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Abstract. Accurate classification of adrenal tumors is essential for dis-
tinguishing hormonally active tumors from non-functioning adenomas
and guiding appropriate management. Current diagnostic workflows typ-
ically rely on multi-step endocrine testing and contrast-enhanced CT,
which may introduce additional radiation exposure and contrast-related
risks. In this study, we investigate four-class adrenal tumor classifica-
tion—Cushing’s syndrome, primary aldosteronism, pheochromocytoma,
and non-functioning adenoma—using non-contrast CT combined with
routinely collected non-hormonal clinical variables. This task is chal-
lenged by substantial variable-level missingness in structured clinical
data and pronounced class imbalance in real-world surgical cohorts. We
propose a missingness-aware multimodal learning framework that ex-
plicitly encodes missing patterns and conditions cross-modal fusion on
input reliability. Structured embeddings modulate imaging features via
feature-wise affine transformation to enable interaction, while a relia-
bility descriptor derived from missing patterns predicts adaptive fusion
weights to dynamically integrate imaging, clinical, and interaction rep-
resentations under incomplete inputs. To further address imbalance, we
introduce a distribution-aware prototype regularization objective on the
fused embedding space, encouraging compact intra-class representations
and enlarged inter-class margins. Experiments on a retrospective co-
hort of 1,108 patients demonstrate that the proposed method achieves
a macro-F1 of 0.822, balanced accuracy of 0.825, and AUC of 0.963 on
a held-out test set, outperforming state-of-the-art unimodal and multi-
modal baselines. Notably, the method improves recall for minority tumor
categories while maintaining stable performance on the majority class.
Code is available at https://github.com/fj-sunny/AMAF-Net.
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1 Introduction

Adrenal incidentalomas are detected in approximately 2–7% of abdominal CT ex-
aminations, with prevalence increasing with age [3,24]. Although most lesions are
benign adenomas, distinguishing hormonally active tumors—including primary
aldosteronism, pheochromocytoma, and cortisol excess—from non-functioning
adenomas is essential for appropriate management [9,24]. Current evaluation in-
tegrates imaging and endocrine assessment: non-contrast CT is recommended
as the initial modality, whereas further characterization often requires contrast-
enhanced multiphase imaging [9], which increases radiation exposure and in-
troduces contrast-related risks [5]. Endocrine work-up (aldosterone–renin ra-
tio, plasma/urinary metanephrines, and dexamethasone suppression testing) is
multi-step and can be affected by medication use and patient compliance [1,14,17].
Therefore, reliable classification based on non-contrast CT and routinely avail-
able non-hormonal clinical variables, while reducing reliance on complex hor-
monal testing and contrast-enhanced imaging, remains a clinically important
goal.

Recent studies on adrenal tumor classification mainly rely on imaging-based
models. Moawad et al. [16] and O’Shea et al. [18] combined radiomics with
conventional classifiers to differentiate indeterminate lesions and lipid-poor ade-
nomas from metastases, while Singh et al. [20] and Zhao et al. [26] adopted
3D CNNs and transformer-based architectures for benign–malignant discrimi-
nation on contrast-enhanced CT. However, these efforts predominantly focus on
binary tasks under enhanced imaging, and a multimodal four-class framework
integrating non-contrast CT and clinical data remains lacking. To exploit hetero-
geneous information, multimodal fusion has evolved from feature concatenation
[21] to interaction-based designs: Perez et al. introduced FiLM for affine feature
modulation [19], and Zhang et al. incorporated cross-attention for bidirectional
interaction [25]. In medical imaging, Wolf et al. proposed DAFT to inject tabular
information into CNN backbones [22], and Duenias et al. developed HyperFu-
sion via hypernetworks for dynamic adaptation [8]. Yao et al. proposed DrFuse
to improve robustness under missing modalities [23], while Han et al. introduced
FuseMoE for mixture-of-experts routing [11]. Despite these advances, missing
clinical variables are often handled by imputation or dropout, rather than ex-
plicitly guiding adaptive fusion using missingness patterns. Moreover, clinical
cohorts frequently exhibit class imbalance: Lin et al. proposed focal loss [15],
Cui et al. introduced class-balanced reweighting [4], and Du et al. improved mi-
nority discrimination with probabilistic prototypical contrastive learning [7]. Yet
these strategies mainly operate at the loss level and are largely developed for
unimodal image learning, leaving a gap for multimodal frameworks that jointly
address missing clinical data and class imbalance.

In this paper, we propose a missingness-aware multimodal learning frame-
work for four-class adrenal tumor classification, covering primary aldosteronism,
Cushing’s syndrome, pheochromocytoma, and non-functioning adenoma. The
framework integrates non-contrast CT and non-hormonal clinical variables un-
der incomplete and imbalanced clinical settings. Our contributions are threefold:
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Fig. 1. Overview of the proposed framework. (a) CT preprocessing pipeline using nnU-
Net segmentation and ROI normalization. (b) Overall multimodal architecture with
explicit missing modeling. (c) Missingness-aware adaptive fusion with element-wise
modulation and reliability-guided weighting. (d) Distribution-aware prototype regular-
ization for class imbalance mitigation.

(1) a missingness-aware adaptive fusion mechanism that conditions cross-modal
interaction on clinical missingness patterns for sample-specific modulation under
incomplete inputs; (2) a distribution-aware prototype regularization objective
that promotes compact intra-class representations and enlarged inter-class mar-
gins to improve minority-class separability under imbalance; and (3) extensive
experiments on a retrospective cohort of 1,108 patients demonstrating consis-
tent improvements over imaging-based and multimodal baselines, with notable
gains in macro-F1 and minority-class sensitivity under realistic incomplete and
imbalanced conditions.

2 Materials and Method

2.1 Dataset Description and Preprocessing

This retrospective study was approved by the Institutional Ethics Committee of
Ruijin Hospital, Shanghai Jiao Tong University School of Medicine, and informed
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consent was waived due to data de-identification. A total of 1,108 patients who
underwent adrenal tumor resection between January 2020 and August 2025 were
included, comprising Cushing’s syndrome (CS, n = 141), primary aldosteronism
(PA, n = 707), pheochromocytoma (PC, n = 143), and non-functioning adenoma
(NFA, n = 117), with evident class imbalance.

All patients underwent non-contrast CT. The CT preprocessing pipeline is
illustrated in Fig. 1(a). A nnU-Net [13] segmentation model was trained on 300
scans manually annotated by radiologists (Dice = 0.79 on a held-out set) and
applied to the full cohort. Tumor masks were expanded by 5 mm, cropped, resam-
pled to 1×1×1 mm, resized to 96×96×96, and intensity-normalized. Structured
clinical variables included demographic information, laboratory measurements
(biochemical and metabolic indices), 24-hour urinary tests, and tumor-related
descriptors. Several variables exhibited substantial variable-level missingness.
In particular, hypertension status showed over 50% missingness, while multiple
metabolic and 24-hour urinary indicators (e.g., fasting glucose, urine electrolytes,
and lipid profiles) had missing rates exceeding 35–45%. This heterogeneous and
high missingness motivated the missingness-aware modeling strategy.

2.2 Method Overview

Given a CT ROI and structured clinical variables with potential missing en-
tries, the proposed framework performs missing-aware multimodal adrenal tumor
classification under incomplete and imbalanced conditions. The model consists
of three key components. First, multimodal feature extraction encodes imaging
features from the CT ROI, structured variables, and missing patterns to obtain
modality-specific embeddings along with a reliability descriptor. Second, these
representations are integrated through a missing-aware adaptive fusion mecha-
nism, which enables cross-modal interaction and dynamically adjusts modality
contributions based on input completeness. Third, the fused embedding is opti-
mized with distribution-aware prototype regularization to enhance class separa-
bility under imbalance. The overall architecture is illustrated in Fig. 1(b).

Missing Pattern Encoding and Multimodal Feature Extraction Given
multimodal samples {(Xi, Ti, yi)}Ni=1, Xi denotes the CT volume and Ti ∈ Rd

denotes structured clinical variables with missing entries. A binary missing in-
dicator Mi ∈ {0, 1}d is introduced to encode variable-level incompleteness. The
dataset-level missing ratio is defined as

ρ =
1

Nd

∑
i,j

Mij . (1)

Missing entries are imputed using training-set statistics and standardized. The
concatenated vector [T̂i;Mi] is fed into a multilayer perceptron (MLP) to pro-
duce a structured embedding si ∈ RD. The imaging modality is encoded by a
3D ResNet-18 backbone followed by global average pooling and a linear projec-
tion layer, producing an imaging embedding vi ∈ RD. To separate reliability
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information from discriminative features, the missing pattern is further encoded
as

ri = Ψ([Mi; ρ]), (2)
where Ψ(·) is a lightweight MLP. The descriptor ri summarizes sample-level
incompleteness and serves as a control signal in the subsequent fusion stage.

Missingness-aware Adaptive Fusion Inspired by feature-wise modulation
methods such as FiLM [19] and DAFT [22], we propose a missingness-aware
adaptive fusion mechanism that integrates structured clinical information into
the imaging encoder while accounting for input reliability (Fig. 1(c)).

Specifically, let Fi denote the high-level feature map extracted from the imag-
ing backbone. The structured embedding si is passed through a lightweight mul-
tilayer perceptron with non-linear activation, whose output is split channel-wise
into two transformation parameters ai and bi. These parameters share the same
channel dimensionality as Fi and are used to perform feature-wise affine modu-
lation:

F̃i = ai ⊙ Fi + bi, (3)
where ⊙ denotes element-wise multiplication. After global average pooling and
linear projection, the modulated feature map produces an interaction embedding
ui. Following the same pooling-and-projection scheme, the original imaging em-
bedding vi is obtained from the unmodulated imaging pathway.

To preserve complementary evidence, we explicitly maintain three represen-
tations: the imaging embedding vi, the structured embedding si, and the inter-
action embedding ui. To adaptively adjust modality contributions under hetero-
geneous missingness, the reliability descriptor ri (derived from clinical missing
patterns) predicts fusion weights:

[λu
i , λ

s
i , λ

v
i ] = Softmax

(
MLP(ri)

)
, (4)

where the weights are non-negative and sum to one.
The final fused embedding is computed as

hi = λu
i ui + λs

i si + λv
i vi. (5)

Distribution-aware Prototype Regularization Prototype-based contrastive
learning, such as ProCo [7], models class-wise feature distributions to improve
representation compactness and inter-class separability under imbalance. We
apply this idea in the multimodal fusion setting by regularizing the fused repre-
sentation space hi, as illustrated in Fig. 1(d).

Specifically, hi is projected into a center descriptor µi and a dispersion de-
scriptor δi, where δi is constrained to be non-negative to characterize intra-class
uncertainty. For each class k ∈ {1, . . . ,K}, class-level prototypes (µ̄k, δ̄k) are es-
timated from training samples and updated during optimization (in our setting,
K = 4). The discrepancy between sample i and class k is defined as

D(i, k) = ∥µi − µ̄k∥22 + β
∑
j

(δi,j + δ̄k,j), (6)
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where β balances center deviation and dispersion regularization. The prototype
regularization loss is formulated as

Lproto = − log
exp(−D(i, yi))∑K
k=1 exp(−D(i, k))

. (7)

The final training objective combines classification and prototype regularization:

Ltotal = Lce + λprotoLproto. (8)

3 Experiment

3.1 Experimental Settings and Evaluation

We adopted patient-level five-fold stratified cross-validation with an independent
20% held-out test set for final reporting. Models were trained using AdamW
(learning rate 1e-4, weight decay 0.1, batch size 8) for up to 100 epochs, with
early stopping (patience = 15) based on validation macro-F1 and ReduceL-
ROnPlateau scheduling. The training objective combined cross-entropy with
the proposed prototype alignment loss. The prototype loss weight was set to
λproto = 0.1, the uncertainty coefficient in Eq. (6) to β = 0.1, and the tempera-
ture to τ = 0.07. Class prototypes were updated by exponential moving average
with momentum 0.9. All models incorporating structured clinical inputs used the
same preprocessing pipeline, including statistical imputation and concatenation
of binary missing indicators. Test-set performance was evaluated using macro-F1
(primary metric), balanced accuracy (BAcc), overall accuracy (Acc), and macro-
averaged AUC. We further report per-class recall and the Pearson correlation
between clinical missing ratio and fusion weights to characterize behavior under
high missingness.

3.2 Comparison with State-of-the-Art Methods

We compared the proposed method with representative unimodal and multi-
modal baselines, reporting performance on the held-out test set. Unimodal mod-
els included ResNet18 [12], 3D U-Net [2], Vision Transformer (ViT) [6], multi-
layer perceptron (MLP), and FT-Transformer [10], while multimodal baselines
covered Concat, Late Fusion, Cross-attention [25], DAFT [22], HyperFusion [8],
and DrFuse [23]. As summarized in Table 1, multimodal methods consistently
outperformed unimodal models, and interaction-based fusion strategies yielded
further gains over simple concatenation. The proposed method achieved the
best overall performance (macro-F1 0.822, BAcc 0.825, AUC 0.963), exceeding
all compared approaches and improving macro-F1 by 4.6% over the strongest
baseline (DrFuse, 0.776). Table 2 further shows that improvements are most ev-
ident in minority categories. Recall for CS increased from 0.750 to 0.821 and for
NFA from 0.667 to 0.708, while performance on the majority class PA remained
stable (0.943). These gains directly contribute to higher macro-F1 and balanced
accuracy, indicating enhanced discrimination of underrepresented classes rather
than shifts in overall prediction bias.
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Table 1. Comparison with Uni- and Multimodal Baselines for Adrenal Tumor Classi-
fication.

Category Method AUC↑ Macro-F1↑ Acc↑ BAcc↑
Image-only ViT [6] 0.738 0.427 0.622 0.462

3D U-Net [2] 0.871 0.606 0.772 0.584
ResNet18 [12] 0.857 0.635 0.783 0.628

Clinical-only FT-Transformer [10] 0.935 0.651 0.800 0.655
MLP 0.938 0.657 0.800 0.663
MLP+Missingness 0.943 0.702 0.822 0.703

Fusion baselines Concat 0.924 0.677 0.806 0.677
Cross-attention [25] 0.943 0.698 0.827 0.703
Late Fusion 0.941 0.734 0.842 0.725
DAFT [22] 0.928 0.725 0.832 0.720
HyperFusion [8] 0.954 0.759 0.849 0.764
DrFuse [23] 0.949 0.776 0.855 0.788

Proposed Ours 0.963 0.822 0.887 0.825

Table 2. Per-class recall (CS=28, PA=141, PC=29, NFA=24).

Method CS PA PC NFA
Cross-attention [25] 0.714 0.929 0.793 0.375
HyperFusion [8] 0.786 0.922 0.724 0.625
DrFuse [23] 0.750 0.908 0.828 0.667
Ours 0.821 0.943 0.828 0.708

3.3 Mechanism Analysis

Missing-aware Behavior and Representation Analysis As the missing ra-
tio increases, the clinical weight (λs) decreases significantly (Pearson r = −0.94,
p < 0.001), while imaging (λv) and interaction weights (λu) increase (r = +0.62
and +0.71), indicating that the model adaptively shifts reliance from incomplete
clinical inputs to complementary modalities, as shown in Table 3. Embedding
visualization further reveals that Cross-Entropy leads to evident class overlap,
and Focal Loss only partially improves cluster compactness. In contrast, pro-
totype regularization produces tighter intra-class clusters and clearer inter-class

Fig. 2. t-SNE Visualization of Embedding Distributions under Different Objectives.
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Table 3. Missingness-conditioned fusion weights on the test set. Pearson correlation
coefficients between missing ratio and fusion weights are all statistically significant
(p < 0.001). Arrows indicate the direction of change as missing ratio increases.

Missing Ratio λv ↑ λs ↓ λu ↑
0–10% 0.330 0.291 0.379
10–30% 0.342 0.274 0.384
30–50% 0.355 0.258 0.387
>50% 0.370 0.235 0.395
Pearson r +0.62 -0.94 +0.71

Table 4. Ablation study on missing-aware fusion and imbalance objective.

Variant AUC↑ Macro-F1↑ Acc↑ BAcc↑
w/o Missing Indicator 0.949 0.744 0.809 0.777
w/o Reliability Descriptor 0.962 0.787 0.868 0.802
w/o Adaptive Weighting 0.958 0.778 0.865 0.783
w/o Interaction Branch 0.947 0.739 0.822 0.762
w/o Imaging Branch 0.949 0.747 0.833 0.771
w/o Clinical Branch 0.957 0.765 0.851 0.778
w/o Lproto 0.960 0.779 0.868 0.788
Replace with Focal Loss 0.955 0.793 0.865 0.809
Ours 0.963 0.822 0.887 0.825

margins, resulting in a more discriminative representation space, as illustrated in
Fig. 2. This structural improvement aligns with the observed gain in Macro-F1.

Ablation Study Performance consistently drops when removing missing-aware
components (indicator, reliability descriptor, or adaptive weighting), demon-
strating the necessity of dynamic fusion. Eliminating modality or interaction
branches further degrades results, indicating that both unimodal representations
and cross-modal interactions are essential, as summarized in Table 4. Replacing
prototype alignment with cross-entropy or Focal Loss reduces Macro-F1, show-
ing that prototype regularization enforces stronger class-level structure than re-
weighting strategies. The complete model achieves the best overall performance.

4 Conclusion

In summary, this study advances four-class adrenal tumor classification by mov-
ing beyond conventional single-modality approaches and integrating non-contrast
CT with routinely collected non-hormonal clinical data. In contrast to prior
imaging-dominated studies, our work demonstrates the feasibility and benefit
of multimodal modeling under realistic clinical conditions characterized by sub-
stantial missingness and class imbalance. Experimental results on a retrospective
cohort of 1,108 patients show that our framework achieves superior macro-F1,
balanced accuracy, and AUC compared with state-of-the-art baselines, with no-
tably improved recall for minority tumor categories. Future work will focus on
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external multi-center validation to further evaluate generalizability and support
clinical translation.
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