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Abstract. Lupus nephritis (LN) is a severe complication of systemic
lupus erythematosus that affects pediatric patients with significantly
greater severity and worse renal outcomes compared to adults. Despite
the urgent clinical need, predicting pediatric LN prognosis remains un-
explored in computational pathology. Furthermore, the only existing
histopathology-based approach for LN relies on multiple costly staining
protocols and fails to integrate complementary clinical data. To address
these gaps, we propose the first multimodal computational pathology
framework for three-class treatment response prediction (complete remis-
sion, partial response, and no response) in pediatric LN, utilizing only
routine PAS-stained biopsies and structured clinical data. Our frame-
work introduces two key methodological innovations. First, a Clinical-
Injection Transformer (CIT) embeds clinical features as condition to-
kens into patch-level self-attention, facilitating implicit and bidirectional
cross-modal interactions within a unified attention space. Second, we de-
sign a decoupled representation-knowledge adaptation strategy using a
domain-adapted Masked Autoencoder (MAE). This strategy explicitly
separates self-supervised morphological feature learning from pathologi-
cal knowledge extraction. Additionally, we introduce a multi-granularity
morphological type injection mechanism to bridge distilled classification
knowledge with downstream prognostic predictions at both the instance
and patient levels. Evaluated on a cohort of 71 pediatric LN patients
with KDIGO-standardized labels, our method achieves a three-class ac-
curacy of 90.1% and an AUC of 89.4%, demonstrating its potential as a
highly accurate and cost-effective prognostic tool.

Keywords: Lupus Nephritis · Multimodal Fusion · Clinical-Injection
Transformer · Representation-Knowledge Decoupling · Computational
Pathology.
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1 Introduction

Lupus nephritis (LN) affects 50–82% of pediatric systemic lupus erythematosus
(SLE) patients [1]—substantially more than adults (20–40%) [2]—with greater
disease severity and worse long-term renal outcomes [3]. Yet childhood-onset SLE
itself is exceptionally rare, with an incidence of only 0.3–0.9 per 100,000 children-
years—approximately one-sixth of the adult rate [4, 5]. When further restricted
to biopsy-confirmed cases with longitudinal follow-up and digitized pathology,
even the largest multicenter pediatric LN cohorts comprise only about 300 pa-
tients [3]. Besides, its treatment response varies significantly—complete remis-
sion (CR), partial response (PR), or no response (NR)—and early identification
is critical.

With the growing adoption of deep learning in medical image analysis, exist-
ing approaches for LN prognosis fall into two disjoint tracks: machine learning
models based on clinical biomarkers have shown promise for treatment outcome
and relapse prediction [6], but discard the rich morphological information in renal
biopsies; on the other hand, the only histopathology-based approach [7] requires
four costly staining protocols without clinical data integration. No method com-
bines histopathology with clinical data for LN prognosis, and pediatric LN [1]
lacks any biopsy-image-based prediction approach.

Meanwhile, multimodal fusion of histopathology and clinical or genomic data
has emerged as a key direction. However, methods such as MCAT [8], Surv-
Path [9], CMTA [10], and HEALNet [11] typically require complex dual-stream
architectures prone to overfitting on small cohorts. This motivates our Clinical-
Injection Transformer, which injects clinical features as condition tokens into
unified self-attention for parameter-efficient cross-modal interaction.

In addition, self-supervised pretraining, such as Masked Autoencoder (MAE)-
based approaches [12] have shown effectiveness for medical image classifica-
tion [13] and pathology representation learning [14]. These motivate us to explore
MAE-based self-supervised pretraining on glomerulus patches to learn domain-
specific representations.

In this work, we propose a multimodal framework for pediatric LN three-class
prognosis prediction. Our contributions are:
1. The first multimodal computational pathology framework for LN

treatment response prediction from routine single-stain histopathology with
clinical data, under KDIGO-standardized three-class criteria (CR/PR/NR).

2. Clinical-Injection Transformer (CIT), which injects clinical features as
condition tokens into patch-level self-attention, enabling bidirectional cross-
modal interaction—simpler and more parameter-efficient than cross-attention [8]
or separate fusion modules [9].

3. Decoupled representation-knowledge adaptation that separates self-
supervised feature learning from morphological classification, preserving prog-
nostically relevant features (+7.1% over DINOv2 [15]).

4. Multi-granularity morphological type injection bridging distilled clas-
sification knowledge with prognosis at patch and patient levels (+2.3% Acc,
+5.3% M-F1).
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Fig. 1. Overview of the proposed framework.

2 Method

2.1 Framework Overview

Our framework (Fig. 1) consists of four stages: (0) automated glomerulus detec-
tion from PAS-stained WSIs, producing N cropped glomerulus patches per pa-
tient; (1) decoupled representation-knowledge adaptation—a ViT-B/16 encoder
is pretrained via MAE [12] on 4,826 glomerulus patches, then serves two paths:
the frozen pretrained encoder extracts patch representations {xi ∈ R768}Ni=1

(representation path), while a finetuned copy with a classification head produces
discrete morphological type labels {ti}Ni=1 (knowledge path), which are combined
with clinical features c ∈ Rdc ; (2) Clinical-Injection Transformer fuses patch fea-
tures (with multi-granularity type injection) and clinical condition token via uni-
fied self-attention for bidirectional cross-modal interaction; (3) gated attention-
based multiple instance learning (MIL) aggregation pools enriched patch tokens
into a patient-level representation, which is concatenated with the enriched clin-
ical token and classified into CR/PR/NR via a classification head.

2.2 Decoupled Representation-Knowledge Adaptation

Finetuning for morphological classification narrows the representation space to-
ward category-level discrimination, at the cost of subtle morphological cues—
such as texture variations and structural irregularities—that are not rewarded
by the classification objective yet may prove essential for predicting treatment
response. We address this by decoupling domain adaptation into two comple-
mentary paths:

Representation path: self-supervised pretraining. A ViT-B/16 en-
coder is pretrained using masked autoencoding [12] on approximately 5,000
glomerulus patches, including publicly available annotated glomerular data [16]
with an in-house collection from 137 patients at a collaborating center. This
expanded pretraining corpus ensures exposure to diverse glomerular morpholo-
gies across institutions and staining variations. Following standard MAE, 75%
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of patches are masked and the encoder learns to reconstruct the masked regions,
capturing broad tissue textures and structural patterns. The pretrained encoder
is frozen for downstream feature extraction, preserving its rich, task-agnostic
representations.

Knowledge path: supervised morphological classification. A copy of
the pretrained encoder is finetuned for 5-class glomerular morphological classifi-
cation (achieving 92% accuracy): mesangial proliferative, normal, endocapillary
proliferative, crescentic, and sclerotic. Rather than using the finetuned encoder
for feature extraction, we distill its acquired pathological knowledge into dis-
crete type labels, which are subsequently injected into the downstream model
via multi-granularity type injection (Sec. 2.4).

Our ablation (Sec. 3.3) confirms this effect: frozen self-supervised features
outperform finetuned features by +6.0% Acc, indicating that classification-oriented
adaptation indeed discards prognostically relevant information. By separating
representation learning from knowledge extraction, we preserve the represen-
tational richness of self-supervised features while still leveraging pathological
semantics through structured knowledge injection.

2.3 Clinical-Injection Transformer (CIT)

The core of our fusion module integrates clinical features with patch-level image
features through a unified self-attention mechanism.

Clinical condition token. Given clinical features c ∈ Rdc , we project them
into the patch feature space:

zcond = LayerNorm(ReLU(Wcc+ bc)) ∈ Rdh (1)

where dh=256 is the hidden dimension. This condition token represents the pa-
tient’s clinical context.

Unified self-attention. Patch features {xi}Ni=1 are projected to {zi ∈ Rdh}
and concatenated with the condition token:

Z(0) = [zcond; z1; z2; . . . ; zN ] ∈ R(N+1)×dh (2)

This sequence is processed by L=2 Transformer encoder layers (4 attention heads
per layer):

Z(l) = TransformerLayer(Z(l−1)), l = 1, . . . , L (3)

By placing clinical and image tokens in the same self-attention sequence, each
clinical feature naturally attends to all patch features and vice versa, enabling
implicit bidirectional interaction without explicit cross-attention modules.
The entire CIT module contains approximately 0.56M parameters, substantially
fewer than dual-stream cross-attention architectures, mitigating overfitting on
small datasets.

Attention-based MIL aggregation. After the Transformer, patch rep-
resentations are aggregated into a patient-level image representation via gated
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attention-based MIL pooling [17]:
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The final patient representation h = [himg; z
(L)
cond] concatenates the aggregated

image representation with the enriched clinical token, followed by a classification
head.

2.4 Multi-Granularity Morphological Type Injection

We bridge the knowledge path and downstream prognosis through multi-granularity
feature injection, providing the model with explicit morphological semantics at
complementary hierarchical levels:

Patch-level injection. Each patch’s morphological type label (from the
knowledge path) is encoded as a one-hot vector ti ∈ {0, 1}K (K=5 classes) and
concatenated with the image feature: x̃i = [xi; ti] ∈ Rd+K . This informs the
Transformer of each patch’s morphological identity.

Patient-level injection. The type distribution d = 1
N

∑
i ti ∈ [0, 1]K is

concatenated with clinical features: c̃ = [c;d] ∈ Rdc+K , encoding overall lesion
composition (e.g., proportion of sclerotic or crescentic glomeruli).

Unlike multi-granularity approaches operating within a single modality [18],
our injection spans across modalities, transferring distilled classification knowl-
edge to prognosis at corresponding hierarchical levels. Patch-level morphologi-
cal identity constrains instance-level attention, while patient-level composition
informs global clinical interaction; these two granularities are designed to act
jointly and provide complementary signals. To regularize training under severe
class imbalance, we apply manifold Mixup [19] at the patient-level representa-
tion space, where interpolation in the learned embedding captures semantically
meaningful morphological summaries.

3 Experiments

3.1 Dataset and Setup

Ethics approval and data collection. This study was approved by the In-
stitutional Review Board of Guangzhou Women and Children’s Medical Center.
We collected PAS-stained renal biopsy WSIs and clinical records from 180 pe-
diatric LN patients at a tertiary children’s hospital. A YOLO-based detection
model [16] extracts glomeruli (99% sensitivity). After inclusion criteria (complete
biopsy digitization, sufficient clinical measurements, evaluable 12-month KDIGO
outcome), 71 patients (CR=49, PR=10, NR=12) with 2,925 glomerulus patches
(448×448, mean 31.5/patient) formed the final cohort.

Clinical features. The 59 clinical features span: (i) 3 demographics (age,
sex, disease duration); (ii) 22 baseline (0-month) features across urinalysis (urine



6 Y. Huang et al.

protein, protein-to-creatinine ratio, urine RBC/WBC), blood routine (hemoglobin,
platelets, WBC), renal biochemistry (serum creatinine, eGFR, BUN, albumin),
immunological markers (C3, C4, ANA, anti-dsDNA), anthropometrics (BMI,
blood pressure), and SLEDAI-2K; (iii) 34 three-month features (17 repeated
measures + 17 deltas). The 3-month features and deltas are temporally distinct
from the 12-month outcome. Missing values are handled by MICE [20], applied
exclusively to pre-outcome features and strictly excluding outcome labels.

Cross-validation and training. All experiments use 5-fold cross-validation
with 3 random seeds. To prevent data leakage, MICE imputation is performed
independently within each fold—the imputer is fitted solely on the training
split and applied to transform the unseen validation/test splits. The morpho-
logical classification model (knowledge path, Sec. 2.2) is retrained per fold us-
ing only training and validation splits; its discrete predictions on the held-out
test patients serve as type labels {ti}Ni=1 for downstream prognosis. Outcome
labels follow KDIGO [21]: CR requires proteinuria normalization and stable cre-
atinine; PR requires ≥50% proteinuria reduction; NR otherwise. We evaluate
baseline-only (0m, 25 dims) and baseline+3-month (0m+3m, 59 dims). Models
use AdamW (lr=1e-3, wd=5e-4), cosine annealing, early stopping on weighted
F1 (patience 50), weighted cross-entropy (class weights inverse to frequency),
manifold Mixup [19] (α=0.4), and label smoothing (ϵ=0.05). Metrics: accuracy
(Acc), weighted F1 (W-F1), macro-averaged F1 (M-F1), AUC (mean±std).

3.2 Main Results

Table 1 presents three-class prognosis prediction results. We evaluate the progres-
sion from single-modality prediction to multimodal fusion with increasing clinical
context. ABMIL [17], TransMIL [22], and CLAM [23] serve as image-only MIL
baselines, Clinical MLP provides the single-modality clinical baseline, and Late
Fusion concatenates image and clinical features without cross-modal interaction.
Our CIT is evaluated with two clinical input configurations: baseline-only (0m,
25 dimensions) and baseline plus 3-month follow-up (0m+3m, 59 dimensions
including treatment response features).

Key observations: (1) Single modalities are insufficient: image-only MIL
baselines (ABMIL 68.6%, TransMIL 67.6%, CLAM 65.8% Acc) plateau with
low M-F1 (≤51.3%), indicating poor minority class discrimination regardless of
architecture. Clinical MLP (80.7% Acc) improves with temporal features but
remains insufficient for reliable three-class discrimination. (2) Cross-modal fu-
sion provides substantial improvement: Late Fusion reaches 83.1% Acc,
while CIT achieves 90.1% Acc (+7.0%) through conditional attention. (3) Tem-
poral follow-up enhances prediction: incorporating 3-month features im-
proves CIT from 86.4% to 90.1% Acc (M-F1: 77.0%→83.9%, AUC: 88.0%→89.4%).
This 3-month assessment is a KDIGO-established milestone [21], providing prog-
nostic predictions 9 months prior to the final outcome and a clinically actionable
window for timely therapeutic adjustments. (4) Attention maps reveal clini-
cally meaningful patterns: PR and NR patients show elevated MIL attention
to mesangial proliferative and sclerotic glomeruli—pathological types associated
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Table 1. Three-class prognosis prediction (CR/PR/NR) on n=71 patients. Results
are 5-fold cross-validation mean±std. Best in bold.

Method Acc(%) W-F1(%) M-F1(%) AUC(%)

ABMIL [17] (image-only) 68.6±1.8 62.1±1.0 38.9±2.0 45.2±3.3
TransMIL [22] (image-only) 67.6±2.1 63.5±2.1 43.5±2.1 60.6±0.6
CLAM [23] (image-only) 65.8±0.8 65.4±1.4 51.3±2.5 61.0±1.5
Clinical MLP (0m+3m) 80.7±4.3 80.4±3.3 70.2±4.9 81.9±3.2
Late Fusion (0m+3m) 83.1±2.3 82.5±2.7 74.6±3.4 85.4±2.1
CIT (Ours, 0m) 86.4±2.6 85.0±2.6 77.0±4.3 88.0±1.9
CIT (Ours, 0m+3m) 90.1±1.1 89.2±1.0 83.9±1.3 89.4±2.9

Fig. 2. Mean MIL attention weights by glomerulus morphological type for each out-
come class (3-seed aggregate, 0m+3m→12m). PR and NR patients show elevated at-
tention to pathological types (mesangial proliferative, sclerotic), while CR patients
exhibit more uniform attention distribution.

with disease activity and chronicity—while CR patients exhibit uniform atten-
tion across types (Fig. 2), suggesting the model learns to focus on morphologi-
cally abnormal glomeruli for adverse outcome prediction. All CIT improvements
over baselines are statistically significant (p<0.05, Wilcoxon signed-rank test on
15 paired fold-level observations).

3.3 Ablation Studies

We conduct systematic ablation experiments to validate each component’s con-
tribution. All ablations are performed on the main 0m+3m→12m setting (n=71)
for consistency.

Fusion architecture (Table 2a). CIT outperforms cross-attention [8] and
late fusion by +7.0% Acc (90.1% vs. 83.1%), demonstrating that condition-token
injection is more effective than dual-stream architectures on small datasets.

Feature extractor (Table 2b). Domain-adapted MAE pretrained features
outperform DINOv2 by +7.1% Acc and ResNet50 by +8.1%. MAE finetuned
features (84.1%) show only marginal gains over these baselines, confirming that
finetuning narrows representations while frozen self-supervised features preserve
richer morphological diversity.

Morphological type injection (Table 2c). Multi-granularity injection lever-
ages complementary morphological cues across scales—patch-level identity con-
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Table 2. Ablation studies. (a) Fusion architecture, (b) feature extractor, and (c)
morphological type injection, all on 0m+3m→12m (n=71). 5-fold cross-validation,
mean±std over 3 seeds.

(a) Fusion Architecture (0m+3m→12m, n=71)

Method Acc(%) W-F1(%) M-F1(%) AUC(%)

Cross-Attention [8] 83.1±3.9 83.6±3.7 76.7±5.8 87.1±5.5
Late Fusion 83.1±2.3 82.5±2.7 74.6±3.4 85.4±2.1
CIT (Ours) 90.1±1.1 89.2±1.0 83.9±1.3 89.4±2.9

(b) Feature Extractor (0m+3m→12m, n=71)

Feature Source Acc(%) W-F1(%) M-F1(%) AUC(%)

DINOv2 ViT-B/14 [15] 83.0±4.0 82.3±4.1 75.0±5.3 83.1±5.3
ResNet50 (ImageNet) 82.0±1.1 81.5±1.2 72.7±1.6 81.4±2.6
MAE ViT-B/16 (finetuned) 84.1±2.4 84.1±2.2 76.9±3.7 83.0±3.0
MAE ViT-B/16 (pretrained, Ours) 90.1±1.1 89.2±1.0 83.9±1.3 89.4±2.9

(c) Morphological Type Injection (0m+3m→12m, n=71)

Configuration Acc(%) W-F1(%) M-F1(%) AUC(%)

No type features 87.8±2.4 86.5±2.6 78.4±3.2 85.4±5.2
Multi-granularity injection (Ours) 90.1±1.1 89.2±1.0 83.9±1.3 89.4±2.9

strains local attention, patient-level composition informs global context—achieving
90.1% Acc (+2.3%), 83.9% M-F1 (+5.5%), and 89.4% AUC (+4.0%) over the
no-type baseline.

4 Conclusion

We presented a multimodal computational pathology framework for pediatric
LN prognosis prediction, integrating automated glomerulus detection, domain-
adapted MAE feature learning, and a Clinical-Injection Transformer. CIT en-
ables efficient bidirectional cross-modal interaction through condition token in-
jection, while decoupled representation-knowledge adaptation preserves prog-
nostically relevant features and leverages morphological knowledge via multi-
granularity type injection. On 71 patients, our method achieves 90.1% accuracy
and 89.4% AUC, demonstrating AI-assisted prognosis potential in rare pediatric
kidney diseases.

Limitations include the single-center design and modest cohort size. How-
ever, this scale is consistent with the field—even the largest multicenter biopsy-
confirmed childhood LN studies report approximately 300 patients [3], reflecting
the low incidence of pediatric SLE (0.3–0.9 per 100,000 children-years) and the
challenges of acquiring invasive biopsies, digitizing histopathology, and maintain-
ing longitudinal follow-up. We are pursuing multi-center validation in ongoing
work.
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