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Abstract. Cerebral microbleed (CMB) segmentation is complicated by
extreme class imbalance and data scarcity due to low prevalence. Given
the positive correlation between the prevalence of CMBs and aging,
integrating age-related biomarkers offers a promising strategy to im-
prove segmentation performance. In this study, we propose AgeCMB-
Net, a framework that leverages estimated chronological age derived
from anatomical T1-weighted magnetic resonance imaging. A pre-trained
Meta-matching model was used to estimate each subject’s chronolog-
ical age. Based on the median age of the training cohort, we imple-
ment a two-branch decoder architecture where younger and older adults
are processed through different decoders while sharing a common im-
age encoder. Experiments on an in-house dataset and the public MIC-
CAI VALDO 2021 Challenge dataset demonstrate that our approach
outperforms conventional segmentation models and existing state-of-the-
art methods. Furthermore, our model shows robust generalizability on
the ATLAS v2.0 stroke dataset, which has a weaker correlation be-
tween estimated age and lesion volume. Our code is available at https:
//github.com/junmokwon/AgeCMBNet

Keywords: Cerebral microbleeds · Medical image segmentation · Age
estimation · Meta-matching.

1 Introduction

Cerebral microbleeds (CMBs) are primary imaging indicators of cerebral small
vessel disease [6]. CMBs are characterized by an oval shape and hypointensity
on T2*-weighted magnetic resonance imaging (MRI), with a diameter limited to
between 2 and 10 mm [6]. CMB detection is complicated by an age-dependent
prevalence, as shown in Fig. 1 (r = 0.36 on the VALDO 2021 dataset [29]).
This suggests that CMBs can be present in healthy older subjects without ex-
hibiting distinctive symptoms [32]. Thus, true negatives (i.e., subjects without
symptoms) cannot be filtered during the initial screening stage, causing an enor-
mous annotation burden for radiologists, as this requires a complete full-volume
inspection for every subject.
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Fig. 1. Distribution of (a) lesion volume and (b) number of lesions across the estimated
age on the VALDO 2021 dataset. Our study is motivated by the clinically relevant
positive correlation (r > 0.3) between estimated age and lesion characteristics.

Existing studies have proposed automated CMB segmentation frameworks to
alleviate the significant burden of manual annotation [18,19,20,21]. Based on the
standard anatomical definition of the Microbleed Anatomical Rating Scale [7],
AG-nnUNet [20] introduced anatomical priors into nnU-Net [13] to guide the
prediction of CMB segmentation, surpassing the performance of conventional
segmentation baselines. Another study [21] leveraged a pre-training strategy on
UNETR++ [28], tackling the data scarcity problem. BP-nnUNet [18] estimated
phenotypic information directly from anatomical T1 MRI scans, allowing for
the utilization of subject-specific information. Although the concept of applying
blood pressure (BP) measurements to segmentation networks was promising, the
clinical relevance of BP was limited to deep microbleeds [32].

The goal of this study is to utilize clinical information that is generally appli-
cable across all CMB subtypes to improve CMB segmentation performance. To
achieve this, we focus on the strong positive correlation between CMB prevalence
and estimated age [32]. A primary challenge was the absence of chronological
age in all datasets. We addressed this limitation by incorporating estimated ages
derived from a pre-trained Meta-matching model [9,4,34]. We propose AgeCMB-
Net, an age-stratified nnU-Net segmentation framework that utilizes common
encoder components and separate decoding paths for younger and older adults.
This design minimizes additional parameter overhead while maximizing the shar-
ing of cross-age imaging features. We collected 850 cases from the Samsung Med-
ical Center and evaluated our model on the MICCAI VALDO 2021 Challenge
dataset. To evaluate generalizability across different brain lesions, we extended
our experiments to the ATLAS v2.0 dataset for stroke lesion segmentation. Our
approach outperformed the most competitive baseline, highlighting its robust-
ness even in scenarios with a weaker correlation between estimated age and
lesion volume (r = 0.125, p = 0.006). Our study emphasizes the importance of
integrating an aging prior into the segmentation network.

Contributions. The main contributions of this study are threefold. (1) We
utilize estimated age as an important biomarker to assist in CMB segmentation.
(2) We introduce an age-aware design for CMB segmentation, based on the
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Fig. 2. Overview of our AgeCMBNet framework. (a) Chronological age esti-
mation: A pre-trained Meta-matching model ΦMeta(·) extracts a 67-dimensional phe-
notype vector from preprocessed T1 MRI, where the 18th element x

(18)
phe represents

the estimated age. (b) Age-guided segmentation: Our network utilizes a shared
encoder ESeg and decoder DSeg. Based on the estimated age x

(18)
phe relative to a data-

driven median age threshold τage, our model dynamically selects a specific decoder
for final segmentation. Compared to the younger decoder DYounger, the older decoder
DOlder is more sensitive to cerebral microbleed (CMB) lesions, as indicated by yellow
arrows.

positive correlation between CMB prevalence and chronological age. (3) We
demonstrate that our framework can be applied to public datasets with missing
age information.

2 Methods

Chronological age estimation. A fundamental problem with utilizing clini-
cal information in a segmentation model is that clinical demographics are often
missing or anonymized due to subject privacy constraints. To bridge this infor-
mation gap and avoid potential privacy risks, we leverage the Meta-matching
model [9,34], which was pre-trained on the large UK Biobank dataset [1] of
26,848 training subjects (Fig. 2). To utilize the Meta-matching framework, all
T1 MRI scans underwent HCP PreFreeSurfer preprocessing including linear reg-
istration to MNI space as a prerequisite for chronological age estimation [5]. Let
P : XNative → XMNI be the preprocessing function and ΦMeta : XMNI → R67

denote the phenotype mapping from registered T1 MRI scans. Each input T1
MRI XT1 ∈ XNative is mapped to a phenotype vector xphe:

xphe = ΦMeta(P(XT1)) = [x
(1)
phe, x

(2)
phe, . . . , x

(67)
phe ]

⊤ ∈ R67, (1)

where x
(18)
phe corresponds to the normalized estimated chronological age [9].
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Fig. 3. Distribution of estimated age for (a) CMB datasets including in-house training
and external validation cohorts (SABRE, ALFA), and (b) stroke lesion dataset with
training and test splits. Dashed lines indicate age thresholds (τage) for decoder selection.

Definition of younger and older groups. We define the age threshold
τage as the median age of the training cohort. This approach ensures a balanced
sample distribution between the younger and older groups, mitigating potential
model bias toward a specific group. Selected thresholds across different datasets
are illustrated in Fig. 3.

Segmentation architecture. To capture age-dependent lesion prevalence
[32], we propose a two-branch decoding strategy. As illustrated in Fig. 2, we
adopt the nnU-Net framework with a residual encoder [13,12] as our backbone.
Given co-registered 3D T1 and T2* MRI inputs, the shared encoder ESeg gener-
ates L hierarchical latent feature maps {Zl}Ll=1, where ZL denotes the features
from the deepest bottleneck layer. The corresponding decoder consists of L− 1
blocks. To investigate the optimal decoder branching strategy, we introduce a
split depth K ∈ {0, 1, . . . , L − 1}, where high-level features {Zl}L−1

l=K+1 are pro-
cessed by a shared decoder DSeg. The remaining features {Zl}Kl=1 are then passed
to either DYounger or DOlder, conditioned on the estimated age x

(18)
phe relative to

the threshold τage. We consider two boundary cases: (1) K = 0, where only
the final segmentation heads are separated, and (2) K = L − 1, where the en-
tire decoder is bifurcated. Our architectural design allows the model to learn
age-agnostic features in the upstream layers while predicting age-sensitive lesion
characteristics in the downstream branches.

3 Experiments

Datasets. We utilized three datasets to evaluate our framework, with age distri-
butions visualized in Fig. 3. Since age estimation using Meta-matching requires
3T MRI inputs, we excluded all 1.5T MRI scans from public cohorts.

(1) In-house dataset: We collected an in-house dataset of 850 cases for
binary CMB segmentation. All cases were acquired with a Philips Achieva 3T
scanner and underwent CMB diagnosis based on the recommended criteria [6].
All cases had at least one CMB lesion. We manually split this dataset into 556
training, 123 internal validation, and 171 testing cases.

(2) MICCAI VALDO 2021 Challenge dataset: For external validation,
we used a subset of the MICCAI VALDO 2021 Challenge dataset for binary
CMB segmentation [29]. From 72 available cases, we excluded 34 cases acquired
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using a 1.5T GE MRI scanner. We utilized 38 cases from SABRE and ALFA
cohorts [30,26]. These cohorts remained unseen during training.

(3) ATLAS v2.0 dataset: To evaluate generalizability under a weak age-
lesion correlation (r = 0.125, p = 0.006), we used the ATLAS v2.0 stroke lesion
dataset [25,24]. We excluded 52 cases obtained from 1.5T scanners and utilized
603 cases. We manually split this dataset into 323 training, 120 internal valida-
tion, and 120 testing cases.

MRI preprocessing. The pre-trained Meta-matching [9,4,34] requires T1
MRI preprocessing via the HCP PreFreeSurfer pipeline (as shown in Fig. 2)
[5,14]. For T2* MRI preprocessing, we performed skull-stripping [11] and bias
field correction [31]. For CMB segmentation, T1 MRI scans were rigidly co-
registered to their corresponding native T2* space using ANTs [2]. Both T1 and
T2* MRI were used as inputs. For stroke lesion segmentation, we used raw T1
MRI scans.

Implementation details. All models in Table 1 and Table 2 were trained
using the nnU-Net framework with 3D configurations, except for 2D CMB-
UNETR++ [21]. For U-Net variants, we followed the default nnU-Net hyperpa-
rameter recommendations and network designs. For transformer-based models,
we adopted original hyperparameters from brain tumor segmentation studies.
For CMB segmentation, input dimensions were set to 448× 384× 24 for U-Net
variants, and 448×384×32 for transformer architectures, with a median spacing
of 0.42862 × 6.5 mm3. For stroke lesion segmentation, the input size was set to
224×192×160 with a median spacing of 1.0 mm3, except for four architectures:
TransUNet [3], 3D UX-Net [23], UNETR++ [28], and TransBTS [33], which uti-
lized a 1283 input size to align with their original configurations for brain tumor
segmentation.

Evaluation metrics. We used the Dice score (DSC) and Normalized Sur-
face Dice (NSD) to evaluate segmentation performance. To evaluate detection
performance, we utilized the F1 score based on task-specific criteria. For CMB
segmentation, a prediction is considered a true positive if the Euclidean distance
between its centroid and the nearest ground-truth centroid is less than 5 mm
[29]. We set the NSD tolerance to 5 mm. We did not report the Hausdorff dis-
tance (HD) because the HD is undefined for healthy subjects (see Fig. 1). For
stroke lesion segmentation, a true positive is defined by the presence of at least
one overlapping voxel between the predicted region and the ground truth label
[25,24]. The tolerance for NSD was set to 2 mm, following [12]. Unlike CMB
segmentation, we reported the 95th percentile Hausdorff distance (HD95), as
participants are guaranteed to have at least one lesion.

4 Results

AgeCMBNet outperforms state-of-the-art CMB segmentation meth-
ods. Table 1 presents quantitative results comparing our proposed AgeCMB-
Net, against eight general segmentation models (nnU-Net ResEncL [13,12], Swin-
UNETR [8], SwinUNETR-V2 [10], UNETR++ [28], 3D UX-Net [23], CoTr [35],
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Table 1. Quantitative results of CMB segmentation. Values are reported as percent-
ages. The best performance is highlighted in bold and the second-best is underlined.

In-house Dataset SABRE Cohort ALFA Cohort

Method DSC↑ NSD↑ F1↑ DSC↑ NSD↑ F1↑ DSC↑ NSD↑ F1↑

nnU-Net ResEncL [12] 39.13 57.99 61.71 54.57 61.42 59.96 45.04 56.01 53.70
SwinUNETR [8] 40.35 57.98 57.96 39.35 45.83 36.79 26.32 31.56 25.01
SwinUNETR-V2 [10] 41.58 58.75 59.53 51.04 56.14 55.35 43.09 49.44 43.83
UNETR++ [28] 40.05 61.07 61.60 42.47 54.63 55.15 36.51 43.42 48.15
3D UX-Net [23] 42.09 61.91 64.98 52.02 58.12 59.60 27.92 33.38 29.88
TransUNet [3] 46.81 65.17 65.41 42.80 49.36 49.73 33.38 40.42 37.02
CoTr [35] 47.76 65.17 65.67 53.04 60.68 59.12 42.26 51.21 47.60
UniSeg [36] 51.58 69.51 71.12 43.36 49.82 48.14 26.41 34.28 23.06

AG-nnUNet [20] 46.19 65.48 68.09 52.19 59.32 58.23 43.24 51.18 54.20
CMB-UNETR++ [21] 49.60 69.47 70.45 43.27 48.36 51.45 43.67 54.74 47.16
BP-nnUNet [18] 46.35 65.28 70.13 57.49 63.22 61.15 46.39 54.74 54.94

AgeCMBNet (Reversed) 46.92 66.16 68.89 58.81 64.03 61.59 40.48 47.22 51.11
AgeCMBNet (Ours) 51.88 70.96 70.83 62.52 68.65 68.34 48.14 58.07 59.14

Table 2. Quantitative results of stroke lesion segmentation using the ATLAS v2.0
dataset. The best performance is highlighted in bold and the second-best is underlined.

Trans- Swin- Trans- Uni- SwinUN- 3D UNE- nnU-
Metric BTS UNETR UNet Seg ETR-V2 UX-Net TR++ Net Ours

DSC (%)↑ 54.96 58.28 58.96 60.67 60.82 61.07 61.36 63.92 64.11
NSD (%)↑ 59.38 63.58 64.28 65.89 66.98 67.02 66.42 70.48 70.77
HD95 (mm)↓ 40.48 27.91 31.21 28.46 27.44 26.92 29.31 23.66 21.08
F1 (%)↑ 58.77 57.83 45.15 51.92 58.56 62.63 46.58 68.19 67.25

TransUNet [3], and UniSeg [36]) and three task-specific models (AG-nnUNet
[20], CMB-UNETR++ [21], and BP-nnUNet [18]) across three different cohorts.
AgeCMBNet consistently outperformed all baselines in every cohort, with the
exception of the F1 score on the in-house dataset. Notably, our AgeCMBNet
achieved a noticeable performance margin over baselines across all metrics on
the SABRE cohort. This implies that our AgeCMBNet demonstrates strong
generalizability to unseen datasets with similar age distributions. We observed
a similar trend when evaluating our AgeCMBNet on the ALFA cohort, which
emphasizes the effectiveness of isolating the younger adult population using a
younger decoder. Fig. 4 shows qualitative results, where AgeCMBNet consis-
tently performed well on both in-house and unseen cohorts.

AgeCMBNet is generalizable to brain lesions with weak correla-
tion. We conducted experiments using the ATLAS v2.0 dataset [25,24] to evalu-
ate the generalizability of our approach. For this experiment, we excluded three
task-specific models and added TransBTS [33] as a competing method. Table 2
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Fig. 4. Qualitative results of CMB segmentation. Predictions and ground-truth anno-
tations are shown in red and yellow outlines, respectively. Yellow arrows indicate false
positives or false negatives to highlight performance differences between task-specific
models and our AgeCMBNet.

Table 3. Ablation results of CMB segmentation on the split depth for seven stages.
The best performance is highlighted in bold and the second-best is underlined.

Split Depth Params SABRE Cohort ALFA Cohort Average (VALDO)

0 1 2 3 4 5 6 (M) DSC↑ NSD↑ F1↑ DSC↑ NSD↑ F1↑ DSC↑ NSD↑ F1↑

• ◦ ◦ ◦ ◦ ◦ ◦ 137.88 62.52 68.65 68.34 48.14 58.07 59.14 52.31 61.13 61.80
◦ • ◦ ◦ ◦ ◦ ◦ 137.91 57.37 64.81 66.22 31.00 42.19 39.75 38.64 48.74 47.41
◦ ◦ • ◦ ◦ ◦ ◦ 138.01 61.13 68.35 68.78 38.80 47.76 44.57 45.26 53.72 51.58
◦ ◦ ◦ • ◦ ◦ ◦ 138.44 63.55 71.72 70.62 37.90 42.72 40.12 45.33 51.12 48.95
◦ ◦ ◦ ◦ • ◦ ◦ 142.63 58.03 63.25 61.00 43.43 48.68 52.96 47.66 52.90 55.29
◦ ◦ ◦ ◦ ◦ • ◦ 148.98 56.75 63.92 66.12 38.55 45.76 51.73 43.82 51.01 55.90
◦ ◦ ◦ ◦ ◦ ◦ • 154.93 58.57 63.36 60.67 41.79 48.71 45.56 46.65 52.96 49.93

shows that our method achieved the best DSC, NSD, and HD95, with a close
second in the F1 score. This result emphasizes that our approach is effective
even in a weak age-correlation scenario, highlighting that our AgeCMBNet is
generalizable to other brain lesions.

Ablation study on split depth. Following architectural recommendations
of the nnU-Net framework [12], we evaluated all possible split depth choices
for a model with L = 7 stages, as presented in Table 3. We also reported the
total number of model parameters to analyze performance in terms of model
complexity. Deeper split points increase the number of layers in younger and
older decoders, thus increasing the model parameters [22]. In the VALDO 2021
dataset, the SABRE cohort shares a similar age distribution with our training
set, whereas the ALFA cohort is distinct (see Fig. 3). We found that while a
split depth of K = 3 achieved the highest performance on the SABRE cohort,
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it failed to generalize to the ALFA cohort. This suggests that branching with
K = 3 leads to overfitting toward the specific age distribution of the training
data; thus, a smaller K is beneficial in this case. We chose K = 0 as it achieved
the best average performance on the VALDO 2021 dataset.

Corrupting the decoder selection degrades the generalizability. We
intentionally inverted the decoder choice to generate a reversed segmentation
output. Two AgeCMBNet models in Table 1 indicate the reversed and intended
cases. These results suggest that proper decoder selection is crucial and severely
affects the performance of CMB segmentation on unseen datasets. The ALFA
cohort presented the largest performance discrepancy among cohorts. This aligns
with our expectations given its demographic bias toward younger adults, as
shown in Fig. 3 (a). Interestingly, even with the performance degradation, the
reversed AgeCMBNet surpassed BP-nnUNet [18] and nnU-Net [12]. This implies
that when dealing with training samples obtained from a single site, adjusting
the training data distribution with different decoders is more important than
the architectural design.

5 Conclusion

We present an effective decoder separation strategy for CMB segmentation, uti-
lizing separate younger and older segmentation decoders based on the strong pos-
itive correlation between chronological age and the prevalence of CMB lesions.
Experiments on two CMB datasets demonstrate that our framework achieves
promising segmentation performance by incorporating estimated age rather than
relying on actual chronological age information. Moreover, because our approach
uses image-based age estimation, AgeCMBNet can be easily incorporated into
existing clinical workflows without requiring additional metadata, emphasizing
its practical feasibility. We also highlight that our framework is effective for other
datasets, such as ATLAS v2.0 for stroke lesion segmentation, despite a weak cor-
relation between estimated age and lesion volume. Our extensive ablation studies
on different branching points indicate that deep decoders for younger and older
adults are not beneficial; shallow decoders are not only superior but also alleviate
parameter overhead. Additionally, we observe that a comprehensive understand-
ing of the training data distribution is important for improving generalizability
in small lesion segmentation. Future research will explore label-free segmenta-
tion [16,17] to minimize annotation burden, while leveraging healthy controls
[27] and MRI synthesis [15] to mitigate data scarcity and class imbalance.
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