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Abstract—Abdominopelvic lymph node (LN) metastasis pre-
diction using preoperative computed tomography (CT) is a
critical task for personalized disease progression assessment
and treatment planning for colorectal cancer (CRC) patients.
However, there are notable challenges in aligning CT images
with pathology data. Moreover, manual annotation of LNs has
inherent limitations, such as annotation omission, leading to
low accuracy in prediction models. To address these issues,
we propose a joint prediction framework guided by node-level
and patient-level tasks, which leverages patient-level pathological
labels to predict LN metastasis in CT scans. Key innovations
in the framework include: (1) Pretraining encoder using node
discrimination from nine views, (2) Predicton with a dummy
node, which simulates unlabeled LN to bridge the gap in
annotation omission, (3) Intra-class contrastive learning based
on neural memory ordinary differential equations (nmODE),
which distinguishes subtle and continuous features from dynamic
evolution, and (4) Prediction with inter-class contrastive learning
based on gated attention for better nodes integration within
patient. These techniques allow the model to make reliable joint
prediction in such a difficult task and even in imperfectly labeled
data. We validate the proposed framework on a private dataset
of 517 CRC patients and a public chest CT dataset of 1,595
scans, showing superior performance. Additionally, we provide
visualized explanations of the embedding expression.

Index Terms—Colorectal cancer, Lymph node metastasis, Multi
instance learning, Contrastive learning, Joint prediction

I. INTRODUCTION

Colorectal cancer (CRC) is one of the most prevalent ma-
lignant tumors globally, ranking third in incidence and second
in mortality worldwide [1]. Lymph node (LN) metastasis,
a critical prognostic factor that profoundly influences CRC
patients’ disease-free survival and local recurrence [2], signif-
icantly exacerbates disease severity. Preoperative assessment
of abdominopelvic LN metastasis status is therefore essential
for personalized disease progression evaluation, precise treat-
ment planning, and early clinical intervention [3]. Computed
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tomography (CT) scans are widely used in preoperative clinic
imaging for CRC, leveraging this economic modality to pre-
dict node status holds great clinical value. However, current
diagnosis via CT relies heavily on manual interpretation by
clinicians, which is time-consuming and prone to errors such
as missed or misdiagnosed nodes [4]. Thus, developing an
automated CT-based method for LN metastasis prediction
is imperative to assist clinical decision-making and improve
diagnostic accuracy.
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…
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Fig. 1. Example of a mislearning due to manual annotation omission.

Pathological examination, the gold standard for diagno-
sis [5], faces challenges in alignment with CT imaging due
to factors such as tissue displacement, small size, and tissue
adhesion. These issues impede the precise mapping of LNs
identified on CT scans to those sampled during surgery. While
pathology labels can confirm the presence of LN metastasis,
they fail to specify which individual LN is affected. Even with
the adoption of a two-level annotation and cross-review work-
flow [6], manual annotations remain susceptible to omissions
or inaccuracies, which can adversely impact the performance
of deep learning models (as unmarked node leads model to
mislearning in Fig. 1). Such noisy datasets hinder the model’s
ability to learn robust features, thereby restricting its predictive
power [7].
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Fig. 2. The architecture of the proposed joint prediction framework.

To address these, we propose a joint prediction framework
that leverages pathologic labels to predict LN metastasis in CT
scans with manual annotation omission. The method consists
of several key components:

• We pretrain encoder with self-supervised contrastive
learning at multi-view level and add 2.5D fusion layer
during subsequent task.

• We introduce predicton with a dummy node to bridge the
gap between malignant pathology results and unlabeled
metastatic LNs.

• We present an nmODE-based intra-class contrastive
learning module to guide toward capturing subtle and
continuous feature variations.

• We progress patient-level prediction with inter-class con-
trastive learning based on gated attention.

Additionally, a dynamic training loss function gradually shifts
focus from contrastive representation learning in early stages
to classification in later stages, ensuring effective feature ex-
traction and optimal classification. The code and data example
are available in https://github.com/zxy630/IICL.git.

II. RELATED WORK

A. Intelligent Approach of Lymph Node Metastasis Prediction

Existing node-level methods are mainly developed for can-
cers other than CRC, such as esophageal cancer and thyroid
cancer [8]. For example, Cui et al. [9] treated node features as
graph nodes with clinical attributes, achieving 82.3% AUC.
Li et al. [10] proposed a semi-supervised framework that
exploits node-level annotations by jointly leveraging patient-
level labels and teacher–student predictions. Despite their

effectiveness, these approaches are based on node-level anno-
tations, which are difficult to obtain in CRC clinical practice.

Multiple instance learning (MIL) has emerged as a weakly
supervised solution. In MIL, labels are assigned solely at the
bag level, which fits our task perfectly: each patient acts as
a bag, and nodes are treated as instances. Recent CT-based
methods predominantly adopt the MIL paradigm and focus on
improving instance aggregation [12]. Xie et al. [13] proposed
an attention-based MIL framework with global–local cross-
attention fusion of CT slices and LN embeddings, achieving
74.7% accuracy and 76.8% AUC. Similar global–local fusion
strategies were further explored in [14].

However, these methods ignore manual annotation omis-
sions, which commonly arise from annotator fatigue, distrac-
tion, and variations in professional expertise [15], leading to
incomplete instance-level supervision and low AUC. More-
over, these approaches underutilize priors such as node size
and anatomical position. Recent studies indicate that node size
and morphology are key indicators of metastasis [16], and
spatial position within the abdominopelvic region also plays
an important role [17].

B. MIL in Medical Image Classification

MIL has been widely adopted for pulmonary nodule classi-
fication, particularly on the Data Science Bowl (DSB) 20171

dataset, where only patient-level cancer labels are available.
Liao et al. [18] systematically evaluated patient-level cancer
prediction by aggregating candidate nodules, highlighting the
importance of instance selection in weakly labeled CT data.
Zheng et al. [19] proposes a fine-grained contrastive learning

1https://www.kaggle.com/competitions/data-science-bowl-2017/data



method to guide the model in understanding fine-grained
similarities and differences between nodule patterns. Xu et
al. [20] extracted multi-scale 3D nodule cubes as postive pairs
for supervised contrastive learning. All achieve SOTA perfor-
mance and demonstrate strong transfer learning capabilities.

Besides, MIL has been extensively studied in computational
pathology [21], where whole slide images are treated as
bags and image patches as instances. However, the extreme
sparsity and class imbalance of tumor regions pose significant
challenges for conventional MIL sampling strategies. So recent
works enhance MIL with different strategies. For instance,
Perez et al. [22] improved patch representations using self-
supervised contrastive learning combined with attention-based
MIL, while Zheng et al. [23] introduced a reinforcement
learning–driven dynamic sampling framework. Further stud-
ies [24], [26] incorporate supervised contrastive learning and
curriculum strategies to mitigate class imbalance and noisy
instance supervision, offering valuable insights for robust MIL
modeling under weak supervision.

III. METHODS

Fig. 2 presents the architecture of our proposed joint pre-
diction framework.

A. 2.5D Encoder with Pretraining

To enhance node representation learning, we pretrain the en-
coder using a self-supervised contrastive learning framework,
as illustrated in Fig. 3. Each node is first cropped as a 3D cube
and projected into multiple 2D views from different spatial
orientations via view filters, forming a set of nine views. These
views are encoded with shared weights and pulled together
in the embedding space as positive pairs, while views from
different nodes are pushed apart as negative pairs. To account
for the subtle morphological differences between nodes, we
further incorporate an informative negative sample selection
strategy that dynamically identifies morphologically similar
nodes within each mini-batch, forcing the encoder to focus
on fine-grained and discriminative features rather than coarse
inter-object differences.
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Fig. 3. The architecture of self-supervised contrastive learning pretraining for
lymph node from nine views.

Given the redundancy in CT volumes, we structure the input
as a 3×32×32 patch centered on each node, consisting of the
target slice and its adjacent slices. We augment the pretrained
2D encoder with strategically placed 2.5D convolutional fusion
layers that concatenate embeddings from neighboring slices
and integrate them via 1 × 1 convolutions (Fig. 4). Fusion
is introduced only after the first two convolutional blocks,
as integrating contextual information at moderate depth is
more effective for capturing node–related morphological cues
while avoiding unnecessary redundancy. The resulting encoder
produces a high-dimensional patch embedding ui.

❄ConvBlock-2 ❄ConvBlock-3❄ConvBlock-1

Concat
&

1x1 Conv

(a) Conv Block

(b) Residual Unit

(c) 2.5D Fusion Layer

❄ Parameter Freezing

Fig. 4. Sketch of 2.5D encoder.

B. Predicton with Dummy Node
Guided by clinical prior knowledge, we incorporate anatom-

ical position and size as auxiliary cues for diagnosis. Specifi-
cally, sinusoidal positional embeddings (PE) are introduced to
encode the 3D spatial coordinates (x, y, z) of each node and
are added to the patch embeddings. In addition, the long-axis
diameter, a clinically important indicator for metastasis risk,
is integrated by projecting the scalar size si into the feature
space and jointly fusing it with image and positional features.
The final node embdding is formulated as:

zi = σ (ui + PE(x, y, z) + (wssi + bi)) , (1)

where ws ∈ RD×1, bi ∈ RD, σ(·) is an activation function,
and zi represents the fused node embedding, which is subse-
quently used to predict the node-level metastasis probability
pi via a lightweight MLP.

Due to incomplete manual annotations in CT scans, patient-
level positive labels may not be fully attributable to the anno-
tated nodes, potentially leading to false positive learning. To
address this issue, we introduce a dummy node that represents
unannotated or missing metastatic nodes and explicitly models
their contribution to patient-level prediction. Let pd denote
the learnable malignancy probability of the dummy node. The
overall patient-level metastasis probability PN is computed
using leaky noisy-or formulation:

PN = 1− (1− pd)
∏
i

(1− pi), (2)

where pd is optimized jointly with the network parameters.
This design allows the model to attribute unexplained pos-
itive labels to the dummy node, preventing overestimation



of malignancy in benign nodes and improving robustness
under incomplete annotations. The predictor is trained using
a weighted binary cross-entropy loss Lpre:

Lpre(y, PN ) = −α ·y log(PN )− (1−α) · (1−y) log(1−PN ),
(3)

where y ∈ {0, 1} represents the true label, PN ∈ (0, 1)
represents the predicted transition probability by the model,
α is the weight for the positive class.

C. nmODE-based Intra-class Contrastive Learning Module

LN morphology exhibits continuous and gradual variations
across adjacent slices, which are difficult to use discrete data
augmentation, such as crop and rotate. To model continu-
ous morphological changes while preserving semantic consis-
tency, we propose an intra-class representation learning mod-
ule based on neural memory ordinary differential equations
(nmODE [25]). It defines a nonlinear mapping from external
input x to a global attractor y∗ where y(0) represents the initial
value, and y(t) represents the state of the network at time t.
The feature dynamics are defined as:

ŷ = −y + sin2(y +W (1)x+ b), (4)

y∗ = −ŷ + sin2(ŷ +W (2)x+ b), (5)

where y ∈ RD, the initial state y(0) = ui is the patch
embedding, W (1) and W (2) are learnable weight matrices
∈ RD×D, while b ∈ RD. The decay and growth terms
respectively capture feature degradation caused by imaging
noise and feature enhancement associated with pathological
progression, while the bounded sin2(·) nonlinearity ensures
smooth and stable feature evolution.

To exploit the continuity between original and evolved fea-
tures, we construct positive pairs from the original embedding
ui and its nmODE-enhanced counterpart u′i, while features
from different nodes serve as negative pairs. Furthermore, we
adopt a hard negative mining strategy by selecting the top-
K most similar negative samples based on cosine similarity
within each mini-batch. The resulting contrastive loss en-
courages compact intra-class representations while enhancing
discrimination among morphologically similar nodes:

Lintra = − log
exp(sim(ui, u

′

i)/τ)

exp(sim(ui, u
′
i)/τ) +

∑K
k=1 exp(sim(ui, u

′
k)/τ)

.

(6)
Among them, sim(u,v) = u>v/(‖u‖‖v‖) represents the
cosine similarity, and τ > 0 is the temperature hyperparameter.
u
′

k is the feature of the difficult negative sample selected
through filtering.

This feature-space continuous augmentation preserves
anatomical plausibility and enables the model to focus on
fine-grained morphological cues critical for LN metastasis
prediction.

D. Prediction with Inter-class Contrastive learning

Clinical diagnosis of CRC focuses on identifying a few
critical abdominalpelvic LNs rather than treating all nodes
equally. To achieve selective aggregation, we employ a gated
attention–based pooling mechanism to fuse node embeddings
into a patient-level representation. Given a node set I =
{LN0, LN1, . . . , LNn} and their corresponding embeddings
Z = {z0, z1, . . . , zn}, the gated attention module assigns
adaptive importance weights to each node and aggregates them
as:

hi =

n∑
i=0

gi � ai · zi, (7)

where the attention score ai and gate value gi are computed
as:

ai = softmax
(
w>σ(V z>i )

)
, (8)

gi = σg
(
w>σ(V z>i )

)
. (9)

Here, gi ∈ (0, 1) controls the information flow from each
node, � denotes element-wise multiplication, σ, σg represents
the tanh, sigmoid activation respectively, and w ∈ Rn×1

and V ∈ Rn×D are learnable parameters. This mechanism
effectively suppresses noisy or less informative nodes and
adaptively highlights diagnostically relevant nodes, mimicking
clinical reading behavior.

To further improve inter-class discrimination at the patient
level, we introduce supervised contrastive learning on the
aggregated patient representations. Given a mini-batch of
patient-level embeddings X = {H} = {x1, x2, . . . , xN}
with corresponding labels Y = {y1, y2, . . . , yN}, embeddings
sharing the same label are treated as positive pairs, while those
with different labels are treated as negative pairs. The loss is
defined as:

Linter = −
1

N

N∑
m=1

log

(∑N
k=1 I[ym=yk] exp (sim(xm, xk)/τ)∑N

k=1 exp (sim(xm, xk)/τ)

)
,

(10)
where I is the indicator function, 1 for ym = yk and 0
otherwise.

Finally, the patient-level embedding is fed into a linear
classifier followed by a sigmoid function to produce the overall
metastasis probability PP , and the model is optimized using
the loss Lcls(y, PP ) as defined in (3).

E. Bridging Representation to Classification

Inspired by curriculum learning, we design a joint opti-
mization strategy that prioritizes learning meaningful and fine-
grained representations before focusing on prediction accu-
racy, thereby alleviating overfitting caused by noisy or incom-
plete clinical annotations. The overall loss jointly optimizes
the node–level and patient-level predictors and is defined as:

Ltotal = λtLintra + (1− λt)Lpre(y, PN )

+ λtLinter + (1− λt)Lcls(y, PP ).
(11)

Here, the weighting factor λt ∈ [0, 1] decays over training
iterations according to a curriculum schedule, enabling a



smooth transition from representation learning to classifier
optimization.

Specifically, a linear decay strategy is adopted:

λt = λ0 ×
(
1− t

T

)
, (12)

where λ0 is the initial decay coefficient, t denotes the current
training epoch, and T is the total number of decay epochs.
At early training stages, a larger λt emphasizes the intra- and
inter-contrastive losses to encourage consistent node embed-
dings and discriminative patient-level embeddings. As training
progresses, λt gradually decreases, shifting the optimization
focus toward the prediction losses Lpre and Lcls to refine
classification boundaries.

IV. EXPERIMENTS

A. Experimental Settings

1) Dataset: This study employs a dataset from coopera-
tive hospital, LNMPDataset, consisting of 517 preoperative
abdominopelvic CT scans. Each CT scan was labeled by post-
operative pathology, with LN positions annotated manually by
CRC specialists. Among scans, 344 were negative (without
LN metastasis), and 173 were positive (with LN metastasis).
In total, 11,871 LNs were identified and 6,610 were mesangial
LNs. We use 11,871 for pretrain and 6,610 for prediction task.
Mesangial LNs are the primary drainage site for CRC and the
first lymphatic spread station, critically influencing local tumor
progression and staging. Notably, mesangial LNs are typically
small, averaging 8.16 mm (Fig. 5). Additionally, we validated
the model on the DSB2017 pulmonary nodule dataset, where
candidate bounding boxes were generated using LeakyNet [18]
and 8,552 nodules were obtained in 1,595 chest CT scans.

Fig. 5. Distribution of Diameter (mm) in LNMPDataset and DSB2017.

To ensure a more accurate evaluation of system perfor-
mance, the LNMPDataset was stratified and divided into five
subsets as shown in Table I, with cross-validation experiments
conducted. We splited the DSB2017 dataset into training
(1116), validation (319), and test (160) subsets.

2) Implementation Details: LNs × 3 × 32 × 32 patches
are cut with LNs as the center. We set τ = 0.4, D = 128,
α = 0.75 (the balance factor in Lcls and Lpre), pd = 0.99,
K = 5 and λt = 1 at the start of training. The Adam optimizer
is employed with a weight decay of 0.01. The learning rate

TABLE I
DESCRIPTIVE STATISTICS OF FIVE SUBSETS.

Dataset Patients (LNs) Pos (LNs) Neg (LNs) Diameter

Subset 1 103 (1217) 36 (427) 67 (790) 3.40 - 41.74
Subset 2 103 (1218) 36 (488) 67 (730) 2.69 - 34.38
Subset 3 103 (1376) 36 (520) 67 (856) 3.00 - 48.37
Subset 4 103 (1420) 31 (413) 72 (1007) 3.33 - 50.38
Subset 5 105 (1379) 34 (564) 71 (815) 3.20 - 52.31

Total 517 (6610) 173 (2412) 344 (4198) 2.69 - 52.3

scheduler is configured to plateau with an initial learning rate
of 1 × 10−5. The training process is conducted over 200
epoches, using a mini-batch size of 16. Experiments are carried
out on a Linux-based server equipped with an Intel Core i9-
10900X processor (3.7 GHz), an NVIDIA RTX A4000 GPU,
and 64 GB of RAM.

Fig. 6. ROC curves and AUC of ours and existing methods on LNMPDataset.



B. Performance Comparison with Existing Methods

We compare our method with representative weakly super-
vised methods. Table II shows our model consistently out-
performs competitors across all metrics. Our method attained
the highest accuracy (82.20%), precision (71.38%), and F1-
score (74.89%). Notably, the achieved recall 79.57% and
specificity 83.80% indicate a favorable balance between sen-
sitivity and false-positive control, which is particularly critical
for medical image analysis. Fig. 6 further demonstrates our
superiority, achieving an average AUC of 84.68%, surpassing
Xie et al. (81.95%) and DSMIL (76.06%).

TABLE II
COMPARISONS AMONG OURS AND EXISTING METHODS ON
LNMPDATASET (MEAN±VARIANCE). BEST IN BOLD, SECOND

UNDERLINED. (%)

Method ACC Prec. Recall Spec. F1

DSMIL [21] 78.15±2.49 64.69±2.64 76.24±4.61 79.12±1.52 69.99±3.58

ABMIL [11] 77.87±3.47 64.96±1.76 73.34±5.44 80.14±3.58 68.93±2.53

AD3D-MIL [27] 72.19±2.53 56.41±2.85 73.82±4.53 71.37±2.55 63.95±3.72

Wang et al. [28] 69.25±2.32 53.09±2.46 68.45±3.55 69.67±3.45 59.78±3.24

Xie et al. [13] 80.90±3.49 69.15±2.73 77.32±4.43 82.69±3.54 73.01±2.57

Xie et al. [12] 80.94±3.47 70.23±3.67 74.55±5.44 84.14±3.48 72.33±3.52

Glaser et al. [29] 71.87±1.58 56.04±3.66 73.35±4.96 71.12±3.45 63.53±2.69

Ours 82.20±1.43 71.38±4.72 79.57±8.74 83.80±4.05 74.89±2.29

Table III presents the pulmonary nodule classification results
on the DSB2017, where our method achieves an AUC of
88.95%. Although medical images exhibit significant intra-
class variation and inter-class similarity, our framework ef-
fectively learns discriminative patient-level representations,
remaining robust even with limited and noisy annotations.

TABLE III
COMPARISONS AMONG OURS AND EXISTING METHODS ON DSB2017.

BEST IN BOLD, SECOND UNDERLINED. (%)

Method AUC ACC Prec. Recall Spec. F1

DSMIL [21] 84.62 78.75 60.98 60.47 86.32 60.47
ABMIL [11] 79.75 78.75 60.47 58.14 85.47 59.52
AD3D-MIL [27] 77.76 73.75 50.94 62.79 77.78 56.25
Wang et al. [28] 74.52 73.75 51.02 58.14 79.49 54.35
Xie et al. [13] 87.88 82.50 65.31 74.42 85.47 69.57
Xie et al. [12] 83.26 77.50 57.78 60.47 83.76 59.09
Glaser et al. [29] 83.52 77.50 55.56 81.40 76.07 66.04

Ours 88.95 85.39 74.60 67.30 91.84 70.77

C. Ablation Experiments

Table IV presents the results of ablation experiments,
systematically validating the contribution of each module.
Removing the pretraining strategy results in the most sig-
nificant performance degradation (AUC drops from 84.68%
to 76.42%), indicating its crucial role in learning robust
representations. The architectural designs also prove essential,
excluding the predicton with dummy node, feature fusion
module, and 2.5D layers cause substantial AUC decreases of
6.95%, 6.87%, and 4.27%, respectively, demonstrating their
effectiveness in handling annotation omission, aggregating

anatomical prior information, and capturing contextual pat-
terns. Meanwhile, both contrastive learning strategies provide
complementary regularization, confirming that all components
work synergistically to achieve the optimal performance. Im-
portantly, when only node diameter is considered, the random
forest classifier achieves merely 64.72% AUC, suggesting that
morphological size alone is insufficient for accurate metastasis
prediction and highlighting the indispensable role of imaging
features.

TABLE IV
THE RESULTS OF BLATION EXPERIMENTS. THE FIRST LINE MEANS

RANDOM FOREST. PRE. MEANS PRETAIN. FUSE MEANS FEATURE FUSION.
PRED. MEANS PREDICTON WITH DUMMY NODE. (%)

Pre. 2.5D Fuse Pred. Intra Inter AUC ACC Prec. Recall F1 Spec.

64.72 69.23 58.82 28.57 38.46 89.86

X X X X X X 84.68 82.20 71.38 79.57 74.89 83.80
× X X X X X 76.42 77.76 64.22 75.72 69.50 78.78
X × X X X X 80.41 79.69 67.35 76.30 71.54 81.40
X X × X X X 77.81 78.53 65.35 76.30 70.40 79.65
X X X × X X 77.73 76.69 67.53 75.72 71.39 81.69
X X X X × X 83.46 81.43 69.95 78.03 73.77 83.14
X X X X X × 82.40 80.85 69.07 77.46 73.02 82.56

D. Visualization Analysis

Fig. 7 shows four paired examples of patch embedding
interpretability. The heatmaps consistently highlight the central
regions of the nodes, with red/yellow core areas matching
the brightest and most diagnostically relevant regions, while
background regions appear in blue. Attention area scales with
node size, and larger nodes exhibit broader attention distribu-
tions. When perinodal infiltration is present, the attention map
extends toward the infiltrated region with a gradual yellow-to-
cyan transition, and the heatmap boundaries closely align with
the true anatomical contours of the node. These results confirm
that the model focuses on pathological features rather than
background or non-critical tissue, demonstrating the rationality
and interpretability of our encoder.

lung 
nodule

lymph 
node

Fig. 7. Visualizing the patch embedding extraction.

V. CONCLUSION AND DISCUSSION
This paper proposes a joint prediction framework for ab-

dominopelvic lymph node metastasis. The framework incorpo-
rates three distinct contrastive learning strategies: during pre-
training, multi views of the same node are treated as positive
pairs; during feature enhancement, features before and after
nmODE are constructed as positive pairs; and at the patient
level, samples sharing the same class label are regarded as
positive pairs. The entire framework is optimized end-to-end
using a joint training loss.



Extensive experiments demonstrate the superiority and ro-
bustness of the proposed framework, even though the com-
plex abdominopelvic environment and annotation omissions.
Notably, intelligent analysis of abdominopelvic lymph nodes
remains limited due to the difficulty of acquiring high-quality
annotations. In ongoing collaboration with clinicians, we are
collecting approximately 400 cases with node-level annota-
tions by combining intraoperative tissue marking and postop-
erative 3D reconstruction. Incorporating this curated dataset
will further enhance the model’s performance in future work.
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