation
learning and label disambiguation in a unified framework
(Wang et al. 2021). They used contrastive learning to gener-
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ate the embeddings for the inputs. And then they designed a
prototype-based label disambiguation strategy based on the
generated embeddings. Note that during the training process,
the pseudo target for classification will be updated simulta-
neously based on the closest class in the prototype to disam-
biguate the labels.

In the task of immune repertoire classification, traditional
instance-level MIL assigns bag-level labels to each instance,
often leading to the problem of label ambiguity. In this
work, we leverage the idea of the PLL and design a label
disambiguation-based MIL for the immune repertoire clas-
sification.

Methodology
Problem Definition

An AIRR consists of a large set of AIRs. Given N AIRRs
denoted as {IR;,IRs,...,IRN}, each of them contains
M AIRs represented as {IR}, IR?,....,IRM}. Note that
M varies greatly among repertoires. Meanwhile, the cor-
responding labels of the N immune repertoires are defined
as {Y1,Y2,..., Yy}, in which Y; € {0,--- ,C} and C de-
notes the class number. Besides, the AIRs are paired with
frequency values denoted as {frel, freZ, ..., freM}, indi-
cating the strength of the immune respond to the certain
antigens. Our model attempts to build a mapping function
Y; = F(IR;), transferring the immune repertoire I R; to the
immune status Y;. Similar to the conventional instance-level
MIL method, we initially assign the repertoire’s label Y;
(bag-level label) to receptors { IR}, IR?, ..., IRM} within it
as pseudo labels. But these pseudo labels will be updated to
appropriate values based on the label disambiguation mod-

ule of LaDM?IL.

Model Architecture

Fig. 2 illustrates the framework of the LaDM?IL that con-
sists of a feature extractor, a label disambiguation module
and an aggregation module. The details of these modules
are introduced as follows.

Feature Extractor In order to get a comprehensive rep-
resentation of each AIR, we integrate the information from
the AA sequence and V(D)J gene segments based on a mul-
timodal fusion module with a gating-based attention mech-
anism followed by a tensor fusion. Specifically, the gene
encoder utilizes a trainable embedding layer to convert to-
kenized V(D)J gene names into numerical representations,
denoted as hg. hg is the result of concatenating the sepa-
rate embeddings for V gene segments and J gene segments,
each having dimensions of 16 and 8, respectively. Notably, D
gene information is excluded due to its absence in a signifi-
cant proportion of AIRs. Meanwhile, a pre-trained sequence
encoder, SC-AIR-BERT (Zhao et al. 2023), is used to gener-
ate the representations of the AA sequence of the AIRs, re-
ferred to as hs whose embedding dimension is 512. The SC-
AIR-BERT is a BERT-like model including 6 standard trans-
former layers, with each layer containing 4 attention heads
(Zhao et al. 2023). Then, through the gating-based attention
mechanism, we calculate the output of the two modalities,
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Figure 2: The overall framework of LaDM?IL, which consists of a feature extractor, a label disambiguation module and an
aggregation module. a) Feature Extractor: A pre-trained model SC-AIR-BERT (Zhao et al. 2023) works as the sequence encoder
to embed the sequence and a trainable embedding layer works as a gene encoder to embed the V(D)J gene segments. Gating-
based attention mechanism and a tensor fusion module are applied to integrate the learnt gene and AA sequence features. b)
Label Disambiguation (To facilitate a clearer understanding of the core concept, we present the binary classification scenario as
an exemplar in this figure, as it offers a more straightforward illustration.): The prototype is generated to represent the feature
embedding of each class. During the training process, the top-K receptors will be selected to update the embedding of the
corresponding class in the prototype and the label of each receptor will be adjusted according to the similarity between the
receptors’ feature embedding and prototypes’ feature embedding. c¢) Aggregation Module: After obtaining the prediction of
each receptor from the classifier (multilayer perception), the aggregating module integrates these predictions by multiplying
them with their corresponding frequencies and subsequently normalizing the results to generate the repertoire-level prediction.
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denoted as o4 and o, respectively. Details are as follows:
ey

where h; = ReLU(W4hg + by) is the linear transformation

of hy,and z4 = hZWgshs + by is the bi-linear transforma-
tion of hy and hs. Similarly, we compute the o, as follows:

(@)

where h, = ReLU(Wshs + bs) and z, = hT Wighg + bsg.
Wo, Wys, W, Wsg, by, bgs, bs, bsg are the weight matrix pa-
rameters that LaDM?IL learns for the gating-based attention
mechanism. o refers to the sigmoid activation function.
After that, the tensor fusion module is adopted for the in-
tegration of o4 and o, to get the final representation h.

h= ReLU(qusion : (Og & 05) + bfusion)a

Og = U(Zg) : h:]?

0s = 0(zs) - h,

CRl

3

where Wiygion and byygion are the learnable parameters for the
tensor fusion module and ® refers to the Kronecker Produc-
tion.

Label Disambiguation Module We take the instance-
level MIL as the foundation framework to solve the im-
mune repertoire classification problem, which aggregates all
instance-level predictions to generate the bag-level predic-
tion. To address the inaccurate supervision issue, we design
a label disambiguation module. The key designs of this mod-
ule are the prototype denoted as Eprororype that preserves the
typical embedding for each class and the mechanism to ad-
just the label of each receptor. The detailed steps are as fol-
lows.

Firstly, after getting the representations of the receptors
as described in Feature Extractor, the prediction for each re-
ceptor will be computed by:

p! = softmax(F Creceptor(hz))' “)

FClecepror is a classifier with learnable parameters of

WP and 5P p? is the prediction probability based

fc .
on the multimodal feature embedding k! of the j"

receptor from the i*" immune repertoire.

Then, K immune receptors whose p¥s have surpass the
threshold 6 at the epoch e are selected from each category
c €{0,---,C}, defined as the set kec-receptor.

immune

kec-receptor = {hf’e’c|pf’e’c >60,ce{0,---,C},

ke{0,K},i€{0,N}}. ©)

After that, the prototype will be updated using a
momentum-based approach. To be specific, the embedding
of class c in the prototype at epoch e + 1 is updated through
the selected K receptors’ embedding that conforms to c at
epoch e.

et . ) ke,
El():r(?lotype :Normahze(A : E;rgtolype + (1 - /\) ! hz ‘ C)’
hC ¢ kec-receptor, ¢ € {0,CY},

(©)

where A € [0, 1] is the momentum coefficient.
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Finally, the label of each immune receptor Yij , which is
initially set as the corresponding immune repertoire label Y,
can be adjusted based on the similarity between the immune
receptors and prototypes at the epoch e.

V7t =~ V7 4 (1 — 5) - Onehot(sim?

i

);

(7
+ EpOChstart .

€- (EPOChend - EpOChstart)
Epoch

7 is also the momentum coefficient which is changed within
the epoch e based on the total training epochs Epoch and
the predefined parameters Epochenq/Epochsiart, sim]™ is
the similarity between the immune receptors and prototypes
at the epoch e defined as:

J,€
i

- (RT)T). (8)

Aggregation Module To generate the prediction of the
immune repertoire p;, we aggregate the predictions of the

corresponding immune receptors p] combined with the cor-
responding frequencies fre] as follows:

; _ e
stm;’ = arg mCa‘X(E prototype

M

pi = Z(Pf : freg)-

j=1

9

We use min-max normalization to output the final immune
repertoire prediction.

Loss Function The training phase comprises the warm-up
stage and the label-disambiguation stage. During the warm-
up stage, prototype updating and label disambiguation are
temporarily suspended. The cross-entropy 108S Lyeceptor 18

calculated between the prediction p] and the initial label Y;/
as the supervision.

N M C

1 ) )
— Jrc j,c
Lreceptor - *W Z Z Z Y; . log(pi ) (10)
i=1 j=1 c=0
After the warm-up, the label-disambiguation loss

Lgisambiguation 18 computed between the prediction pi’e

and the adjusted label Y;j’e as the supervision, which is
defined as follow:

1 N M C )
Laisambiguation = — 3 Z Z Z Y7 ¢ log(pl ).
i=1 j=1 c¢=0
ey
Experiments

Dataset

A CMV dataset (Emerson et al. 2017) and a cancer dataset
(Emerson et al. 2017) are utilized in this study. The CMV
dataset consists of 785 repertoires, each with an average
of 243,960 receptors. We excluded repertories with miss-
ing information and 684 repertoires are included in the ex-
periments with complete information of CMV status (pos-
itive:312, negative:372) and sequence abundance. The can-
cer dataset includes 30,000 tumor-associated receptors and
40,000 control receptors in the training set, as well as 10,000
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tumor-associated receptors and 19,851 control receptors in
the test set. On the CMV dataset, we evaluated the perfor-
mance of our method in both immune repertoire classifica-
tion and associated receptors identification. And on the can-
cer dataset, we focused more on the performance evaluation
of the cancer-associated receptor identification.

Hyperparameters CMV  Cancer
batch size 128 16
warmup 15 15
threshold 6 0.800  0.900
momentum coefficient A 0.810  0.963

Table 1: LaDM’IL hyperparameters for two datasets.

Implementation Details

We first evaluated our method and compared it with three
state-of-the-art (SOTA) methods on two datasets with five-
fold cross-validation. For fair comparisons, we utilized the
same data splits to evaluate all methods. Specifically, in the
CMYV dataset, we followed the same five-fold data splits
as in (Widrich et al. 2020b). In the cancer dataset, we
followed the train-test split as in (Beshnova et al. 2020),
with a training set of 70,000 receptors and a test set of
20,000 receptors and further split the training set into five
groups of train and validation subsets referring to the five-
fold cross-validation strategy. Additionally, we conducted
the randomly train-validation-test splits to explore the per-
formance of our method in cases using different amounts of
training data. In this case, we adjusted the training data size
gradually from 10% to 60% of the entire dataset (CMV) and
from 20% to 60% of the assigned training set (cancer). Fur-
thermore, based on the train-validation-test split with most
training data, we also conducted ablation studies to evalu-
ate the effectiveness of designed modules. For other settings,
we followed the process mentioned in Chen et al.(2023) and
Widrich et al.(2020b). The Adam optimizer was used in the
training stage, with a learning rate of 1e~3 for the gene en-
coder, 1e~* for the sequence encoder, and 1e~3 for the main
model. We conducted a grid search during the training stage
to explore the hyperparameters based on the performance of
the validation set and Table 1 listed the hyperparameters se-
lected for each dataset. We calculated Area Under the Curve
(AUC), F1 score and accuracy (ACC) to evaluate the perfor-
mance of all the methods.

Comparison with SOTA Methods

We compared LaDM?IL with three SOTA immune reper-
toire classification and associated receptor identification
methods, including DeepRC (Widrich et al. 2020b),
DeepTCR (Sidhom et al. 2021) and NLLIRC (Chen et al.
2023), as shown in Table 2. On both the CMV and can-
cer datasets, LaDM?IL achieved superior performance com-
pared with other SOTA methods, as measured by three met-
rics (AUC, ACC and F1 score). LaDM’IL surpassed the
second-best model with an increase in AUCs by 1.64%
(CMV) and 1.19% (Cancer). DeepCAT (Beshnova et al.

16143

2020) is designed for cancer-associated receptor identifica-
tion and has restrictions on the input sequence length (dif-
ferent models for different sequence lengths). To further in-
clude DeepCAT in the comparisons, we conducted perfor-
mance comparisons between LaDM?IL and SOTA methods
on the cancer dataset for receptors of different lengths. As
presented in Table 3, we evaluated the performance of all
methods for receptors with lengths from 12 to 16. It can be
found that the performance decreased with the increase of
the receptor length and LaDM’IL performed the best among
all the lengths.

Method ~ AUC=std

LaDM’IL 84.8842.20
DeepRC  83.10+2.20
DeepTCR 67.00+2.28
NLLIRC 83.24£3.00

LaDM?IL 90.22+0.33
Cancer DeepTCR 86.60+0.49
NLLIRC 89.034+0.06

ACC=std  F1 scoretstd

78.80+£2.30 78.56+2.40
72.60£5.00 72.70+4.90
65.20£1.60 72.20+1.47
76.91£3.00 76.37£3.00

83.00+0.57 80.59+0.37
79.60£0.49 72.40+0.49
80.13+£0.40 78.79+£0.30

Dataset

CMV

Table 2: Comparison of LaDM’IL with SOTA methods on
CMYV (immune repertoire classification) and cancer dataset
(cancer-associated receptor identification). DeepRC was not
evaluated on the cancer dataset since it is designed for only
immune repertoire classification.

Seq.len
12 13 14 15 16

DeepCAT 59.00 53.00 62.00 76.00 86  62.00
NLLIRC 89.36 88.53 87.18 87.99 86.00 87.99
DeepTCR 86.55 85.57 84.21 85.30 84.83 85.30
LaDM’IL 90.97 89.91 88.46 88.80 88.06 88.80

Method Median

Table 3: Comparison of LaDM>IL with SOTA methods on
cancer dataset among different sequence lengths. Seq.len.12
to Seq.len.16 refer to the sequence length from 12 to 16. The
performance metric of AUC is reported.

The Influence of Training Size

It is interesting to evaluate the performance robustness of
LaDM?IL when trained on different training sizes. To in-
vestigate this, we carried out experiments on two relevant
datasets, employing different training sizes. The outcomes
of these experiments are depicted in Fig. 3. It can be deduced
that the performance of LaDM’IL remains stable within a
certain range as the training size diminishes, thereby demon-
strating its robustness.

Ablation Study

We performed ablation studies to evaluate the contribu-
tions of designed components in the proposed method, in-
cluding the label disambiguation module, multimodal fu-
sion module and pre-trained sequence encoder. For compar-
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Figure 3: Performance of LaDM’IL on two datasets with
different training sizes. The labels on the legend indicate the
split ratios used for the training, validation, and test sets. In
the CMV dataset, we adjusted the training ratio and the ratio
of validation and test will be changed accordingly. In the
cancer dataset, since the test from Beshnova et al.(2020) is
already given, we will not change the ratio of the test but
only change the ratio of training and validation.

ative purposes, we developed three variants of LaDM>IL:
(1) LaDM?IL w/o Label Disambiguation - omitting the la-
bel disambiguation module and using the initial labels from
the repertoires without any modifications; (2) LaDM’IL w/o
multimodal fusion - relying solely on AA sequence infor-
mation, excluding VDJ gene segments; and (3) LaDM’IL
w/o Pretrained Model - employing the same sequence en-
coder architecture training from scratch, but without utiliz-
ing its pre-trained weights. The outcomes of these studies
are presented in Table 4, which indicate that LaDM’IL ben-
efits from the designed components with the pre-trained se-
quence model and label disambiguation module contributed
the most.

Dataset Model ACU ACC FIl score
LaDM’IL 85.44 82.35 81.32
CMV w/o Label Disambiguation 82.55 80.15 78.37
w/o Multimodal Fusion 82.94 80.15 78.74
w/o Pretrained Model 81.52 80.15 77.94
LaDM’IL 89.98 83.30 80.67
Cancer w/o Label Disambiguation 89.58 82.34 79.94
w/o Pretrained Model 89.55 82.29 80.10

Table 4: Ablation Study (Since there is no VDJ informa-
tion available in the cancer dataset, w/o multimodal fusion
is only conducted in the CMV dataset.)
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Associated Receptor Identification in
Weakly-Supervised MIL Setting

In previous experiments, we assessed the performance of the
LaDM?3IL in immune repertoire classification and cancer-
associated receptors identification (Table 2). In this sec-
tion, we extend our evaluation to examine the capability of
LaDM?IL in detecting disease-associated receptors within
the weakly-supervised MIL setting, using the CMV dataset.
In this context, we appraise the performance of LaDM?IL in
predicting receptor labels under the guidance of repertoire-
level labels. Drawing from a previous study (Emerson et al.
2017), we obtained 164 experimentally-confirmed CMV-
associated TCRs identified in wet lab experiments, which
serve as the ground-truth CMV-associated receptors. Fig. 4
presents the results, with Fig. 4 a) illustrating the distribu-
tion of prediction probabilities for receptors, divided into
two groups: CM V-associated and other sequences. The find-
ings reveal that our model assigns a significantly higher pre-
diction probability to CMV-associated receptors compared
to other receptors, indicating its ability to distinguish CM V-
associated receptors from the rest. Furthermore, we com-
puted the area under the curve (AUC) for receptor-level
prediction and displayed the corresponding receiver oper-
ating characteristic (ROC) curve in Fig. 4 b). This analysis
demonstrates that our method achieved an AUC of 0.767 in
identifying CM V-associated receptors previously discovered
through wet lab experiments, within the weakly-supervised
MIL setting.

a) Prediction of Receptors

.
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Figure 4: The performance of LaDM?IL in CM V-associated
receptor identification. a) The distribution of the predic-
tions for the receptors in two groups: CMV-associated and
other sequences. xx : P <0.01. b) ROC curve of the CM V-
associated receptor identification.

Conclusion

We introduced a novel approach, LaDM?IL, for immune
repertoire classification by addressing limitations in tra-
ditional MIL methods. Experimental results demonstrate
the superior performance of our model in immune reper-
toire classification and associated receptor identification
compared with existing methods. Additionally, the ablation
study highlights the effectiveness of the designed modules.
We anticipate that our model will provide valuable insights
into the challenges of massive MIL with a low witness rate.
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