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Abstract. Epidermal growth factor receptor (EGFR) mutation predic-
tion and progression-free survival (PFS) prediction are critical tasks for
targeted therapy planning in lung cancer and can be jointly modeled
from the same chest CT scan. In real-world clinical datasets, supervision
is often inconsistent across patients: not all patients have labels for both
tasks and tumor region annotations, leading to heterogeneous supervi-
sion across different patient subsets. However, most existing multi-task
learning methods leverage a single shared representation across tasks,
with limited consideration of representation consistency during training
on these differently supervised patient subsets. In this study, we propose
the Tumor-Guided Bridging Distillation Network (TGBD-Net), a unified
framework for stabilizing representation learning under heterogeneous
supervision, enabling joint EGFR mutation and PFS prediction. The
proposed Tumor-Guided Feature Extraction (TGF) module regularizes
feature learning using available tumor region annotations, while main-
taining consistent behavior when such annotations are unavailable. In
addition, a Bridging Distillation (BD) module enables cross-task knowl-
edge transfer, allowing patients with single-task labels to contribute to
joint representation learning. Experiments on a cohort of 7,348 patients
with lung cancer demonstrate that TGBD-Net achieves an AUC of 0.823
for EGFR mutation prediction and a C-index of 0.743 for PFS predic-
tion, highlighting its effectiveness in real clinical settings. Our code is
available at https://github.com/MenchYoung/TGBD-Net.

Keywords: Lung cancer · Multi-task learning · CT imaging.

1 Introduction

EGFR mutation status [6,26] and progression-free survival (PFS) [5,21] are crit-
ical clinical endpoints for targeted therapy planning in lung cancer. Both tasks
can be predicted from chest CT scans, which provide whole-lung context [7,23],
and tumor region annotations, when available, provide auxiliary tumor-specific
information. Given the clinical association between EGFR mutation status and
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PFS [16], jointly modeling these endpoints, particularly with guidance from tu-
mor annotations, may provide additional insights beyond separate prediction.

In this setting, multi-task learning (MTL) provides a natural paradigm for
joint modeling across tasks [20,25]. Most existing MTL methods primarily focus
on optimization-level challenges, such as mitigating task conflicts [10, 13, 15, 19]
and dynamic loss weighting [1,3,9], implicitly assuming that shared representa-
tions are learned under consistent supervision. However, effective joint modeling
in real-world clinical datasets is challenged by heterogeneous supervision, char-
acterized by: (1) not all patients have tumor region annotations, and (2) not all
patients have both EGFR mutation labels and PFS follow-up information. As
a result, the two tasks are supervised on different patient subsets. Under such
heterogeneous supervision, MTL models built upon the shared backbone may
learn task-dependent representations under different supervision types, leading
to inconsistent representation learning.

Knowledge transfer approaches offer a potential solution by providing aux-
iliary supervision for label-missing samples. However, they typically restrict su-
pervision to fully labeled samples to establish a teacher-student alignment [12,
17, 24]. As a result, their applicability under heterogeneous supervision is lim-
ited, as a large portion of partially labeled patients cannot be effectively utilized
for cross-task knowledge transfer. Therefore, there is a need for a unified frame-
work that simultaneously stabilizes representation learning and enables effective
cross-task knowledge transfer under heterogeneous supervision.

To address these challenges, we propose the Tumor-Guided Bridging Distilla-
tion Network (TGBD-Net), a unified framework for stabilizing feature represen-
tation learning under heterogeneous supervision, which simultaneously supports
EGFR mutation and PFS prediction. The main contributions are summarized
as follows: (1) a unified framework that incorporates patients with single-task
labels into joint learning; (2) two complementary representation-level mecha-
nisms that regularize feature formation without requiring tumor annotations for
all patients, and enable knowledge transfer across patient subsets with different
task labels in a shared representation space; (3) extensive experiments on 7,348
patients demonstrating the robustness of TGBD-Net across multiple tasks.

2 Methodology

In this study, we propose TGBD-Net, a framework for joint EGFR mutation
and PFS prediction under heterogeneous supervision. As illustrated in Fig. 1,
given an input CT scan, an encoder together with a Tumor-Guided Feature Ex-
traction (TGF) module outputs a shared feature fshared, which is fed into two
task-specific heads to produce logits for EGFR mutation prediction task and a
risk score for PFS prediction. The TGF module introduces an adaptive align-
ment mechanism to leverage additional tumor region annotations that are only
available on a subset of patients. To stabilize shared representation learning un-
der heterogeneous supervision, a Bridging Distillation (BD) module is employed
to facilitate cross-task interactions via shared anchor features during training.
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Fig. 1: Overview of TGBD-Net

2.1 The Tumor-Guided Feature Extraction Module

The Tumor-Guided Feature Extraction (TGF) module is designed to construct
a tumor-guided shared representation from whole-lung CT inputs. Specifically,
a Swin Transformer is adopted as the vision encoder to extract the feature map
F ∈ RC×D×H×W before the final normalization layer. A spatial token sequence
S ∈ RN×C (N = D × H ×W ) is obtained by flattening F, and a global fea-
ture fg is computed using global average pooling. To form an image-conditional
query that adapts to each input, a learnable query token qtg is combined with
fg to incorporate global information. The intermediate tumor-guided feature ftg
is obtained via cross-attention and is subsequently fused with fg through con-
catenation and projection to form a shared feature fshared for downstream tasks:

ftg = Attn
(
query = fg + qtg, key, value = S

)
, (1)

fshared = Proj
(
Concat

(
fg, ftg

))
. (2)

To adaptively leverage partial tumor region annotations (in the form of
bounding boxes) available for only a subset of patients during training, while
maintaining a unified modeling path for all patients, the TGF module intro-
duces a conditional feature-level alignment strategy. For samples with available
annotations, ftg is supervised to align with the cropped tumor feature fcrop,
which is extracted using the same encoder and pooling strategy. For samples
without annotations, ftg is generated without additional supervision. Through
this strategy, the TGF module does not require tumor annotations for all sam-
ples, while enabling attention patterns learned from annotated samples to be
implicitly shared with unannotated samples.

2.2 The Bridging Distillation Module

To enable cross-task knowledge transfer, the Bridging Distillation (BD) module
mediates task-specific information through a set of K bridging anchors {ck}Kk=1,
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sample labeled only with EGFR mutation updates the EGFR-related attribute
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each equipped with learnable EGFR- and survival-related attributes. These an-
chors are initialized and periodically updated via K-means clustering, with the
Hungarian algorithm applied to preserve anchor identities and their associated
attributes. As illustrated in Fig. 2, BD operates in two stages:

(1) Shared Attribute Update. This stage transfers task-specific supervi-
sion to anchor-level attributes in a shared anchor space. For each task t (EGFR
mutation and PFS prediction), only samples with labels for task t update the
attribute of their most relevant anchor based on the cosine similarity between
fshared,i obtained from the TGF module and each anchor:

m
(t)
k ← αm

(t)
k + (1− α)

1

|B(t)k |

∑
i∈B(t)

k

y
(t)
i . (3)

Here, m
(t)
k denotes the anchor-level attribute for task t. y

(t)
i refers to binary

mutation labels for EGFR and survival risk scores from the Cox-supervised head
for PFS. B(t)k denotes the labeled samples in the mini-batch assigned to anchor
k for task t, and α is the momentum coefficient controlling the update rate.

(2) Soft Label Distillation. This stage distills anchor-level attribute values
to samples lacking labels for task t to enable indirect supervision. The soft labels
ŷ
(t)
i are computed as a weighted combination of anchor-level attributes m(t)

k that
are updated only from task-labeled samples:

ŷ
(t)
i =

K∑
k=1

wik m
(t)
k , wik =

exp(sim(fshared,i, ck)/τ)∑
j exp(sim(fshared,i, cj)/τ)

. (4)

Here, wik denotes the normalized cosine similarity between sample i and anchor
k, with temperature τ controlling the smoothness of the assignment. ŷ(t)i is used
exclusively for the distillation loss and does not participate in inference.
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2.3 Loss Functions

To accommodate heterogeneous supervision, the overall training objective com-
bines task-wise completion losses and an auxiliary alignment constraint:

L =
∑
t

[
I(t)i L

(t)
sup + (1− I(t)i ) β L(t)

BD

]
︸ ︷︷ ︸

Task-wise Loss Completion

+γ Ianno,i Lalign. (5)

The loss incorporates task-specific switching via the indicator function I(t)i ,
enabling consistent supervision with partially available labels. For samples la-
beled for task t (I(t)i = 1), the supervised loss L(t)

sup is applied, using binary
cross-entropy (BCE) loss for EGFR mutation prediction and the Cox loss [4]
for PFS prediction. For unlabeled samples (I(t)i = 0), the bridging distillation
loss L(t)

BD provides auxiliary soft supervision by minimizing an MSE loss between
model predictions and anchor-derived soft labels. To encourage feature-level con-
sistency between the cropped tumor feature fcrop and the tumor-guided feature
ftg, the alignment loss Lalign = 1− cos(ftg, fcrop) is applied exclusively to sam-
ples with available tumor region annotations (Ianno,i = 1), serving as a cosine
distance penalty between the two representations.

3 Experiments and Results

3.1 Dataset and Preprocessing

This study included 7,348 patients with lung cancer from West China Hospital
of Sichuan University, each with one chest CT scan acquired prior to treatment
initiation and at least one task-specific ground-truth label. PFS was defined as
the time from treatment initiation to disease progression or death. Among them,
6,484 patients had only EGFR mutation labels, 481 patients had only PFS follow-
up information, and 383 patients had both labels, with 18.5% censored PFS
cases, while 4,068 patients had available tumor region annotations. The dataset
was split into training, validation, and test sets at the patient level with an
8:1:1 ratio, corresponding to 5,878, 735, and 735 patients, respectively. Patients
with available PFS follow-up were stratified by progression time, while patients
with only EGFR mutation labels were split independently. The final splits were
formed by combining these mutually exclusive patient subsets. All lung volumes
and annotated tumor regions, when available, were resized to a fixed resolution
of 256× 256× 48 voxels before being fed into the vision encoder.

3.2 Implementation Details

All models were implemented in PyTorch and trained on 2 NVIDIA GeForce
RTX 4090 GPUs for 135 epochs with a batch size of 8. The AdamW optimizer
was adopted with an initial learning rate of 10−4, using a cosine learning rate
schedule and linear warm-up. A weighted sampling strategy was used to increase
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Table 1: Quantitative performance of different methods. – indicates that the
method is not applicable to the corresponding task or evaluation metric. The p-
values are obtained from the log-rank test on the Kaplan–Meier survival curves.

Sup. Methods AUC Acc Sens Spec C-index p-value

Full
ResNet-50 [2] 0.6559 0.6217 0.5859 0.6545 - -
Swin Transformer [14] 0.7728 0.7164 0.6586 0.7705 - -
DeepSurv [11] - - - - 0.6584 <0.0001

Semi Semi-SL (EMA) [22] 0.8091 0.7302 0.7393 0.7219 - -
MIL ABMIL [8] 0.8198 0.7493 0.7485 0.7500 0.6614 0.0004

Hetero.

Sup.-MTL [18] 0.8003 0.7317 0.6963 0.7640 0.6601 0.0078
UW-MTL [3] 0.8068 0.7361 0.6748 0.7921 0.6829 0.0044
CA-MTL [13] 0.7956 0.7111 0.6534 0.7640 0.6964 0.0004
TP-MTL [9] 0.8043 0.7405 0.6963 0.7809 0.6908 0.0021
JTR-MTL [15] 0.8019 0.7302 0.6871 0.7697 0.6772 0.0006
TGBD-Net (Ours) 0.8233 0.7522 0.7362 0.7669 0.7433 <0.0001

the exposure of samples with PFS outcome during training. In addition, Bridging
anchors (K = 4) were periodically updated every 5 epochs from epoch 10 to 100.
The hyperparameters were set to α = 0.9 for Eq. (3), τ = 0.2 for Eq. (4), and
β = 0.5, γ = 1.0 for Eq. (5). The best-performing model was selected based on
validation AUC and the same model was used for evaluating PFS prediction.

3.3 Comparison Results

We compare our method with representative approaches across four supervi-
sion types (Sup.): (1) Full Supervision, including a ResNet-50 initialized with
MedicalNet pretraining weights [2], a Swin Transformer [14], and a Cox-based
DeepSurv [11]; (2) Semi-supervised learning, represented by an EMA-based semi-
supervised strategy (Semi-SL.) [22]; (3) Multiple Instance Learning (MIL), repre-
sented by ABMIL [8]; (4) Heterogeneous Supervision (Hetero.) multi-task learn-
ing, including standard supervised multi-task learning (Sup.-MTL) [18] as well as
MTL variants with uncertainty-based weighting, conflict-averse gradient descent,
task prioritization, and joint task regularization (UW-MTL [3], CA-MTL [13],
TP-MTL [9], and JTR-MTL [15]).

To ensure a fair comparison, all baselines (except ResNet-50) adopt the same
Swin Transformer backbone as TGBD-Net, while ABMIL and all MTL baselines
are trained on the full dataset. Furthermore, ResNet-50 and Swin Transformer
are included as reference backbones and performance anchors, while DeepSurv
is inherently limited to survival analysis and does not support EGFR mutation
prediction. The semi-SL. baseline is evaluated only on the classification task, as
the label for PFS involves both progression time and event status, which is not
directly compatible with EMA-based distillation. Since ABMIL is not originally
designed for 3D CT-based models, we adapt it by computing attention-based
aggregation over visual tokens extracted from 3D volumes.
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Fig. 3: Kaplan–Meier survival curves for different methods, with a zoomed-in in-
set of the early follow-up period; shaded areas show the 95% confidence intervals.

(1) Quantitative Comparison. As shown in Table 1, TGBD-Net achieves
the best overall performance on both EGFR mutation prediction and PFS pre-
diction. For EGFR mutation prediction, we evaluate model performance
using the area under the ROC curve (AUC), accuracy (Acc), sensitivity (Sens),
and specificity (Spec). TGBD-Net achieves the highest AUC (0.823) and Acc
(0.752) among all compared methods, while maintaining the best overall bal-
ance between Sens and Spec. For PFS prediction, the concordance index
(C-index) is used as the evaluation metric. The p-values reported in Table 1,
Table 2, and Fig. 3 are obtained from log-rank tests on Kaplan–Meier curves,
where patients are stratified into high- and low-risk groups based on the median
predicted risk scores of each model. TGBD-Net achieves the highest C-index
of 0.743, representing an improvement of 0.047 over the second-best CA-MTL
model and 0.082 over the ABMIL baseline, which performs competitively on
EGFR mutation prediction. Compared with optimization-level MTL methods,
the proposed BD module performs representation-level regularization through
bridging anchors, leading to more stable cross-task learning under heterogeneous
supervision.

(2) Kaplan–Meier Analysis. Fig. 3 shows the Kaplan–Meier survival
curves for different methods. Among the compared methods, TGBD-Net demon-
strates clearer risk stratification of high- and low-risk groups, particularly in the
early follow-up period, with a log-rank p-value < 0.0001.

3.4 Ablation Studies

We conduct three ablation studies to validate TGBD-Net’s architecture, key
design choices, and training stability.

(1) TGF and BD Modules. Table 2 reports ablations of different combina-
tions of TGF and BD modules, where BD-reg, BD-uni, and Full denote different
BD variants. Specifically, BD-reg only incorporates anchor-based regularization
without distillation, while BD-uni adds uni-directional distillation using bridging
anchors with only EGFR-related attribute. Compared with Sup.-MTL, adding
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Table 2: Effectiveness of tumor-guided feature learning strategy and relevant
modules, with Sup.-MTL as the baseline. Bold values indicate the best result.
Variant TGF BD variant AUC Acc C-index p-value
Sup.-MTL ✗ ✗ 0.8003 0.7317 0.6601 0.0078
+ TGF ✓ ✗ 0.8154 0.7449 0.6539 0.0238
+ TGF + BD-reg ✓ anchor regularization 0.8078 0.7185 0.6905 0.0002
+ TGF + BD-uni ✓ uni-directional distillation 0.8220 0.7537 0.6768 <0.0001
Full (Ours) ✓ bi-directional distillation 0.8233 0.7522 0.7433 <0.0001
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Fig. 4: Ablation of alignment strategies and feature choices. (a) AUC and (b)
Accuracy (Acc) for EGFR mutation prediction; (c) C-index for PFS prediction.

TGF yields higher EGFR mutation prediction (AUC/Acc: 0.815/0.745), while
the C-index remains comparable (0.654). Incorporating the BD module shows an
overall improving trend across tasks. BD-reg mainly enhances PFS prediction by
providing anchor-based regularization, while BD-uni favors EGFR mutation pre-
diction through uni-directional knowledge transfer, reflecting different cross-task
regularization behaviors across BD variants. The full bi-directional BD yields a
0.089 gain in C-index over the TGF-only model, while maintaining competi-
tive performance in EGFR mutation prediction, highlighting the importance of
coordinated cross-task interactions under heterogeneous supervision.

(2) Alignment Strategies and Feature Choices. Fig. 4 ablates align-
ment strategies and feature choices for EGFR (AUC/Acc) and PFS (C-index).
For EGFR mutation prediction, while the MSE-based alignment shows less sta-
ble behavior, the cosine similarity-based alignment yields consistent gains, with
AUC from 0.818 to 0.823 and Acc from 0.737 to 0.752. Across different features
chosen for the EGFR prediction head, both the tumor-guided feature ftg and
the shared feature fshared outperform the global feature fg, with ftg achieving
the highest AUC (0.831). However, for PFS prediction, fshared yields a C-index
of 0.743 that notably surpasses ftg (0.649). Therefore, fshared is selected as the
final representation for both tasks to achieve a balanced performance.

(3) Anchor Parameterization Strategies. Compared with our periodic
update strategy in the BD module, using a fixed K-means clustering after warm-
up without updates results in inferior performance (AUC: 0.816, C-index: 0.701),
while treating anchors as fully learnable parameters optimized via gradient de-
scent further degrades performance (AUC: 0.803, C-index: 0.645).
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4 Conclusion

In this study, we propose TGBD-Net, a unified framework for joint EGFR muta-
tion and PFS prediction from chest CT scans under heterogeneous supervision.
By leveraging limited tumor region annotations through tumor-guided feature
alignment and structuring cross-task interactions via bridging distillation, the
proposed method enables more consistent representation learning by incorporat-
ing samples with missing labels and without annotations. Extensive experiments
demonstrate that TGBD-Net achieves favorable performance across both tasks,
highlighting its robustness in realistic clinical settings. Future work will further
explore external multicenter validation and broader clinical generalization under
heterogeneous supervision.
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