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Transformer optimization with meta
learning on pathology images for breast
cancer lymph node micrometastasis
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Lymph node micro-metastasis represents the initial stage of breast cancer spread or metastasis.
However, the limited size of these hidden lesions restricts dataset expansion, presenting a significant
challenge for manual examination and conventional deep learning techniques. By harnessing the
power of meta-learning on limited datasets, we developed a novel network named MetaTrans,
equipped with a 34-category dataset (MT-MCD) to effectively pinpoint micro-metastases in lymph
nodes from pathological images. MetaTrans demonstrated superior performance on two different
multi-center datasets and excelled in the 0-shot task for intraoperative frozen section diagnosis.
Beyond breast cancer, MetaTrans efficiently identifies micro-metastases in thyroid and colorectal
cancers and can be directly applied to recognize images captured by digital cameras under a
microscope. Across all clinical validation scenarios, ourmethod surpasses state-of-the-art baselines,
exhibiting robust cross-domain adaptation and task-specific reliability,whichhighlight its translational
potential in diverse pathological settings.

Breast cancer constitutes a predominant health concern, with an annual
incidence exceeding 2million cases. In 95%of countries, breast cancer is the
leading cause of female cancer-relatedmortality1. Lymph nodemetastasis is
a crucial mechanism in the progression of breast cancer. As the primary site
of initial metastasis, axillary sentinel lymph nodes2 play key roles in
pathological biopsy, serving for subsequent treatment decisions, staging,
and prognosis. In some early-stage breast cancer patients, lymph node
metastasis is negative. These patients are eligible not only for breast-
conserving surgery but also for de-escalated adjuvant therapies, such as
hypofractionation, partial breast irradiation, and intraoperative
radiotherapy3. However, some lymph nodes diagnosed as negative are not
truly negative. While macro-metastases are easily identified, micro-
metastases are often overlooked due to the subtle nature of the lesions,
especially in more challenging frozen section analyses. Patients who are
misclassified in this way may not receive adequate adjuvant therapy or
follow-up, increasing their risk of recurrence4. Therefore, accurately

identifyingmicro-metastases that might otherwise bemistaken for negative
can help ensure that patients receive more tailored and effective treatment
strategies.

Lymph node metastases are typically examined by pathologists
through hematoxylin and eosin (H&E) stained histopathology slides. With
the development of Whole-slide Images (WSIs), artificial intelligence (AI)
diagnostics can greatly assist in this laborious and error-prone process. In
recent years, deep learning (DL) methods have shown significant
improvements on a wide range of computer vision tasks on natural images,
e.g., image classification5–7, object detection8,9 and semantic segmentation10.
Similarly, some promising studies have employed DL method for diag-
nosing lymph node metastasis and achieved good performances11–16, and
various computer-aided diagnosis (CAD) systems have been developed to
assist pathologists to detect cancer metastasis in WSIs17–19. However, a
commonchallenge is the lowaccuracy in identifyingmicro-metastases12,20,21.
According to the American joint Committee on Cancer tumor-node-
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metastasis staging system (8th version), lymph node metastasis of breast
cancer is categorized into three groups: isolated tumor cells (ITCs), defined
as single tumor cells or small clusters measuring less than 0.2 mm; micro-
metastasis, with a size range of 0.2–2.0mm; and macro-metastasis,
exceeding 2.0 mm22. The smaller themetastatic lesion, themore challenging
its identification becomes, both for pathologists and algorithms.

Micro-metastasis and ITCs (collectively referred as small metastasis)
represent the initial stage of lymph node metastasis and carries significant
clinical relevance. Due to the concealed of the lesions, acquiring slides is
difficult, resulting in a relatively small dataset. Moreover, owing to the
diminutive size, the number of labeled positive patches is considerably
smaller than that of macro-metastasis, further limiting dataset expansion.
These constraints restrict theperformanceof bigdata-drivenDLmethods in
identifying lymph node micro-metastasis. Meta-learning is a focal area of
investigation in few-shot learning. Recently, it has received a lot of attention
from researchers as a potential solution for challenges such as limited
resources, scarcity of labeled samples, and domain shift23,24. Given the
limitation of the small metastases’ dataset, meta-learning becomes a more
suitable method.

Recent studies demonstrate that Vision Transformers (ViT)25,26,
leveraging multi-head self-attention mechanisms and long-range depen-
dency modeling, exhibit superior performance over traditional convolu-
tional neural networks (CNNs) in natural image processing. However, in
medical imaging analysis, Transformers face two critical challenges: (1) self-
attention mechanisms struggle to efficiently capture fine-grained local
details (e.g., edge morphology of micro-lesions); (2) their high computa-
tional complexity and requiring of large-scale training data limit applic-
ability in clinical settings. To address these limitations, researchers have
proposed hybrid architectures that integrate the strengths of CNNs and
Transformers. For instance, Gulati et al.27 proposed Conformer, which
synergizes parallel convolutional and Transformer blocks to balance local
feature retention and global semantic representation. TransUNet28 embeds
Transformers Blocks into the UNet encoder, significantly enhancing
medical image segmentation performance. Building on these advance-
ments, we propose theMetaTrans network—a novel architecture optimizes
Transformer with Meta-learning and CNN to improve the detection of
lymph node micro-metastasis in breast cancer across multi-center patho-
logical images, particularly under limited data conditions. MetaTrans is
specifically designed for limited-data scenarios. By employing meta-
learning strategies, the network effectively adapts to scarce annotated data
and achieves high detection accuracy for smallmetastases, includingmicro-
metastases and ITCs.

Due to the large size of a WSI, it cannot be directly fed into a deep
learning model for detection. A common solution is to divide theWSI into
numerous smaller patches that fit the model’s input size. However, because
of hardware limitations during clinical deployment, this approach generates
tens of thousands of patches under basic configurations, many of which
contain redundant information, resulting in detection times that may reach
the hour-level range15.While high-endhardware andnetwork resources can
reduce this time to under five minutes13, such configurations incur high
costs and are typically limited to research laboratories, making them less
feasible for clinical applications29. Another approach is to downscale the
WSI, but this leads to the loss of significant information, making it
impossible for the model to extract features at the cellular level. To address
this challenge, we trained end-to-end a tissue-recognitionmodel for regions
of interest at lowmagnification (Model4x), and a cell-recognitionmodel for
high magnification images (Model10x). We propose the Breast Cancer
Lymph Node Diagnosis Process in Field of View (FOV) Based on Meta-
Trans (Fig. 1), inspired by the diagnostic practices of pathologists. They can
capture a FOV at 4×magnification using either amicroscope or aWSI. The
captured FOV is divided into 256 × 256-sized patches (typically around
100), which are then processed by MetaTrans for detection. The model
generates a probability distribution for all patches andproduces an attention
map within 5 s, making it feasible for time-sensitive intraoperative freeze
examinations.When this attentionmap is overlaid onto the original FOV, it

can assist pathologists in diagnosis and guide surgical decisions. Further-
more, pathologists can choose to use a 10× magnified view for the model’s
detections. This highermagnification offersmore detailed information than
the 4× view, further improving the reliability of the diagnostic results.

Our contributions include the following: First, we collected and labeled
a 34-class WSI dataset specifically for meta-training. A WSI patch-based
meta-task construction strategy was proposed to fully utilize the various
tissue categorieswithin theWSI, enablingfiner tissue identification. Second,
we designed the MetaTrans network by combining meta-learning with
Transformer blocks to address the challenge of detecting small metastases
under limited data conditions. Specifically, the network is trained end-to-
end and remains effective even when sample sizes are significantly smaller
than those for macro-metastases. Third, we collected and labeled multi-
center small metastasis datasets, including private and public data, and
conducted cross-dataset and cross-disease experiments. These experiments
demonstrated the superiority of our method. Finally, We collected various
image types, including whole slide images (WSIs) and digital microscope
captures from both paraffin and frozen sections. These experiments high-
light the strong potential of our approach for clinical applications.

Results
Cross-validatedmodel performance inBLCN-MiDandcamelyon
datasets
The paraffin section (FFPE) from BLCN-MiD and Camelyon underwent
training using 5-fold cross-validation on training dataset (Supplementary
Fig. 1). We conducted a comparative analysis involving several methodol-
ogies, including a deep learning-based simple convolutional network (D-
Conv-4), lightweight network (squeezenet1_0), classical classification net-
works (ResNet18, ResNet34, ResNet 50) and transformer architectures
(ViT_Small, ViT_Base). Our network also trained via deep learning
(dMetaTrans) andmeta-learning (iMetaTrans, mMetaTrans, rMetaTrans).
Results were reported in Table 1 and Supplementary Tables 1-2, evaluating
performance metrics such as ACC, AUC, Precision, Recall, and F1-Score at
Model4x and Model10x. Corresponding ROC curves and confusion
matrixes were illustrated in Fig. 2a, b and Supplementary Fig. 2. Generally,
all networks performed well in Model10x rather than Model4x, indicating
greater difficulty at lower magnifications. Notably, our network (dMeta-
Trans) demonstrated superior performance. Moreover, further enhance-
ments were observedwhen transitioning tometa-learning, particularly with
rMetaTrans achieving the highest performance across all metrics. At 4×
magnification, rMetaTrans surpassed the second-ranked network in both
BLCN-MiD (by 3.67%, 5.9%, 5.97%, 5.55%, 5.57% in 5 metrics above) and
Camelyon (by 6.17%, 5.56%, 5.78%, 6.15%, 6.96%) datasets. Most metrics
for rMetaTrans also showed improved scores at Model10x compared to
Model4x, although the relative improvement over the second-ranked net-
workwas less pronouncedat highermagnifications.Tovisually compare the
feature learned by different networks, we utilized split violin plots as shown
in Supplementary Fig. 3a. The outputs of network were normalized as
positive scores, with the legend representing the patch labels. Patches with a
positive score greater than 0.5 were detected to be metastatic, while those
with scores less than 0.5 were detected to be non-metastatic. The results
indicated that the features obtained by our network exhibit comparable
separability to those obtained by other networks. These findings underscore
the effectiveness of our approach in optimizing tissue structure feature
extraction and recognition, particularly highlighting its efficacy at lower
magnifications.

To visualize and interpret the relative importance of each region in the
field, we generated attention maps based on the detections of models. The
normalized scores were mapped to their corresponding spatial locations in
the original field (Fig. 2c). We selected the representative networks with
superior performance for comparison. The results showed the trained
models are generally capable of delineating the boundary between detected
tumor andnormal tissue.Notably, the boundary delineated by our network,
especially rMetaTrans, aligns more closely with the ground truth annota-
tions compared to other models. Additionally, the attention maps can be
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extended to the whole-slide level, where our network consistently generated
the most accurate detective attention maps (Supplementary Fig. 3b).

Adaptability to independent test cohorts
The exceptional performance of our method stems from its ability to
leverage meta-learning for few-shot adaption, enabling effective identifi-
cation of concealed lesions. To validate this capability, we directly evaluated

the pre-trained networks above on testing dataset of Camelyon in FFPE.
This dataset was further categorized into micro-metastases, ITCs, and
negative instances. Additionally, we downloaded 27 macro-metastatic
lymph nodes from the Camelyon16 for testing (Fig. 3a). Supplementary
Table 3 illustrated the metrics achieved by various networks. Figure 3b–e
showed theAUCand corresponding ROC curves in different categories. All
networks demonstrated strong performance onmacro-metastases, but they

Table 1 | The ACC and AUC of indicated networks on training dataset of FFPE in BCLN-MiD and Camelyon using 5-fold cross-
validate

Method BCLN-MiD Camelyon

Model4x Model10x Model4x Model10x

ACC (%) AUC (%) ACC (%) AUC (%) ACC (%) AUC (%) ACC (%) AUC (%)

dConv_4 77.19 ± 2.27 79.57 ± 3.90 78.46 ± 2.17 81.55 ± 3.42 77.91 ± 1.07 80.47 ± 5.02 82.41 ± 1.70 89.01 ± 1.61

dSqueezeNet1_0 78.22 ± 1.90 49.53 ± 17.17 81.25 ± 0.97 71.63 ± 6.56 77.29 ± 1.07 31.77 ± 13.63 85.93 ± 1.26 54.91 ± 11.42

dResNet18 78.69 ± 1.14 82.84 ± 3.48 83.63 ± 0.82 88.91 ± 1.80 78.27 ± 0.89 83.46 ± 5.18 85.59 ± 1.96 92.83 ± 1.87

dResNet34 79.90 ± 1.77 82.90 ± 3.50 83.02 ± 1.51 88.17 ± 3.25 78.90 ± 1.22 84.96 ± 2.59 85.62 ± 1.35 93.06 ± 1.09

dResNet50 79.32 ± 1.31 84.08 ± 2.69 83.25 ± 0.88 90.08 ± 0.83 78.64 ± 0.98 83.47 ± 3.42 87.49 ± 1.74 94.49 ± 1.24

dViT_Small 82.29 ± 1.59 85.55 ± 3.68 83.64 ± 0.91 89.82 ± 2.48 80.64 ± 1.98 86.40 ± 3.13 87.86 ± 1.82 94.97 ± 1.25

dViT_Base 74.18 ± 6.10 70.27 ± 7.76 82.09 ± 1.26 88.40 ± 1.81 70.64 ± 5.29 71.10 ± 9.98 86.00 ± 1.96 93.25 ± 1.52

dMetaTrans (Ours) 82.50 ± 1.94 87.70 ± 1.66 83.20 ± 1.96 88.89 ± 2.82 83.38 ± 1.70 88.50 ± 3.52 86.67 ± 1.57 93.89 ± 1.26

iMetaTran (Ours) 84.08 ± 0.79 90.17 ± 2.08 84.23 ± 1.70 90.32 ± 2.62 85.05 ± 1.57 91.32 ± 2.10 88.13 ± 1.87 94.84 ± 1.31

mMetaTrans (Ours) 84.75 ± 1.07 90.68 ± 1.25 84.52 ± 1.64 90.77 ± 3.25 86.05 ± 0.70 91.55 ± 1.76 88.43 ± 2.12 95.22 ± 1.36

rMetaTrans (Ours) 85.96 ± 1.33 91.45 ± 2.11 85.53 ± 1.35 92.39 ± 1.35 86.81 ± 1.50 91.96 ± 1.89 89.39 ± 2.09 95.87 ± 1.33

The bolded values highlight the best-performing result for each metric across the compared methods.

Fig. 1 | Breast cancer lymphnode diagnosis process in FOVsbased onMetaTrans.
Pathologists capture the FOVs using amicroscope orWSI as the target. The target is
then divided into patches, which subsequently detected by MetaTrans. The model

generates a probability distribution for all patches and draws an attention map,
which is overlaid onto the original target. This merged image aids diagnosis and
guide surgical procedures. Scale bar, 500 μm, 200 μm.
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displayed lowerAUConmicro-metastases,withmany showing evenpoorer
performance on ITCs. The split violin plots also indicated the worst com-
parable separability in ITCs group (Fig. 3f). Our network maintained high
AUC with macro-metastases while showcasing superior performance with

micro-metastases and ITCs. Furthermore, the results highlight that in our
network, theAUCof dMetaTrans consistently underperforms compared to
iMetaTrans, mMetaTrans, and rMetaTrans. This underscored the super-
iority of meta-learning approaches in small metastases recognition task.

Fig. 2 | Cross-validated model performance and visualization. a, b ROC curves of
indicated networks in Model4x and Model10x. The experiments conducted in
BCLN-MiD and Camelyon dataset. c Visualization of FOV in FFPE of BCLN-MiD.

The FOVs in 4× and 10× magnification were the final evaluation targets. Ground
truth metastatic areas were marked with a green border. The color blue to red in
attention map represented normalized score of 0–1. Scale bar, 500 μm, 200 μm.
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Adaptability for frozen section analysis
To evaluate the adaptability of ourmethod across varying clinical scenarios,
we further compared our method and baseline networks on different types
of tissue slices. Frozen section (FS) typically requires pathology reports
within 30min to facilitate immediate surgical decision-making.However, in
order to prevent tissue shrinkage, thicker FS often suffer from poor clarity

(Fig. 4a). The ice crystals formed by rapid freezing distorted cell morphol-
ogy, causing swelling and enlarged nuclei. Due to these challenges, experi-
enced pathologists achieve only about 95% accuracy. Networks trained on
paraffin sections (FFPE) were directly evaluated on FS test sets without
retraining (FFPE→ FS) (Fig. 4b). The results showed in Fig. 4c, d and
Supplementary Table 4. Corresponding ROC curves were illustrated in

Fig. 3 | Adaptability to independent test cohort in FFPE of Camelyon. a Flow
chart of experiment. The testing dataset was further categorized into macro-meta-
static, micro-metastases, ITCs, and negative instances. The networks were directly
evaluated without training again. Scale bar, 500 μm, 200 μm. b, c AUC obtained by

different networks over three categories in Model4x and Model10x. See Supple-
mentary Table 3 for complete results. d, e ROC curves of indicated networks in
Model4x and Model10x. f The distribution of positive scores for each patch. The
legends represented the labels.
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Fig. 4 | Adaptability for frozen section analysis in BCLN-MiD. a Description of
differences between FFPE and FS. b Flow chart of experiment. The networks were
directly evaluatedwithout training again. c,dAUCobtained by different networks in
Model4x and Model10x. The “FFPE→ FFPE”means networks underwent training
using 5-fold cross-validation (See Supplementary Table 1 for complete results). The

“FFPE→ FS” means the networks trained above were directly evaluated on FS
without retraining (See Supplementary Table 4 for complete results). e, fROC curves
of indicated networks in Model4x and Model10x in FS. g Visualization of Model4x
and Model10x detections in FS. Scale bar, 500 μm, 200 μm.
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Fig. 4e, f. We found that most networks performed less effectively on
FFPE→ FS compared to FFPE→ FFPE (The results of BCLN-MiD in
Table 1). However, our network maintained the highest scores for metrics
when transitioning from FFPE to FS, with minimal performance degrada-
tion, particularly rMetaTrans in Model4x: 1.11% in ACC, 4.36% in preci-
sion, and 0.05% in F1-score. Additionally, AUC increased by 2.08%, and
recall improvedby 4.39%.While the performance onModel10xwas slightly
lower than on Model4x, our network still stood out in most metrics. The
attention maps in Fig. 4g demonstrated that rMetaTrans has the smallest
false positive area, provided that the metastases are completely identified.
This highlights the method’s ability to focus on diagnostically relevant
features andmaintain precision under limited supervision, a key advantage
of meta-learning-based approaches.

Adaptability to microscope digital camera imaging
To facilitate the translation of our network to clinical applications, we extra
collected 20 FFPE slides and 20 FS slides of small metastatic lymph nodes,
with images taken directly by a microscope digital camera. The trained
baseline models andMetaTransmodels were used to directly evaluate these
digital camera images (DCIs) (Fig. 5a). Comprehensive experimental results
indicate that MetaTrans, particularly rMetaTrans, consistently achieved
superior performance across the majority of evaluation metrics (Supple-
mentary Tables 5–6). The results of MetaTrans models were shown in
Fig. 5b, c, with the corresponding ROC curves presented in Fig. 5d, e. Both
theModel4x andModel10x performedwell on FFPEDCIs, withmaximum
AUC of 94.41% and 94.28%. The DCIs in FS is slightly worse, but the
maximum AUC is still 93.57% and 91.40%. The attention maps in Fig. 5f
indicate that the truemetastases in DCIs were recognized by all MetaTrans,
and the detected area of rMetatranswas themost consistentwith the ground
truth annotations in green, whether in FFPEor FS. Thesefindings suggested
that rMetaTrans exhibits superior performance in the direct evaluation of
DCIs, underscoring its significant potential for clinical applications.

Versatility in detecting thyroid and colorectal cancer
Given the superior performance of our network in detecting small metas-
tases in breast cancer lymph nodes, we extended its evaluation to other
tumor types. Colorectal cancer (CRC) is known for its high recurrence and
lethality30. Approximately 30–40% of stage II CRC patients initially classified
as lymph node-negative experience recurrence due to undetected micro-
metastases, which decreases survival rates31. Thyroid cancer is the most
common head and neck malignancy and often metastasizes early to cervical
lymph nodes32. We collected 59 lymph nodes in WSIs with small metastases
in thyroid cancer and 14 in CRC. The baseline and MetaTrans models,
trained on BCLN-MiD data, were directly applied for evaluation (Fig. 6a).
Extensive experimental results confirm that MetaTrans, especially the
rMetaTrans consistently outperformed baseline methods across all evaluated
metrics (Supplementary Tables 7–8). The results of MetaTrans models are
presented in Fig. 6b, c, with corresponding ROC curves shown in Fig. 6d, e.
BothModel4x andModel10x performed exceptionally well in detecting CRC
metastases, achieving maximum AUC of 97.78% and 99.15%, respectively.
For thyroid cancer metastases, Model10x also demonstrated strong perfor-
mance with an AUC of 98.74%. However, Model4x showed lower perfor-
mance with an AUC of 86.79%, possibly due to the colloid lakes, a structural
feature absents in breast cancer, which may have led to miscalculations by
the model. Attention maps (Fig. 6f) revealed that Model4x struggled to
define the entirety of thyroid cancer metastases. In contrast, Model10x
showed improved performance at 10× magnification. In CRC, the metas-
tases detected by MetaTrans closely matched ground truth annotations,
particularly with the rMetaTrans model. These findings demonstrate that
our network effectively recognizes small metastases in other adenocarcino-
mas, especially CRC, which has structural similarities to breast cancer.

Ablontation experiments on MT-MCD
To systematically evaluate the impact of MT-MCD on cross-task transfer
performance, we conducted ablation experiments on the test sets of target

datasets BCLN-MiD and Camelyon. Specifically, we designed three com-
parison strategies to isolate the effects of MT-MCD and meta-learning. In
Method 1 [MT-MCD (×),Meta-Learning (×)], themodel is trained directly
on target datasets using deep learning (DL) without MT-MCD or meta-
learning. InMethod 2 [MT-MCD(√),Meta-Learning (×)], a baselinemodel
is first pre-trained on MT-MCD through DL and then fine-tuned on the
target datasets, allowingus to assess the effect ofMT-MCDalone33,34. Finally,
in Method 3 [MT-MCD (√), Meta-Learning (√)], the model undergoes
meta-training on MT-MCD using the rMetaTrans strategy to jointly opti-
mize parameters for enhanced cross-task generalization.

All methods selected their optimal models based on validation per-
formance and were evaluated on the test sets to assess cross-domain per-
formance. As shown in Supplementary Table 9, Method 2 outperforms
Method1 in 4 out of 5 evaluationmetrics at both 4× and 10×magnifications
on the BCLN-MiD dataset. On the Camelyon dataset, Method 2 con-
sistently achieves superior performance across all metrics compared to
Method 1. These results highlight that MT-MCD enhances domain
adaptability during conventional pre-training by introducing multi-
category pathological representations. More notably, although Method 3
shows slightly lower AUC values on the BCLN-MiD dataset relative to
Method 1 and Method 2, it demonstrates significant superiority in key
performance metrics including Accuracy, Precision, Recall, and F1-Score.
On the Camelyon dataset, Method 3 consistently outperforms all methods
across the full set of evaluation metrics. These findings suggest that MT-
MCD, through its structured meta-task repository, effectively integrates
biologically-informed priors into the meta-learning process, and that the
diversity of its task construction substantially improves model robustness
and adaptability across heterogeneous pathological scenarios.

Discussion
Most AI-based tumor recognition methods rely on large-scale WSI data to
identify macro metastases directly20,35,36, which is impractical in small
metastases. Although traditional machine learning methods37,38 do not
require extensive data labeling, their reliance onmanually designed features,
coupled with limitations in accuracy and model robustness, restricts
their clinical applicability. Some semi-supervised or weakly supervised
methods39–42 alleviate labelingdifficulties but still require a sufficientnumber
of samples, which conflicts with the scarcity of small metastasis samples. In
contrast, our work utilizes the MetaTrans network with a tailored training
strategy that leverages meta-learning for few-shot adaptation, combined
with the representational strength of Transformer blocks. This approach
allows us to achieve high diagnostic performance, even with limited small
metastasis samples.Meta-learning focuseson learninghowtoadapt tonovel
tasks without overfitting to previously seen tasks43–45. Typically, it assumes a
task distribution and employs a meta-learner to extract shared knowledge
across tasks46,47, a framework shown to be effective in few-shot learning
settings with minimal supervision23,24,48,49. To support this framework, we
adopt a fully supervised learning paradigm using expert-annotated patch-
level labels, which is particularly suited for small metastasis detection tasks
requiring fine-grained spatial precision. Compared to weakly supervised
approaches such as MIL12,50, our design ensures more reliable localization
and mitigates the label noise ambiguity often introduced by slide-level
annotations. However, considering the gradual increase in available data or
the potential inclusion of large volumes of similar pathological images as
supplementary data, approaches such as multiple instance learning (MIL),
self-supervised learning, or pre-trained medical foundation models may
becomemore suitable choices. In the current study, to addressing the clinical
challenge of limited sample resources for detecting small metastases in
breast cancer, we are the first to integrate a meta-learning algorithm with a
Transformer-based network. Our proposed MetaTrans network and
training strategy are specifically designed to accurately detect small metas-
tasis lesions.

MetaTrans demonstrates strong performance even with limited sam-
ple sizes due to its few shot learning skills and robust adaptation to diverse
pathological patterns. Hence, we constructed the first 34-category
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Fig. 5 | Adaptability to microscope digital camera imaging. a Flow chart of
experiment. DCIs is captured from FFPE and FS. The networks were directly
evaluated without training again. b, c AUC obtained by different networks in
Model4x and Model10x. See Supplementary Tables 5-6 for complete results.

d, e ROC curves of indicated networks in Model4x and Model10x in DCIs from
FFPE and FS. f Visualization of Model4x and Model10x detections in DCIs from
FFPE and FS. Scale bar, 500 μm, 200 μm.
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Fig. 6 | Versatility in detecting thyroid and colorectal cancer. a Flow chart of
experiment. The networks were directly evaluated without training again. b, c AUC
obtained by different networks in Model4x and Model10x. See Supplementary
Tables 7-8 for complete results. d, e ROC curves of indicated networks in Model4x

and Model10x in lymph node from thyroid cancer and colorectal cancer.
f Visualization of Model4x and Model10x detections in lymph node from thyroid
cancer and colorectal cancer. Scale bar, 500 μm, 200 μm.
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pathological dataset specifically for meta-training, named MT-MCD. Both
Table 1 and Fig. 2 demonstrate the superiority of the models trained using
meta-learning for identifying small metastases in breast cancer lymph
nodes. It is noteworthy that our method achieved the highest Recall scores
across all experiments, indicating thatmoremetastatic labeled patches were
identified. This is particularly significant for tumor metastasis detection,
where missed diagnoses—especially of micro-metastases—can lead to ser-
ious clinical consequences. In line with this clinical need for high sensitivity,
our field-of-view-based policy retains all positive patch-level predictions in
the attentionmap (Fig. 2C). This allows pathologists to focus their reviewon
highlighted suspicious regions rather than scanning the entire slide, thereby
improving diagnostic efficiency while minimizing the risk of oversight.
Nonetheless, there is still considerable room for expansion of the current
MT-MCD. With the more diverse and larger datasets, the enhanced per-
formance of our method will be, subsequently improving the identification
of small metastases in breast cancer lymph nodes.

In addition, as shown in Table 1, among CNN-based models, dRes-
Net50 achieved the highest AUC scores on the BCLN-MiD dataset at both
FFPE-4× and 10× resolutions (84.08% and 90.08%, respectively), though
their accuracy (ACC) was suboptimal. Among Transformer-based models,
dViT_Small outperformed dViT_Base significantly at FFPE-4× (AUC:
85.55% vs. 70.27%), while their performance was comparable at 10× reso-
lution (89.82% vs. 88.40%). On the Camelyon dataset, CNN models
exhibited resolution-dependent performance: dResNet34 slightly surpassed
dResNet50 at 4× (AUC: 84.96%vs. 83.47%),whereas dResNet50dominated
at 10× (94.49%vs. 93.06%). In contrast, theTransformer-based dViT_Small
achieved optimal performance across both resolutions. These findings
highlight two key insights: (1)model performance does not strictly correlate
with network depth or parameter scale but requires architecture customi-
zation based on task-specific characteristics (e.g., data scale, image resolu-
tion); (2) neither pure CNNnor Transformer architectures can consistently
dominate all evaluation metrics across diverse tasks.

Notably, despite the respective strengths of CNN and Transformer
architectures—such as the local sensitivity of ResNet and the global mod-
eling capability of ViT—the proposed MetaTrans achieves state-of-the-art
performance across all tasks. MetaTrans employs a shallow CNN (Meta
Learner) and a pretrained deep Transformer (Transformer Learner),
establishing a hierarchical feature extraction and fusion mechanism that
enable collaborative representation of fine-grained pathological details (e.g.,
cell-level nuclear atypia) and global semantic context. Moreover, A key
innovation, decoupled meta-learning strategy: During meta-training, only
the shallowCNN and classifier are optimized, while the deep Transformer’s
ImageNet-pretrainedweights remain frozen topreserve their robust general
feature representation ability. This approach reduces computational com-
plexity while improves diagnostic accuracy, enabling efficient adaptation to
target tasks.

Interestingly, Model4x and Model10x, which were specifically trained
to detect small metastases, also performed well in identifying macro
metastases. During labeling, we observed that in many of the positive pat-
ches from smallmetastases, themetastatic areaoccupied a small proportion,
increasing the difficulty for the models to recognize them. ITCs presented
two significant challenges: the small number of patches and the small
metastatic area they occupy, causing most networks to perform poorly on
this task. However, the MetaTrans network, particularly rMetaTrans,
maintained excellent performance in these conditions. This further
demonstrates the superiority of rMetaTrans in handling tasks with small
sample sizes.

Frozen sections (FS) are an important tool in intraoperative pathology
examination. The 0-shot results on FS highlight the robust cross-domain
adaptability of our method, demonstrating its effectiveness even without
task-specific fine-tuning. Notably, Model4x outperformed Model10x in
these scenarios, likely due to its emphasis on extracting global tissue
architecture features, which remains relatively consistent betweenFFPEand
FS. Conversely, Model10x emphasizes cellular morphological features,
which are the main distinguishing factors between the two.

The lengthy time required to evaluate an entire WSI is a significant
barrier to translating AI for pathological clinical practice. However, redu-
cing computation costs by using network architectures with compressed
parameters can significantly decrease model performance. For instance,
SqueezeNet1_0 performed poorly in all experiments. Therefore, targeting
the FOV as the final evaluation objective ensures high model performance
and reduces time consumption while aligning with routine pathology
practices. The adaptability of meta-learning enables our network to be
applied to digital images captured by microscopes and to the identification
of small metastases in lymph nodes for various adenocarcinoma types. The
proposed MetaTrans, developed through meta-training on the MT-MCD,
demonstrates significant potential for adapting to new clinical diagnostic
tasks. It is particularly effective when faced with limited training data,
making it highly suited to clinical needs. In summary, we hope our research
and methods provide new ways to identify small metastases in routine
pathological specimens, thereby advancing computational pathology and
improving clinical pathology diagnostic efficiency.

Methods
Dataset
The Camelyon Dataset included Camelyon17 and Camelyon16. These two
datasets are public challenge datasets for automated detection and classifi-
cation of breast cancermetastases.We utilized all lymphnodeswhich tested
micro-metastases, ITCs or negatives from these two public datasets to
construct Camelyon dataset. In Camelyon17, 192 lymph nodes (112
negatives, 56 micro-metastases, 24 ITCs) from five medical centers were
downloaded. In camelyon16, 320 lymph nodes (238 negative, 82 micro-
metastases) from two medical centers were downloaded. We collectively
refer to micro-metastases and ITCs as small metastases.

The Meta-Training Multi-Category Dataset (MT-MCD) and Breast
Cancer Lymph NodeMicro-Metastasis Dataset (BCLN-MiD) were created
by ourselves. Each slide was collected from one related patient who was
diagnosed at department of pathology. We constructed the MT- MCD in
Sun Yat-sen Memorial Hospital. This dataset utilized about 16 different
glandular organs in both normal and pathological states, including the liver,
stomach, colon, thyroid, breast, pancreas, etc. Each state was represented by
20 collected slides. After scanned into WSIs, they were divided into small
patches (256 × 256 pixels) (Fig. 7a). These patches were labeled based on
different tissues such as mammary gland, small intestinal gland, colonic
gland, thyroid gland, pyloric gland, adipose tissue, smooth muscle, etc. In
total, theMT-MCDcomprises 34 categories (SupplementaryTable 10). The
BCLN-MiD collected a total of 275 lymph nodes in paraffin section (FFPE)
and 166 lymph nodes in frozen section (FS). Lymph nodes with macro-
metastasis were not included in BCLN-MiD. As shown in Supplementary
Tables 11-12, the slides were obtained from four hospitals. All lymph nodes
weredivided into the training set and the test set according to 8:2.Within the
training set, 20% of the lymph nodes were sampled to form a validation set
for hyperparameter tuning. The test set remained strictly independent of the
training process and included data from all centers to prevent data leakage.

The slides were digitized into WSIs at 4× and 10× magnification.
Ground truth class labels were extracted from clinical pathology reports,
with diagnostic determinations provided by two experienced pathologists in
the department. A WSI was cropped into several fields of view in
3072 × 2048 pixels according to the real picture size taken by the OPLENIC
microscope digital camera. All patches were resized to 256 × 256 using
nearest-neighbor interpolation, with random horizontal flipping (prob-
ability = 0.5), random rotation (probability = 0.5) randommodifications to
brightness, contrast, saturation, andhue as data augmentation. Patcheswere
scaled to [0,1] range and channel-wise normalized (RGB channels nor-
malized independently). All comparative methods adopted the same data
pre-processing strategy.

Schematic of Meta-task Construction
Meta-training tasks were constructed using our self-built 34-class WSI
dataset (MT-MCD). Each meta-task adopts a 2-way-5-shot-5-query
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configuration. For each meta-task τ, two classes (2-way) are randomly
selected from the 34 tissue categories to adapt the target task scenario
(i.e., distinguishing micro-metastasis from negative cases). Each class
includes 5 support-set samples (5-shot, Dtrain

τ ) and 5 query-set samples
(5-query, Dtest

τ ) to simulate the micro-metastasis diagnosis under data
limitation. Finally, a total of 500 meta-tasks were generated, covering all

combinatorial patterns of the 34 tissue categories. This ensures diverse
meta-knowledge extraction and robust adaptability to the target task.
The target task (denoted as τtarget or τunseen) is derived from the breast
cancer lymph node micro-metastasis dataset (BCLN-MiD), which
comprises three subsets: training set Dtrain

target , validation set Dval
target , and

test set Dtest
target .

Fig. 7 | MetaTrans with the designed Meta-
training strategy based on multi- category
data (MT-MCD). a Representative patches in
the Meta-Training Multi-Category Dataset
(MT-MCD). See Supplementary Table 10 for all
MT-MCD information. b Network Archi-
tecture of MetaTrans. MetaTrans comprises
three main components: The Meta Learner for
extracting shallow (low-dimensional) features,
Transformer Learner for extracting deeper
(high-dimensional) features, and a Classifier for
classifying the fused features. c The scheme of
Meta-Tasks generation and Meta-Learning
Training Strategy in Our Method. Meta-
training tasks were constructed using our self-
built 34-class WSI dataset (MT-MCD). Each
meta-task adopts a 2-way-5-shot-5-query con-
figuration. The Transformer Learner does not
participate in meta-training. Finetuning Stage
based on the potential model obtained from
meta-training, the model is quickly adjusted
using the target task (small metastases) training
dataset. Test Stage was the performance eva-
luation of MetaTrans. The module with “lock”
in the dotted box means that parameters of this
module keep frozen at this stage.
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ArchitectureofMetaTransdesignedbasedonMeta-learningand
transformer
Existing meta-learning algorithms often utilize models with simple struc-
tures and fewer parameters, such as four-layer convolutional networks51–53.
However, these models are inadequate for medical images, which are more
complex than natural images, with lesions that are typically small, varied in
shape and color, and have blurred boundaries. While transformer models
demonstrate superior performance, they are less effective in medical tasks
where data volumes are typically smaller54. For example,medical images like
frozen sections often involve smaller datasets but higher image complexity,
making the diagnostic task particularly challenging.

To address these challenges, we developed a new network,MetaTrans,
specifically for diagnosing small metastasis, where more complex medical
images and smaller dataset (Fig. 7b). MetaTrans consists of three main
components: The Meta Learner, Transformer Learner, and a Classifier.
When patches of WSI are input into MetaTrans, the Meta Learner first
extracts shallow features. These shallow (low-dimensional) features are then
passed to the Transformer Learner for deeper (high-dimensional) feature
extraction. Finally, the Classifier fuses shallow and deep features to produce
more accurate diagnostic results.

Meta Learner: A shallow feature extractor, consists of four 3 × 3 con-
volutional layers, along with activation and normalization layers, specifics
can be referred to Supplementary Table 13. CNNs are widely recognized for
their superior feature extraction capabilities, particularly in image proces-
sing. Meta-learning algorithms typically favor simple yet efficient model
architectures, with the four-layer convolutional network being a common
choice. Consequently, we adopted this straightforward and effective struc-
ture as the Meta Learner for extracting shallow feature, to swiftly and
accurately extract shallow features from WSI data during meta-training.
TheMeta Learner, combinedwithTransformer Learner, is designed to align
with the conventional strengths of meta-learning algorithms while
addressing the specific demands of complex medical image processing,
thereby providing a robust foundation for our model.

Transformer Learner: The deep feature extractor in MetaTrans is
composed of six Transformer blocks, each incorporating multi-head self-
attention mechanisms, feed-forward neural networks, and residual con-
nections. For the current task’s complexity, the deep feature extractor is
configured with an embedding dimension of 384 and six attention heads.
These sixTransformer blocks enable themodel toperformmultiple layers of
deep feature extraction and information interaction while processing input
sequences. This design enhances the model’s ability to capture the complex
structure and semantic information of the input data, leading to more
expressive representations and improved adaptability across varied data
distributions. In summary, the deep feature extractor effectively performs
complex feature extraction and representation learning throughmulti-layer
Transformer blocks, providing robust feature representation for small
metastasis diagnosis in breast WSI.

Fusion Features Classifier: The purpose of the fusion features classifier
is to effectively integrate features extracted from both shallow and deep
layers and utilize the fused features for final detection. To achieve this, we
implemented three design strategies: feature selection, feature fusion, and
classification. In feature selection part, the feature fusion module receives
inputs from both shallow and deep feature extractors. Specifically, we
selected the final layer output of the shallow feature extractor, and the
outputs from each of the last three Transformer blocks of the deep feature
extractor for feature fusion. In feature fusion part, the feature fusionmodule
first applies a linear transformation to unify the dimensions of features from
different scales, and then concatenates them to form the fused features. This
step facilitates the effective integration of feature information fromdifferent
depths, enhancing the network’s capacity to capture complex features. In
classification part, the fused features are subsequently fed into a neural
network with two hidden layers for further processing. These hidden layers
allow the model to learn higher-order feature representations, ultimately
leading to the final detection output.

Training strategy of MetaTrans based on Meta-learning
Meta-learning focuses on developing strategies that allow models to
quickly adapt to new tasks by leveraging prior experiences, much like
human intelligence55. This study, leveraging the meta-tasks constructed
from the WSI 34-category dataset MT-MCD, applies a meta-learning
algorithm to acquire prior knowledge from these meta-tasks, facilitating
rapid adaptation to the target task of small metastasis diagnosis. The
meta-learning algorithm enables reliable performance in small metastasis
diagnosis tasks by effectively adapting to limited training data and cap-
turing task-relevant features.

An approach is model-agnostic meta-learning, which offers wide
applicability and flexibility while enhancing data efficiency and enabling
adaptation across diverse domains51,53,56. Three typical meta-learning algo-
rithms (MAML51, iMAML52,56, andReptile53) are integrated in our approach
(Algorithm 1). Meta-learning consists of two phases: meta-train and meta-
test. Ameta-training example is a task τ sampled from some distribution of
tasks p τð Þ. τ is called episode including a training split τ trð Þ (support set
Dtrain

τ ) to optimize the base-learner and a test split τ teð Þ (query set Dtest
τ ) to

optimize themeta-learner. In particular, meta-training aims to learn from a
number of episodes τ sampled from p τð Þ. An unseen task τunseen inmeta test
will start from that experience of the meta-learner and adapt the base-
learner. The final evaluation is done by testing a set of unseen data-
points τteunseenðDtest

targetÞ.

Algorithm 1:. Meta-Learning Algorithms
Input: p τð Þ: Distribution over tasks
θ : Meta -learner’s initialization meta parameters
Output: θ0 : Updated meta-learner’s weights
1: while not done do
2: # meta training
3: Sample batch of tasks τi

� �B
i¼1 � pðτÞ

4: for all τi do
5: Update θ for specific meta training tasks τi:
ϕτi  Optimize Lτi θ;Dtrain

τi

� �� �

6: Update meta-learner:
θ0  Optimize Lτ ϕτ ;Dtest

τi

� �� �

7: end for
8: Evaluate on all tasks:
θ0  Optimize

PB
i¼1Lτi ϕτi ;D

test
τi

� �� �

9: # Meta test
10: for each τunseen do
11: for k iterations do
12: Update meta parameters θ0 for τunseen:
θτunseen  Optimizeðθ0;Dtrain

τunseen
Þ

13: end for
14: Evaluate Lossðθτunseen; Dtest

τunseen
)

15: end for
16: end while
17: return θ0

Meta-Training phase aims to learn a meta-learner from multiple
episodes. In each episode, meta-training has a two-stage optimization.
Stage-1 is called base-learning, where the cross-entropy loss is used to
optimize the parameters of the base-learner. Stage-2 (Meta-learning)
contains feed-forward test on episode test datapoints. In base-learning
stage, given an episode τ 2 p τð Þ, we optimize the initialization para-
meters θ of Meta Learner through cross-entropy loss on support set
Dtrain

τ :

ϕτ ¼ θ � α∇θLceðθ;Dtrain
τ Þ ð1Þ

where α denotes the learning rate, Lce represents the cross-entropy loss
function. The objective of base learning is to minimize the training loss on
current batch meta tasks, ensuring optimal performance of MetaTrans on
the current batch tasks. In Meta-learning stage, we calculate test loss on
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query set Dtest
τ and update parameters θ:

θ θ � β∇ϕLceðϕτ ;Dtest
τ Þ ð2Þ

whereβ denotes themeta-learning rate.Themeta-learning objective aims to
minimize test losses across all tasks, thereby extracting shared knowledge
from meta tasks distribution pðτÞ. Through training on all meta-tasks, the
final optimization can be formulated as follows:

θ0 ¼ argminϕ
X

τ2pðτÞ
Lceðϕτ ;Dtest

τ Þ ð3Þ

The number of θ updates correspond to the number of meta-task
batches, with each update performed on a newly sampled set of meta-tasks
to ensure the model can extract universal knowledge from diverse tasks.

The meta-training phase aims to generate a set of potential initializa-
tion parameters that facilitate efficient adaptation to new target tasks, fol-
lowed by fine-tuning using limited training data from the target task. In
model initialization stage, the Meta Learner is initialized with meta para-
meters θ0, obtained through meta-training to enable efficient adaptation to
downstream tasks. The Transformer Learner is initialized with ImageNet
pre-trained weights. Initialized parameters of MetaTrans denoted as
θpotential . In finetuning stage, θpotential is further optimized using cross-
entropy loss on the limited training data of the target task:

θfinal ¼ θpotential � γ∇θLCEðθpotential;Dtrain
targetÞ ð4Þ

where γ denotes the fine-tuning learning rate,Dtrain
target represents the limited

labeled training set of the target task. In model evaluation stage, the fine-
tunned model achieving the highest validation accuracy (Dval

target) was
retained for final testing (Dtest

target):
In this study, we construct test tasks (unseen target tasks) using BCLN-

MiD andCamelyon. Themeta-learner, trained on 34-class synthetic data, is
then quickly adapted to these unseen target tasks. Given the limitations of
meta-learning algorithms in optimizing complex models, we designed a
separable network architecture named MetaTrans. During the meta-
training phase, the meta multiple tasks constructed from the 34-class data
MT-MCD are only used to optimizes a simple network consisting of a four-
layer convolutional Meta-learner and classifier, while the deep, complex
network based on the Transformer Learner is excluded from parameter
optimization (Fig. 7c). A significant advantage of the Transformer is its pre-
trained parameters derived from the large-scale ImageNet dataset, which
offer superior performance compared to traditional CNNs like ResNet7 and
VGG6.Consequently,MetaTrans’TransformerLearnerdirectly utilize these
pre-trained ImageNet parameters during meta-training. This stage estab-
lishes a reliable and potential model for our target task, small metastasis
diagnosis.

During the fine-tuning stage, we quickly adjust the potential model
using the target task’s training data, since this potential model is generated
by MetaTrans through meta-training, its strong task-adaptability and the
reliable pre-trained parameters from ImageNet enable MetaTrans to pro-
duce a dependable end-to-end model for small metastasis diagnosis, even
when the target task’s training samples are limited.

Experimental settings
Thehyperparameter configurations in this studywereprimarily determined
based on domain literature references, pilot exploratory experiments, and
validation set performance evaluation, with considerations for task-specific
characteristics (e.g., small-sample data scale) and hardware constraints
(GeForce RTX A6000, 48 G). The key settings are listed in Supplementary
Table 14. The Meta Inner/Outer LR/Loop and optimizer configurations
were adapted from classical meta-learning implementations51–53,56,57,58, with
adjustments for convergence stability based on pilot experiments. iMeta-
Trans/mMetaTrans/rMetaTrans used 25/5/5 inner-loop iterations,
respectively, to balance computational efficiency and parameter update

sufficiency. The 2-way setting aligns with the target task (micro-metastasis/
negative). The 5-shot 5-query and 500 meta tasks settings maintain multi-
task diversity within GPU memory constraints. Meta-training employed
SGD(momentum ¼ 0:9)59 Adam ðβ1 ¼ 0:9; β2 ¼ 0:999Þ 60 for parameter
optimization. Finetuning/Deep Learning optimizer (Adam, β1 = 0.9,
β2 = 0.999), initial learning rate (0.001), and batch size (16) followed stan-
dard configurations in medical image analysis60,61, with validation set
monitoring to prevent overfitting.

Evaluation metrics
Accuracy, Precision, F1-Score, Recall and the area under the receiver
operating characteristic curve (AUC) were used to fully and fairly evaluate
the performance, where TN, TP, FN, and FP represent true negative, true
positive, false negative, and false positive, respectively. These metrics are
defined as:

Accuracy ¼ TPþTN
TPþTNþFPþFN

Recall ¼ TP
TPþFN

Precision ¼ TP
TPþFP

F1score ¼ 2TP
2TPþFPþFN

ð5Þ

Data availability
The Camelyon datasets used in this study is publicly available (https://
camelyon16.grand-challenge.org/ andhttps://camelyon17.grand-challenge.
org/). However, the MT-MCD and BCLN-MiD datasets, which were con-
structed by the authors in collaborationwithmedical institutions,will not be
shared due to hospital data privacy policies. Extended data derived fromout
analyses are available from the corresponding author upon reasonable
request.

Code availability
Source code available at https://github.com/wangjingtao93/metatrans.
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