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Abstract. Structural MRI (sMRI) has revealed morphological correlates associ-
ated with psychiatric disorders, motivating neuroimaging-based diagnostic sup-
port tools. However, multi-class classification from sMRI remains challenging in 
small-cohort psychiatric settings, where site-level datasets often contain only a 
few hundred subjects and exhibit class imbalance, and where subtle inter-class 
differences further complicate discrimination. We propose a class-aware repre-
sentation learning framework (CARformer) that adapts domain-pretrained en-
coders for 3D sMRI multi-class psychiatric classification. The framework in-
cludes (1) a class-aware Bag-of-Queries (CA-BoQ) module that learns class-
aligned query representations to aggregate class-specific dis-criminative evi-
dence under inter-class differences, and (2) a Class-Aware Contrastive (CAC) 
learning strategy that strengthens class separation under imbalance. We evaluated 
the framework across two sites from a public brain MRI dataset to assess robust-
ness under differences in diagnostic composition, class imbalance, and imaging 
acquisition protocols. Our results demonstrate consistent improvements in macro 
AUC and AUPRC over existing standard 3D Convolutional Neural Network 
(CNN) backbones and domain-pretrained fine-tuning frameworks across both 
sites, supporting the practical utility of class-aware adaptation of domain pre-
training in small-cohort, imbalanced psychiatric imaging tasks. Source code is 
available at: https://github.com/xyfu33/CARformer. 
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1 Introduction 

Mental health disorders place a significant burden on individuals and society. Severe 
psychiatric diseases such as bipolar disorder (BD) and schizophrenia (SZ) are leading 
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causes of disability worldwide and often require long-term, complex treatment and fol-
low-up [1, 2]. In practice, psychiatric diagnosis relies largely on subjective clinical ob-
servation and self-reported symptoms [3, 4]. However, symptom overlap and comor-
bidities are common across disorders, particularly between major depressive disorder 
(MDD) and other severe psychiatric diseases, which can lead to diagnostic uncertainty 
and inconsistent decisions. These then expose patients to inappropriate treatment [1, 3]. 
Motivated by this, we study multi-disorder differential diagnosis involving MDD and 
severe disorders under realistic small-cohort settings.  

With advances in neuroimaging, structural brain MRI (sMRI) studies have identified 
disorder-associated morphological abnormalities. Cross-disorder analyses report sub-
stantial shared variance in morphometric abnormality patterns across major psychiatric 
disorders, involving distributed cortical and subcortical regions, particularly fronto–
limbic and striatal circuits [5, 6]. Disorder-specific deviations have also been high-
lighted, including stronger effects for MDD in the rostral anterior cingulate and medial 
orbitofrontal cortex, and for SZ in the superior temporal gyrus and thalamocortical re-
gions [5, 7]. These findings motivate AI models that leverage sMRI for decision support 
while capturing subtle, disorder-specific differences needed for differential diagnosis 
among clinically overlapping psychiatric disorders.  

Recent clinical AI studies in psychiatric neuroimaging predominantly formulate di-
agnosis as binary classification, typically distinguishing a single disorder from healthy 
controls. While effective for patient–control separation, this setting does not address 
the clinically important challenge of differentiating between disorders with overlapping 
phenotypes. Prior work has explored single-modality sMRI, particularly T1-weighted 
MRI, for binary schizophrenia classification [8], as well as multimodal graph neural 
networks integrating sMRI, functional MRI (fMRI), and clinical information for MDD 
diagnosis [9]. In contrast, multi-disorder classification remains less explored, partly due 
to the need for larger, well-curated cohorts to learn subtle inter-disease differences un-
der class imbalance and heterogeneity. For example, a multi-class sMRI framework 
employing a patch-based hierarchical network required a curated dataset of 2,490 sub-
jects for robust training and generalization [10]. More recently, domain pretraining and 
transfer learning have been introduced to mitigate limited-label regimes. Structural 
MRI encoders pretrained via functional connectivity network supervision have demon-
strated improved downstream classification performance [11]. However, even on the 
full SRPBS cohort, performance in clinically imbalanced multi-class classification re-
mains moderate [11], suggesting that effectively adapting pretrained representations for 
subtle multi-disorder discrimination remains an open challenge.  

A key practical barrier is data availability and cross-site heterogeneity in acquisition 
protocols and scanners. The sMRI are not routinely acquired for all psychiatric patients 
during routine visits, which limits clinical data collection and availability  [12]. Single-
site datasets often contain only a few hundred subjects and exhibit pronounced class 
imbalance [12]. Multi-site collections further introduce heterogeneity, which is a well-
known confounder AI models [13]. These factors make it difficult to train robust clas-
sifiers that reliably distinguish between closely related psychiatric disorders.  

With the development of domain-pretrained models and transfer learning frame-
works, valuable but limited clinical datasets can be exploited more effectively, enabling 
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improved performance under small-cohort and imbalanced settings. In this study, we 
propose a class-aware representation learning framework for multi-class psychiatric 
disorder classification from brain sMRI under small-cohort, imbalanced data distribu-
tions. Leveraging a domain-pretrained 3D Uniformer encoder, we introduce CAR-
former, which couples (i) a Class-Aware Bag-of-Queries (CA-BoQ) module that ag-
gregates class-specific discriminative representations for classification and (ii) a Class-
Aware Contrastive (CAC) learning strategy for transfer learning. We validated CAR-
former on two cohorts from distinct clinical sites with different disease compositions, 
acquisition protocols, and class distributions, and show improved performance com-
pared with widely used baselines for psychiatric MRI classification. Overall, these find-
ings indicate the potential of CARformer for multi-disorder psychiatric classification 
in small-cohort, imbalanced, single-modality settings, improving the practical repre-
sentation learning from limited clinical sMRI data. 

2 Method 

2.1 Overview 

 

Fig. 1. CARformer framework with Class-Aware Bag-of-Queries and Class-Aware Contrastive 
learning strategy for sMRI 3-class classification. 
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The proposed CARformer framework integrates two complementary class-aware com-
ponents to address multi-disorder discrimination under small-cohort, imbalanced psy-
chiatric sMRI settings, specifically using T1w MRI: (1) CA-BoQ module that learns 
class-aligned query aggregation to extract class-specific discriminative evidence, and 
(2) a CAC learning strategy which improves inter-class separability through class-
aware supervised contrastive supervision with confusion-informed negative re-
weighting. As illustrated in Fig. 1, the Uniformer encoder provides shared feature rep-
resentations, while global pooling and CA-BoQ operate in parallel to produce comple-
mentary classification signals, and CAC is applied on globally pooled features to regu-
larize representation learning. 

2.2 CARformer 

CARformer builds upon a domain-pretrained 3D Uniformer encoder trained on large-
scale multiparametric brain MRI (mpMRI) [14]. The encoder extracts volumetric fea-
ture maps, from which global average pooling (GAP) produces a global logit 𝑍!"#, 
while the proposed CA-BoQ produces class-specific logits 𝑍$%&using class-aligned 
queries and a diagonal per-query head. The final logits are fused by weighted additive 
blending with fixed	𝛼 = 0.3, enabling complementary class-aware and global feature 
learning while preserving the stability of the pretrained backbone. 

2.3 Class-Aware Bag-of-Queries (CA-BoQ) 

Inspired by the Bag-of-Queries mechanism [15], we introduce a class-aligned query 
aggregation module to capture class-specific discriminative features under small-cohort 
and imbalanced conditions. Let 𝐵 denote the batch size, 𝐶 the feature dimension, and 
𝐷,𝐻,𝑊the spatial dimensions of the encoder feature map 𝐹 ∈ ℝ$×(×)×*×+, spatial 
locations are reshaped into tokens 𝑋 ∈ ℝ$×,×(, where 𝑇 = 𝐷𝐻𝑊. We define 𝐾 learn-
able query vectors 𝑄 ∈ ℝ-×(, where 𝐾 denotes the number of classes. The queries at-
tend to spatial tokens via multi-head cross-attention: 

𝑍 = MHA(𝑄, 𝑋, 𝑋), 𝑍 ∈ ℝ$×-×( ,  (1) 

where MHA computes query–token attention weights and returns a query-specific 
weighted aggregation of token features. Layer normalization is applied to queries and 
tokens before attention and to the resulting query embeddings to ensure stable feature 
conditioning. Each query embedding is mapped independently through a shared diago-
nal slot-wise projection head:  

𝑦;. = 𝑓(𝑧.),  (2) 

where 𝑧. ∈ ℝ( is the embedding of the k-th query slot, and 𝑓(⋅)is a shared linear pro-
jection applied to each slot to produce the corresponding class logit. A query-diversity 
penalty ( 𝜆/01 = 1023 ) to reduce query collapse. The resulting CA-BoQ logits are 
combined with GAP-based classifier logits, enabling complementary global and class-
aware feature learning. 
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2.4 Class-Aware Contrastive (CAC) learning  

A class-aware supervised contrastive learning strategy applied to globally pooled en-
coder features. The CAC framework maintains a class-partitioned memory queue that 
stores recent feature embeddings for each class, enabling stable positive and negative 
sampling even when minibatches are imbalanced. To mitigate representation bias to-
ward majority classes, anchor contributions are weighted inversely proportional to class 
frequency, increasing the influence of minority-class samples in the contrastive objec-
tive.  

CAC introduces a confusion-aware negative weighting mechanism using a class-pair 
weighting matrix 𝐖 ∈ ℝ-×- , updated from validation predictions. Before the first val-
idation pass, all entries are 1; after validation, W is row-normalized, clipped to [1,2], 
has diagonal entries reset to 1, and is exponentially smoothed with decay 0.5. During 
contrastive learning, W reweights only negative pairs between frequently confused 
classes, while positives remain weight 1. The overall training objective combines clas-
sification loss and CAC supervision: 

𝐿 = 𝐿(4
5/6 + 𝜆𝐿("( ,  (3) 

where 𝐿(4
5/6 is the class-adjusted cross-entropy loss,  ℒ("( is the confusion-aware super-

vised contrastive loss, and 𝜆 is a balancing coefficient controlling the contribution of 
contrastive supervision. 

3 Experiments and Result 

3.1 Dataset Description 

The Japanese Strategic Research Program for the Promotion of Brain Science (SRPBS) 
dataset is a publicly available, large-scale, multi-site neuroimaging cohort comprising 
resting-state fMRI and structural MRI across multiple psychiatric disorders [12]. In this 
study, we used two SRPBS sites, University of Tokyo Hospital (UTO) and Kyoto Uni-
versity TimTrio (KUT), because these are the only sites that include two of our target 
disorders together with healthy controls, enabling a three-class multi-class classifica-
tion setting within each site. Details of disease composition, participant demographics, 
and imaging protocols are provided in Table 1. For each site, dataset splits undertaken 
stratified sampling to preserve the diagnostic distribution and to balance sex and age 
across splits. 

Table 1. Participant demographics and sMRI acquisition details for the two sites from SRPBS 
dataset. Data are shown as means (standard deviation). M, men; W, women; HC, healthy con-
trols; MDD, major depressive disorder; BD, bipolar disorder, SZ, schizophrenia spectrum disor-
ders; UTO, University of Tokyo Hospital; KUT, Kyoto University TimTrio; FoV: Field of view; 
TR, repetition time; TE, echo time; TI, inversion time. 

    Demographic characteristics  Imaging protocols 
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    HC MDD BD SZ MRI scan-
ner 

FoV, 
mm  

Matrix Voxel 
size, 
mm3  

TR, TE, 
TI (ms) 

Flip an-
gle, 
deg  

UTO No., 
M:W 

96, 
33:63  

62, 
36:26  

41, 
26:15  

  GE 
MR750w  

240 256 
× 
256  

1 × 1 
×1.2 

7.7, 3.1, 
400 

11 

  Age, y  47.0 
(15.5)  

38.7 
(11.6)  

34.2 
(9.1)  

  

KUT No., 
M:W 

159, 
93:66  

16,  
10:6  

 
45, 
21:24  

Siemens 
TimTrio 

225 × 
240  

240 × 
256  

0.9375× 
0.9375× 
1.0 

2000, 
3.4, 990 

8 

  Age, y  36.5 
(13.6)  

42.6 
(12.5)  

  41.4 
(10.8)  

3.2 Implementation Details 

Our models were trained with PyTorch on NVIDIA RTX A6000 GPUs. Pre-trained 
BrainMVP Uniformer variants were used as initial weights [14]. Training employed the 
Adam [16] optimizer with a cosine-annealing learning-rate schedule (initial rate 3 × 10 
⁻⁴) and decaying to < 1 × 10 ⁻⁶. With gradient accumulation, the effective batch size 
was 16, and all networks were trained for 200 epochs. Data augmentations included 
center cropping, random mirror flipping, random intensity offset, and random intensity 
scaling. We report macro-averaged and per-class, threshold-free one-vs-rest under the 
receiver operating characteristic curve (AUC) and area under the precision–recall curve 
(AUPRC). 

3.3 Experiment Result 

We evaluated CARformer against widely used 3D CNN baselines trained from scratch 
and domain-pretrained fine-tuning frameworks on the UTO (Table 2) and KUT (Table 
3) sites. CARformer achieves the best macro-averaged AUC and AUPRC across both 
sites. On UTO, CARformer improves macro AUC and macro AUPRC over BrainMVP 
fine-tuning (0.771/0.708 vs. 0.675/0.565), with clear gains for the minority class (e.g., 
BD AUPRC 0.709 vs. 0.356). On KUT, CARformer improves macro AUC and macro 
AUPRC over PCRLv2 fine-tuning (0.895/0.836 vs. 0.726/0.547) and yields higher 
AUPRC for MDD (0.700) than all baselines. Overall, the results indicate consistent 
improvements under small-cohort, imbalanced multi-class settings. Qualitative atten-
tion maps from the CA-BoQ module (Fig. 2) further illustrate distinct class-specific 
spatial patterns across both sites. 

Table 2. Comparison of macro-averaged and per-class AUC and AUPRC on the SRPBS-UTO 
site. The best and second-best results are bolded and underlined 

Model Training Macro average HC MDD BD 
AUC AUPRC AUC AUPRC AUC AUPRC AUC AUPRC 

VGG 11 [8] From 
scratch 

0.546 0.471 0.620 0.596 0.595 0.599 0.422 0.218 
ResNet18 0.572 0.496 0.620 0.596 0.643 0.492 0.453 0.401 
PCRLv2 [17] 

Fine 
tune 

0.612 0.480 0.660 0.684 0.738 0.528 0.438 0.229 
BrainMVP 
[14] 

0.675 0.565 0.710 0.774 0.690 0.566 0.625 0.356 
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CARformer 
(Ours) 

0.771 0.708 0.810 0.822 0.738 0.594 0.765 0.709 

Table 3. Comparison of macro-averaged and per-class AUC and AUPRC on the SRPBS-KUT 
site. The best and second-best results are bolded and underlined 

Model Training Macro average HC MDD SZ 

AUC AUPRC AUC AUPRC AUC AUPRC AUC AUPRC 

VGG 11 [8] From 
scratch 

0.701 0.498 0.750 0.886 0.643 0.163 0.711 0.445 

ResNet18 0.887 0.725 0.946 0.977 0.714 0.196 1.00 1.00 

PCRLv2 [17] 

Fine tune 

0.726 0.547 0.741 0.877 0.714 0.327 0.722 0.436 

BrainMVP [14] 0.613 0.484 0.630 0.612 0.631 0.472 0.578 0.368 

CARformer 
(Ours) 

0.895 0.836 0.902 0.952 0.929 0.700 0.856 0.856 

 
Fig. 2. Query-specific spatial attention maps from the CA-BoQ module within the UTO and KUT 
differential-diagnosis tasks, visualizing task-specific class attention. 

3.4 Ablation Study 

We conducted an ablation study to evaluate the contributions of the proposed class-
aware components (CA-BoQ and CAC) and domain pretraining (Table 4). Both CA-
BoQ and CAC improve performance under small-cohort, imbalanced multi-class clas-
sification, confirming their effectiveness in enhancing class-specific feature discrimi-
nation and inter-class separability. Notably, these improvements remain evident even 
without domain pretraining (i.e., with ImageNet-1K initialization), indicating that the 
class-aware modules provide substantial benefits beyond initialization. Domain pre-
training further improves performance when combined with CA-BoQ and CAC, 
demonstrating complementary gains. Overall, the full model achieves the best and most 
consistent performance across both sites. 

Table 4. Ablation analysis of proposed components of classification performance on two sites. 
(Domain-pretrain ✓: brain MRI pretraining; Domain-pretrain ✗: ImageNet-1K initialization.) 

CA-BoQ CAC 
Domain-
pretrain 

UTO KUT 

Macro average Macro average 

AUC AUPRC AUC AUPRC 

✓ ✓ ✓ 0.771 0.708 0.895 0.836 
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✗ ✓ ✓ 0.726 0.642 0.825 0.678 

✗ ✗ ✓ 0.704 0.611 0.730 0.553 

✓ ✓ ✗ 0.761 0.624 0.786 0.748 

4 Discussion 

In this study, we evaluated CARformer on two clinical sites, UTO and KUT, from the 
SRPBS dataset. The two sites differ in disease composition, acquisition protocols, and 
class distributions. This setting reflects practical constraints in psychiatric MRI, where 
differential diagnosis is often performed under small-cohort and imbalanced conditions 
and where protocol heterogeneity can further challenge generalization. 

On the UTO site, differential diagnosis is performed among HC, MDD, and BD with 
an imbalanced class distribution of 96/62/41. This task requires separating clinically 
overlapping disorders with subtle structural differences on sMRI. In this setting, CAR-
former substantially improved minority-class detection, with BD AUPRC increasing to 
0.709 compared with 0.356 for BrainMVP and 0.401 for ResNet18, representing an 
approximately twofold improvement over prior pretrained and from-scratch baselines. 
This indicates improved robustness to class imbalance in multi-class differential diag-
nosis. Qualitative analysis of query-specific spatial attention maps from the CA-BoQ 
module (Fig. 2) shows that class-aware queries consistently attend to fronto–limbic and 
subcortical regions, including the insula, anterior cingulate, and basal ganglia, support-
ing the ability of CA-BoQ to capture biologically meaningful and discriminative struc-
tural patterns consistent with prior neuroimaging findings [5–7].  

To assess generalizability under a different imaging protocol and more severe im-
balance, we further evaluated CARformer on the KUT site, which distinguishes HC, 
MDD, and SZ with a highly skewed class distribution of 159/16/45. CARformer 
achieved the best macro AUC and macro AUPRC and yielded the highest AUPRC for 
the minority MDD class, indicating improved minority-class discrimination under se-
vere imbalance. Qualitative CA-BoQ attention maps (Fig. 2) further show distinct 
class-specific spatial patterns for MDD and SZ despite the limited MDD samples, sup-
porting robust minority-class representation under severe imbalance. In contrast, sev-
eral CNN baselines showed substantially lower minority-class AUPRC, consistent with 
majority-dominated predictions in highly imbalance settings. CARformer also shows 
higher overall performance on KUT than on UTO. This is plausibly related to stronger 
morphometric differences for schizophrenia reported in large-scale studies, including 
larger residual effects in the superior temporal gyrus [5], and suggests that class-aware 
aggregation and confusion-aware contrastive supervision are beneficial under com-
bined domain shift and imbalance. 

Overall, results across two sites indicate that combining domain-pretrained repre-
sentations with class-aware aggregation and imbalance-aware supervision can improve 
multi-disorder psychiatric MRI classification under low-data constraints. However, the 
study is limited to two sites from a single public dataset, which limits cross-dataset and 
cross-ethnicity generalizability, and our future work will evaluate generalization on 
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clinically realistic datasets and further investigate the spatial interpretability and robust-
ness of the framework. 

5 Conclusion 

We presented CARformer, a class-aware representation learning framework for multi-
class psychiatric disorder classification from structural MRI under small-cohort and 
imbalanced settings. Across two clinical sites with different label sets and acquisition 
protocols, CARformer achieves the best macro AUC and macro AUPRC among eval-
uated baselines and shows consistent improvements in minority-class performance. 
These findings support the potential of class-aware aggregation and confusion-aware 
contrastive transfer for clinically realistic psychiatric MRI classification. 

Disclosure of Interests. The authors have no competing interests to declare that are relevant to 
the content of this article. 
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