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Understanding the decision-making process of black-box neural networks is crucial for safe use of AI 
in high-stakes medical tasks such as histopathology. We present Adaptive Example Selection (AES), 
a prototype-based explainable AI framework that improves interpretability of deep learning models 
for mitosis detection. AES retrieves a sparse set of supporting and contradicting real-world prototype 
images to locally approximate the model’s confidence surface with high fidelity (R2 = 0.96). The 
framework is integrated with a robust Faster R-CNN detector that demonstrates strong cross-tumor 
performance, for example achieving an F1-score of 0.84 on the Canine Cutaneous Mast Cell Tumor 
dataset. AES generates concise, case-specific explanations that faithfully capture local decision 
boundaries while linking predictions to interpretable exemplars. This enables clinicians to visualize 
model reasoning, assess uncertainty, and conduct contrastive analyses. Unlike prior methods focused 
on discrete class predictions, AES shows how similarity to mitotic and non-mitotic prototypes shapes 
graded confidence, enhancing transparency, trust, and practical adoption of AI-assisted mitosis 
detection in cancer diagnostics.

Mitosis, the process of tumor cell division, is a vital biomarker in the diagnosis and grading of many cancers. 
Histopathological assessment of hematoxylin and eosin (H&E)-stained tissue slides, where pathologists manually 
identify and count mitotic figures in tissue samples, remains the clinical gold standard1. However, this manual 
process is labor-intensive, subjective, and prone to variability due to differences in experience and interpretation 
among pathologists. Accurate mitosis detection is especially challenging due to their visual heterogeneity 
across different mitotic phases as well as the resemblance of non-mitotic cells, such as apoptotic bodies and 
lymphocytes, to true mitoses. Moreover, mitotic figures are often small and sparsely distributed, making them 
easy to overlook, especially under time constraints2. These factors contribute to inconsistencies and diagnostic 
uncertainty, limiting reliability.

Recent advances in deep learning (DL) have sparked interest in automating mitosis detection3–5, offering 
improved efficiency and reduced variability. DL models analyze high-resolution digitized whole slide images 
(WSIs) to identify mitotic cells with performance approaching that of expert pathologists6. Despite these 
successes, DL models remain largely “black boxes” due to their highly complex, multi-layered neural networks 
whose complex decision-making processes are difficult to interpret7. This lack of transparency poses a significant 
barrier to clinical adoption, particularly in medical applications, where the consequences of errors can be far-
reaching.

For AI to be safely and effectively adopted in medicine, models must not only be accurate but also explainable. 
To communicate findings responsibly, especially those derived from automation, clinicians, as ultimate decision-
makers, must place as much trust in their tools as their patients place in them8. Explainable AI (XAI) enables 
clinicians to understand the rationale behind predictions, assess confidence, and identify potential errors or 
biases. Such transparency supports clinical decision-making and fosters trust in AI systems. Importantly, 
effective XAI tools should allow users to interact with models, adjusting sensitivity or focusing explanations to 
their diagnostic needs, and should be rigorously evaluated with end users9,10.

In histopathology, XAI techniques typically fall into two categories: saliency maps, which highlight image 
regions influencing predictions, and example-based methods, which provide similar prior cases to explain 
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decisions. Saliency maps (e.g., Grad-CAM11–13) attempt to localize the most influential regions of an image 
but often produce coarse, ambiguous highlights and may lack precision needed for clinical use14. In contrast, 
example-based approaches provide intuitive, concrete references that align well with how clinicians reason.15,16.

Among example-based methods, prototype-based reasoning offers an intuitive, human-aligned framework 
for interpretable machine learning by grounding predictions in real-world examples.17,18. Technically, they 
clarify data embeddings and decision boundaries by anchoring new instances to representative exemplars. 
However, most implementations focus on classification, neglecting complex tasks like object detection that 
require spatial localization and confidence estimates. Few are adapted to clinical workflows or evaluated for 
usability and relevance, key factors for trust and adoption in real-world medical practice.

We introduce the Adaptive Example Selection (AES) mechanism, which approximates a black-box detector’s 
local decision landscape using a truncated radial basis function (RBF) expansion of its confidence scores to 
generate locally faithful, example-based explanations. AES retrieves a small set of supporting and contradicting 
prototype images to reveal the evidence influencing each prediction. It operates as a post-hoc interpretability 
layer on a standard Faster R-CNN detector, providing instance-level explanations without modifying the 
detector architecture.

The main contributions of this work are: (1) a prototype-based explainability framework for object detection 
in histopathology; (2) a truncated RBF formulation for locally faithful prototype selection; (3) a contrastive 
retrieval strategy presenting supporting and contradicting exemplars; and (4) quantitative and qualitative 
evaluations demonstrating compact, case-specific explanations aligned with clinical reasoning. Figure 1 
summarizes the two-stage workflow: training a high-performance mitotic figure detector and applying AES 
to explain and visualize each prediction at the individual-instance level. By aligning AI outputs with the way 
clinicians reason about evidence, AES seeks to build trust, enhance transparency, and promote practical adoption 
of AI-assisted mitosis detection in cancer diagnostics.

Results
We developed the Adaptive Example Selection framework for mitotic figure detection in histopathology, aiming 
to (i) establish a high-performance baseline detector and (ii) provide case-specific, interpretable explanations. 
Below, we report both predictive performance and interpretability outcomes, linking each step to clinical 
relevance.

Faster R-CNN mitotic figure detector
We trained a two-stage region-based convolutional neural network (Faster R-CNN)  19 to detect MFs in 
histopathology images. Each predicted region of interest (ROI) received a confidence score β(x) ∈ [0, 1], with 
predictions above a decision threshold τ0 = 0.969 considered positive. This threshold was selected via cross-
validation using a held-out validation set to optimize the F1-score.

Training used the MItosis DOmain Generalization++ (MIDOG++) dataset  20, which includes expert-
annotated MFs across multiple human and canine tumor types with varied staining and morphology. Model 
performance was assessed via 5-fold cross-validation on a held-out validation set using precision, recall, and F1-
score. (Table 1). F1-scores ranged from 0.57 to 0.84, matching or surpassing MIDOG++ benchmarks. Variation 
reflects species- and tumor-specific histological differences. These results confirm the detector as a robust but 
complex “black box,” suitable for AES interpretability analysis.

Adaptive example selection
AES generates case-specific, interpretable explanations by retrieving a small set of prototypical images that 
support (Positive Decision Figures, PDFs) or contradict (Negative Decision Figures, NDFs) each prediction 
(Fig.  2). Input includes the detector’s bounding boxes x, feature embeddings, and confidence scores β(x). 
Output is a compact set of prototypes approximating the local decision boundary.

To emphasize predictions near the decision threshold, scores are transformed using a shifted Box–Cox (SBC) 
function:

	 f(x) = SBC(β(x); τ0) = BC(β(x)) − BC(τ0),� (1)

where τ0 separates positive and negative predictions. AES models f(x) with a sparse Radial Basis Function (RBF) 
expansion:

	
f̂(x) =

∑
yi∈D

ci ρ
(ρ0)
kyi

,yi
(x),� (2)

with D the set of prototype images, ci their weights, and kyi  the concentration parameter of the RBF centered at 
yi. RBFs are truncated below ρ0 = 0.1 to ensure locality (see Supplemental Information, Section S2).

AES learns prototype weights c and concentrations k by alternately minimizing: (i) a fidelity and sparsity 
loss L1, and (ii) an overlap reduction loss L2 to enforce label-consistent and diverse prototypes. Further details 
on the loss functions are provided in the Methods section. Early stopping is applied to L1 to prevent overfitting. 
Once trained, AES provides both a global approximation and a localized explanation set for each prediction:

	
AES(x) =

{
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with µ2(x) chosen to explain a fixed proportion (e.g., 90%) of the predicted score.

Quantitative evaluation
AES was evaluated on sparsity (dictionary size |D|), approximation fidelity (R2), and interpretability (relevance 
scores, RS). The mean and median values of |AES(x)| across the test set were reported as Mean-RS and Med-
RS, respectively, representing the average and median number of AES prototypes required to explain 90% of the 
detector’s predicted score for each test bounding box. Lower RS values indicate that fewer dictionary images are 
needed to explain model outputs, potentially reducing the cognitive load for clinicians by allowing them to focus 
on fewer, more meaningful examples. RBF fit quality was further assessed using the condition number κ(D) 
of the RBF matrix, where lower values indicate better feature-space coverage and numerical stability. Table 2 

Fig. 1.  (A) Conceptual illustration showing that the need for explainability grows with the clinical importance 
of AI-assisted diagnostic applications. (B) Overview of the XAI-driven mitosis detection workflow. A Faster 
R-CNN detector identifies candidate mitotic cells by generating localized bounding boxes in test images. The 
Adaptive Example Selection (AES) module then retrieves visually similar, mitotic and non-mitotic examples 
from the training data. These prototypes provide case-based explanations, enabling clinicians to interpret 
predictions and evaluate decision confidence in a transparent, contrastive manner.
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summarizes AES simulation results across different configurations, with values reported as means averaged over 
10 runs with different random seeds. The optimal setup (Row 7) achieved R2 = 0.96 with a compact median of 
10 prototypes per case, yielding a highly interpretable global dictionary of ∼190 images. See Section S3 in the 
Supplementary Information for details on standard errors and hyperparameters.

Interpretability outcomes
Beyond quantitative performance, AES interpretability was evaluated across three diagnostic scenarios: correct 
predictions, false positives, and false negatives (Fig.  3). Prototypes are labeled as supporting (PDFs, green) 
or contradicting (NDFs, red) with associated influence weights and confidence scores, providing contrastive, 
localized explanations. 

	a.	 Correct Prediction - High-confidence Mitotic Classification: AES consistently retrieved strongly weighted 
mitotic prototypes (PDFs) and no NDFs for high-confidence mitotic classifications, reflecting unambiguous 

Fig. 2.  The AES Query Engine for interpretability and decision boundary analysis: (A) Feature maps and 
confidence scores for Mitotic Figures (MF) classification are extracted for each predicted bounding box in a 
test image. (B) Confidence scores are normalized using a variance-stabilizing power transformation, improving 
the detector’s behavior near the decision boundary. (C) Candidate prototypes are selected from either the 
training set or an expert-curated reference database. (D) During AES training and optimization, redundant 
prototypes are pruned, and radial basis functions (RBFs) are scaled, yielding a sparse, diverse, and informative 
dictionary of active prototypes, see Figure S1 in the Supplementary Information. (E) At inference, for each 
bounding box, the trained AES assigns signed coefficients that quantify the influence of nearby prototypes, 
Positive Decision Figures (PDFs; mitotic) and Negative Decision Figures (NDFs; non-mitotic), providing 
visual explanations of mitotic predictions.

 

Tumor Type Precision Recall F1-score F1-score†

Human Breast Cancer 0.70 ± 0.03 0.81 ± 0.02 0.75 ± 0.01 0.71 ± 0.02

Canine Lung Cancer 0.66 ± 0.03 0.63 ± 0.02 0.64 ± 0.02 0.68 ± 0.02

Canine Lymphosarcoma 0.79 ± 0.01 0.73 ± 0.01 0.760 ± 0.004 0.68 ± 0.01

Canine Cutaneous Mast Cell Tumor 0.89 ± 0.02 0.80 ± 0.02 0.84 ± 0.01 0.82 ± 0.01

Human Neuroendocrine Tumor 0.50 ± 0.04 0.67 ± 0.04 0.57 ± 0.02 0.59 ± 0.01

Canine Soft Tissue Sarcoma 0.68 ± 0.04 0.74 ± 0.01 0.71 ± 0.03 0.69 ± 0.01

Human Melanoma 0.75 ± 0.03 0.80 ± 0.01 0.77 ± 0.01 0.81 ± 0.01

Table 1.  Performance of the MF detector across tumor types. †Benchmark F1-scores from20 are included for 
comparison. See Supplementary Information, Table S1, for a confusion matrix.
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reasoning (Fig. 3a). Borderline cases included a few weak NDFs (weights −0.02 to −0.09) but mitotic PDFs 
predominated, showing subtle uncertainty while maintaining interpretability.

	b.	 False Positive - Non-mitotic Figure Misclassified as Mitotic: In misclassified non-mitotic figures, AES re-
trieved multiple mitotic PDFs with strong positive influence (weights up to 0.17) and only weak NDFs (e.g., 
−0.04; Fig. 3b). Visual similarity in chromatin and intensity patterns explains why the detector was misled.

	c.	 False Negative - Missed Mitotic Figure: For missed mitotic cases, AES retrieved either a single weak PDF 
with several influential NDFs or, in extreme cases, only NDFs. Occasionally, an NDF carried a mislabeled 

Fig. 3.  The AES framework illustrates model interpretability under varying conditions. The global detection 
threshold is set to τ0 = 0.969, while Positive Decision Figures (PDFs) and Negative Decision Figures (NDFs) 
are defined as PDF = PDFϵ(I) and NDF = NDFϵ(I), respectively, using a local threshold of τℓ = 0.85. 
For each predicted bounding box, AES retrieves nearby PDFs and NDFs, which serve as visual, example-based 
explanations of the model’s decision. These prototypes, drawn from training data or expert-curated examples, 
highlight the features most influential in the detector’s classification of mitotic versus non-mitotic figures. 
Abbreviations: cscore: confidence score; wt: weight; GT: ground truth; MF: Mitotic figure; NMF: Non-mitotic 
figure.

 

Row Case Study Parameter Values R2 Mean-RS Med-RS |D| log10(κ(D))

1 No trim; L2  off constant k, γ1 = γ2 = 0 0.97 606.95 146.10 1647.50 5.70

2 No trim; L2  off constant k, non-zero γ1, γ2 0.95 253.94 238.90 1576.20 4.93

3 No trim; L2  off variable k, non-zero γ1, γ2 0.96 268.85 245.90 620.90 4.46

4 Trimmed; L2  off constant k, γ1 = γ2 = 0 0.96 621.50 791.00 1619.10 4.16

5 Trimmed; L2  off constant k, non-zero γ1, γ2 0.94 182.03 210.60 1844.50 4.36

6 Trimmed; L2  off variable k, non-zero γ1, γ2 0.96 21.17 8.50 269.40 2.97

7 Trimmed; L2  on variable k, non-zero γ1, γ2 0.96 14.81 10.00 190.20 2.87

Table 2.  AES performance under different configurations. “Trimmed” indicates ρ0 = 0.1; “No trim” sets 
ρ0 = 0. Variable k allows each RBF concentration to be learned independently; constant k applies a shared 
value. Reported values are means averaged over 10 runs with different random seeds; therefore, dictionary size 
|D| may appear non-integer. Mean RS and Med RS denote the average and median number of AES prototype 
images required to explain 90% of a prediction’s score; lower values indicate fewer exemplars and reduced 
interpretive burden. Row 7 balances high fidelity with the smallest prototype dictionary.
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mitotic ground truth, highlighting underrepresented or ambiguous morphologies in the training data. Con-
tradictory prototypes can shift the decision toward non-mitotic classification despite mitotic features.

AES explanations extend beyond abstract performance metrics: they expose the evidence supporting or 
contradicting each decision, reveal systematic error patterns, and highlight clinically relevant ambiguities at 
decision boundaries.

Overall, (i) the MF detector achieves robust cross-species performance suitable for clinical deployment, 
and (ii) AES produces compact, case-specific prototype explanations that approximate the detector’s decision 
boundary and provide interpretable morphological evidence, enhancing transparency and trustworthiness in 
AI-assisted cancer diagnostics.

Discussion
Deep learning has shown promise in automating mitotic figure detection, yet its clinical adoption remains 
limited by the opacity of model decisions. In high-stakes domains such as pathology, where treatment decisions 
hinge on image interpretation, transparency is a requirement. It is essential for trust, error mitigation, and safe 
deployment. We address this challenge with Adaptive Example Selection, a prototype-based explainability 
framework that complements a high-performance Faster R-CNN MF detector with concise, human-interpretable, 
and case-specific explanations.

AES is grounded in the way pathologists reason through ambiguous findings: comparing a case to a mental 
library of known examples, weighing supporting and contradicting evidence before making a call. To emulate 
this reasoning process, AES retrieves a small set of real, expert-annotated prototypes from a reference library. 
These prototypes are divided into (a) Positive Decision Features (PDFs), which represent supporting evidence, 
and (b) Negative Decision Features (NDFs), which contradict the current prediction. This dual set allows 
clinicians to understand not only why a prediction was favored, but also why alternatives were rejected, enabling 
contrastive reasoning at the decision boundary.

Technically, AES operates as an interpretable query engine layered on top of a trained detector. The detector 
predicts bounding boxes and confidence scores for MF candidates. A calibrated threshold converts scores into 
binary mitotic/non-mitotic calls. For each candidate region, AES fits a local regression model that approximates 
the detector’s confidence landscape in that neighborhood of feature space. This is achieved with a truncated 
RBF expansion, chosen for its ability to represent smooth decision surfaces while enforcing locality. From the 
global library, AES selects a sparse subset of prototypes whose weighted influence best explains each prediction. 
Selection is guided by: (a) Visual similarity in learned feature space. (b) Magnitude and sign of influence on the 
local decision. (c) Adaptive concentration parameters controlling the spatial extent of each prototype’s influence. 
The retrieved PDFs and NDFs, along with their influence weights and similarity rankings, are presented to the 
clinician. This provides an interpretable, human-scale explanation, typically a median of 10 prototypes per case, 
without overwhelming with irrelevant examples.

Compared with prior prototype-based methods 21–23, AES advances interpretability in three ways. First it 
introduces (contrastive reasoning): by retrieving both supporting (PDFs) and contradicting (NDFs) prototypes, 
AES provides counterfactual evidence that clarifies not only why a prediction was made, but also why an 
alternative was rejected. Second, it ensures (local fidelity): the truncated RBF approximation closely matches 
the detector’s decision surface (R2 = 0.96) while constraining prototype influence, keeping explanations 
focused, and clinically meaningful. Third, it promotes (sparsity and stability): adaptive scaling and regularization 
yield compact, well-conditioned prototype sets, avoiding the overly dense or unstable explanations seen in 
prior RBF-based approaches. Together, these advances address long-standing limitations in prototype-based 
interpretability, making AES both technically faithful and cognitively aligned with how pathologists reason 
through ambiguous cases 9,24.

We evaluated AES through ablation studies focused on sparsity, fidelity, and stability. Without regularization, 
the model achieved high predictive accuracy (R2 = 0.97) but required more than 1,600 prototypes, resulting 
in explanations that were dense and difficult to interpret. Introducing regularization and adaptive concentration 
parameters dramatically reduced dictionary size while maintaining accuracy. In the best configuration, AES 
required only about 270 prototypes, with a median of fewer than 10 retrieved per case, while preserving high 
fidelity (R2 = 0.96). A further refinement with an L2 placement loss pruned the set to 190 prototypes without 
sacrificing accuracy, concentrating explanations on the most relevant exemplars. Although our implementation 
used trimmed Gaussian kernels for simplicity, smoother alternatives such as Wendland kernels25 are compatible. 
Collectively, these results show that AES provides concise, stable, and clinically interpretable explanations 
suitable for real-time decision support.

Beyond technical accuracy, clinical adoption depends on whether explanations meaningfully support 
decision-making. AES addresses this need by providing four complementary explanation types: (1) Prototype-
based reasoning, which uses real, labeled exemplars (supporting & contradicting) that mirror how pathologists 
compare cases to known references; (2) Local explanation (instance-specific context), where prototypes are 
selected locally for each case, ensuring that the explanation reflects the reasoning for that decision rather than 
a global average; (3) Confidence scores, through which AES integrates model confidence, allowing clinicians to 
gauge when predictions are reliable versus uncertain; and (4) Influence weight, which quantifies each prototype’s 
contribution (positive or negative) to reveal why a decision was made and which exemplars shaped it most. 
Applied across three recurring diagnostic scenarios (Fig. 3), these explanation types allow pathologists to confirm 
robust predictions when supporting evidence is consistent, scrutinize errors by identifying misleading visual 
similarities, and detect blind spots where atypical or underrepresented morphologies drive misclassification.

Our AES-based interpretability analysis provides clinically relevant insights into the MF detector’s decision-
making. First, in high-confidence correct predictions, the absence of contradictory NDFs strengthens trust 
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in the model, as all retrieved prototypes reinforce the mitotic classification. For pathologists, this consistency 
is reassuring, since the explanatory evidence aligns closely with the ground truth. Second, borderline correct 
predictions and false positives highlight the importance of interpretability in guiding expert oversight. When AES 
surfaces both mitotic and non-mitotic prototypes, the mixture signals regions of uncertainty where human review 
may be critical. In particular, confident false positives arose from visual similarities in chromatin morphology, 
underscoring how domain-specific ambiguities can mislead automated detectors. Third, false negatives often 
reflected either subtle or atypical mitotic morphologies, or mislabeled prototypes within the training set. These 
findings point toward two practical interventions: (i) curating more diverse training data to capture rare mitotic 
variants, and (ii) auditing prototype libraries to minimize mislabeled exemplars. Both steps would improve 
model robustness while maintaining transparency for clinical users. In this way, AES extends interpretability 
from “what the model predicted” to “why the model predicted it,” thereby improving transparency, supporting 
expert override when needed, and laying the foundation for trust in AI-assisted histopathology.

Furthermore, AES’ interactive, user-centric design promotes clinician–AI collaboration by revealing real-
world examples that expose biases, highlight failure modes, and inform model refinement through retraining 
or calibration. Human-in-the-loop features allow for context-specific threshold tuning, incorporation of expert-
curated prototypes, and interface customization to diverse clinical workflows, thereby strengthening trust, 
reliability, and equity in diagnostic decision-making.

Importantly, AES is more than an explanatory add-on. By linking ambiguous findings to curated exemplars, 
it functions as a clinical decision support tool. It can aid tumor grading, prognosis estimation, and training of 
junior pathologists. Its modular design suggests applicability beyond MF detection, including tumor subtyping, 
organ classification, and rare disease identification.

AES relies on a prototype library derived from the training data, and the relevance of retrieved examples 
depends on how well this library captures the visual diversity of mitotic and non-mitotic structures. Given the 
known heterogeneity of mitotic figures across tumor types, staining protocols, and imaging conditions, rare 
or atypical morphologies may be underrepresented, leading to less informative explanations in some cases. In 
addition, AES functions as a post-hoc explanation layer and does not correct errors made by the underlying 
detector; it explains the detector’s behavior, whether correct or incorrect. Finally, domain shifts related to 
scanner hardware or staining variations may affect prototype similarity and would require updating or adapting 
the prototype library for optimal performance.

Future work will focus on scaling AES to whole-slide images, integrating it into digital pathology viewers, 
and evaluating usability through prospective clinician studies. By combining technical rigor with cognitive 
alignment, AES offers a pathway toward transparent, context-aware and trustworthy AI adoption in pathology, 
enabling safe, effective clinician–AI collaboration.

Methods
We developed a two-stage pipeline for interpretable MF detection: (a) A high-performance Faster R-CNN MF 
detector trained on the multi-species, multi-tumor MIDOG++ dataset; (b) An AES module that retrieves a small 
set of real-world prototypes, supporting as well as contradicting the detector’s output, to approximate its local 
decision boundary.

Black-box faster R-CNN MF detector
Dataset
We trained and evaluated our detector on the publicly available MIDOG++ dataset ​(​​​h​t​t​p​s​:​/​/​g​i​t​h​u​b​.​c​o​m​/​D​e​e​p​
M​i​c​r​o​s​c​o​p​y​/​M​I​D​O​G​p​p​​​​​)​, the largest multi-domain MF dataset at the time of writing. A multi-domain dataset 
ensures robustness across tumor types and laboratories, increasing the likelihood of reproducibility in real-
world pathology workflows. The dataset contains high-resolution ROIs from 503 histological specimens, with 
11,937 expert-annotated mitotic figures across seven tumor types (human and canine): breast carcinoma, lung 
carcinoma, lymphosarcoma, neuroendocrine tumor, cutaneous mast cell tumor, cutaneous melanoma, and 
subcutaneous soft tissue sarcoma. Images were acquired using five whole-slide scanners across four pathology 
laboratories.

Following the dataset authors’ recommendations, 111 images were reserved as an independent test set. Of the 
remaining 392 images, 22 images without ground-truth mitotic figures were excluded from training to reduce 
class imbalance and computational overhead, leaving 370 images for training and validation. Image-level 5-fold 
cross-validation was then performed on these 370 images, with an 80%/20% split for training and validation in 
each fold.

Data preprocessing
Original images measure up to 7215 × 5412 pixels, whereas MFs are typically ∼ 50 × 50 pixels. To avoid loss 
of detail from global downsampling, we generated 512 × 512 pixel patches using a sliding window crop with 
20% overlap, following 20. Patches were generated separately for training, validation, and test sets, ensuring that 
no patches from the same image appear in multiple sets, thereby preventing potential bias in evaluation. This 
increased the MF-to-patch area ratio from ∼0.7% to ∼10%, improving detection sensitivity. To enhance domain 
generalization, we applied: (a) Geometric augmentation: random horizontal/vertical flips (50% probability each) 
and random rotations up to ±45◦ (50% probability). (b) Photometric augmentation: brightness shifts (±0.2) 
and contrast shifts (±20%, 20% probability), Gaussian noise (variance 10–50, 30% probability), and saturation 
shifts (±20%, 20% probability). (c) Stain augmentation: Random Stain Normalization and Augmentation 
(RandStainNA) 26 with four style templates in pink/purple H&E tones. Templates were selected using k-means 
clustering on color histograms to ensure coverage of common staining modes. Preserving fine nuclear detail 
while simulating real-world staining variability improves the detector’s reliability for routine diagnostic slides.
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Faster R-CNN: training and hyperparameters
We employed Faster R-CNN with a ResNet-50 27 backbone pretrained on MS-COCO 28, combined with a FPN 
for small-object detection. We chose Faster R-CNN over RetinaNet 29 (used in 20) due to its interpretability and 
robust performance in histopathology detection tasks. Patches containing at least one MF were used to reduce 
computation overhead. Training ran for 50 epochs (batch size 2), using stochastic gradient descent (learning rate 
= 0.001, momentum = 0.9). Model selection was based on mean average precision (mAP) across IoU thresholds 
0.5–0.95 (step 0.05). Post-training, class-confidence and bounding-box area thresholds were tuned on the 
validation set to maximize F1-score.

The detector outputs a confidence β(x) ∈ [0, 1] that bounding box x contains an MF:

	 β(x) = confidence(ı̇x
.= MF).

Positive predictions at decision threshold τ0 form the set:

	 B+
τ0 = {x | β(x) ≥ τ0}

For integration with AES, we extracted fc7-layer features for each predicted bounding box. The optimal 
threshold τ0 = 0.969 maximised F-1 score across tumor types. It is important to note that high thresholds 
reduce false positives, important for pathologists who must avoid over-calling mitoses.

Evaluation metrics
We report Precision, Recall, and F1 score to evaluate the detector’s performance:

	
Precision = TP

TP + FP
, Recall = TP

TP + FN
, F1 = 2 · TP

2 · TP + FP + FN
.� (4)

where TP, FP, and FN denote true positives, false positives, and false negatives. A detection was considered 
correct if the Intersection over Union (IoU) between predicted and ground-truth bounding boxes was ≥ 0.5, 
balancing sensitivity for small mitotic figures while aligning with common object detection benchmarks. All 
mAP and F1-scores in Table 1 were computed using this threshold. Balancing sensitivity and specificity ensures 
pathologists see true mitoses without being overwhelmed by spurious detections.

AES query engine
We developed an AES query engine to interpret and visualize the confidence scores β(x) generated by a trained 
MF detector by retrieving representative active prototypes from the training set i.e., examples that either support 
or contradict predictions. This provides pathologists with visual “second opinions,” enhancing interpretability 
and trust. Although all prototypes are drawn from the detector’s training data in this study, the framework can 
also accommodate examples selected by domain experts.

Throughout this section, B denotes the set of all candidate bounding boxes, and rx the feature embedding of 
a region x obtained from the detector’s penultimate layer.

Pre-processing and candidate selection
Initial filtering removes bounding boxes with implausible sizes or excessive overlap. Specifically, we retain boxes 
with area of at least 2400 pixels (equivalent to 50 × 50 at the dataset resolution) and apply non-maximum 
suppression (NMS) to eliminate redundancy.

We define:

	 B+
τ0 = {x | β(x) > τ0}, B[τℓ,τ0] = {x | β(x) ∈ [τℓ, τ0]}.

and combine these subsets to obtain B+
τℓ

. This construction prioritizes borderline detections near the decision 
threshold τ0, where interpretability is most clinically valuable.

Decision boundary analysis via shifted box-cox transformation
We stabilize and recenter the distribution of confidence scores using a shifted Box-Cox (SBC) transformation:

	
SBC(y; τ0) = yλ − 1

λ
− τλ

0 − 1
λ

.

The parameter λ is estimated from data. This transformation centers the decision boundary (at which 
SBC(τ0; τ0) = 0), improving comparability across detections and ensuring prototype selection reflects 
clinically meaningful thresholds.

Prototype selection via truncated radial basis functions
Each bounding box x is represented by normalized detector features r̂x = rx/∥rx∥. Similarity between boxes is 
quantified by a radial basis function (RBF):

	 ρkyi
,yi (x) = exp(−kyi (1 − cos(r̂x, r̂yi ))) ,
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which is truncated at ρ0 to retain only influential prototypes. Here kyi  controls the concentration (inverse 
width) of each radial basis function, and ρ0 ∈ (0, 1) sets the minimum cosine similarity required for a prototype 
to influence the prediction. The transformed confidence is then approximated as:

	
f(x) ≈ f̂(x) =

∑
yi∈AES(x)

cyi ρ
(ρ0)
kyi

,yi
(x).

where AES(x) is the minimal set of prototypes explaining most of the score. Clinically, this shows pathologists 
which specific examples influenced a decision, mirroring human diagnostic reasoning.

Optimization
The goal of AES optimization is to learn a compact prototype dictionary D that serves as the set of RBF centers 
in f̂k,c(x), approximating the transformed detector confidence f(x). A smaller, well-structured dictionary 
reduces cognitive load for clinicians while maintaining explanatory power. Here k = [ky1 , . . . , ky|D| ] and 
c = [cy1 , . . . , cy|D| ] denote the vectors of kernel concentrations and coefficients, respectively, and γ1, γ2, γ3 are 
scalar regularization weights controlling sparsity and kernel localization.

Optimization is guided by four principles: (i) prototypes must be informative for explanations, i.e. 
AES(x) ⊂ D; (ii) centers yi ∈ D should be well-separated to ensure broad coverage; (iii) kernels should remain 
localized through high concentrations kyi  values; (iv) coefficients ci should remain sign-consistent with f(x) to 
preserve decision alignment.

Starting from an initial prototype set D0, dictionary elements are divided into ϵ-positive and ϵ-negative 
decision figures:

	 PDFϵ = {x ∈ B+
τ0+ϵ ∩ D0} and NDFϵ = {x ∈ B[τℓ,τ0−ϵ] ∩ D0},� (5)

which provide boundaries for prototype selection. Here ϵ > 0 defines a small confidence margin around the 
decision boundary τ0, used to separate strongly positive and negative prototype regions. The optimized D must 
therefore satisfy: 1. Sign alignment: ci ≥ 0 for yi ∈ PDFϵ, and ci ≤ 0 for yi ∈ NDFϵ. 2. Sparsity and spread: 
dictionary size should be much smaller than the candidate set (|D| ≪ |D0|) and well-conditioned to avoid 
redundancy. 3. Localization: explanations should remain compact, i.e. Rα

D(x) is small (see Supplementary 
Information, Section S4, for a formal definition), so that only a few prototypes contribute to each decision. For 
sharply peaked RBFs, this implies sign(ci) = sign(f(yi)) for all yi ∈ D.

Training alternates between two complementary objectives. The first ensures fidelity, sparsity, and localization:

	

L1(c, k) = 1
|B+

τℓ |

∑

xj ∈B+
τℓ

(
f(xj) −

∑
yi∈D0

ciρ
(ρ0)
kyi

,yi
(xj)

)2

+ γ1∥c∥1 + γ2
(
∥k−1∥1 + γ3∥k−1∥∞

)
.

The second promotes separation by penalizing kernel overlap:

	

L2(k) = 1
|D|2

∑
xj ∈D

∑
yi∈D

ρ
(ρ0)
kyi

,yi
(xj).

Optimization alternates between L1 and L2 for 10 epochs each. Early stopping is triggered when L1 validation 
loss ceases to improve or when the R2 score falls below 99.5% of its maximum. Training and test partitions 
follow the Faster R-CNN split (358 training, 111 test cases), restricted to bounding boxes with τℓ ≥ 85%. Note 
that although 370 images (291 for training and 79 for validation) were used to train the Faster R-CNN detector, 
only 358 images produced admissible bounding boxes for AES training. The independent test set of 111 images, 
however, was identical for both Faster R-CNN evaluation and AES evaluation.

Prototype metrics and clinical relevance
For each test box x, prototype contributions are:

	 ti(x) = cyi ρ
(ρ0)
kyi

,yi
(x).

The locally active set AES(x) is the smallest set capturing fraction α of f̂(x).
Mean and median relevance scores across the dataset indicate interpretability: lower values show that fewer 

prototypes are required for clinical explanation. This helps pathologists quickly understand model reasoning and 
focus on diagnostically significant patterns.

All experiments ran on an NVIDIA RTX A5000 GPU (24 GB VRAM), AMD EPYC 75F3 CPU (64 cores, 
3.8 GHz), and 256 GB RAM. Software: PyTorch 2.0, CUDA 11.8, cuDNN 9.1, Python 3.8.10.

Data availability
All data utilized in this study is publicly available from the sources cited in the manuscript.
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Code availability
The code for the proposed method is available at GitHub: ​h​t​t​p​s​:​​​/​​/​g​i​t​h​u​​b​.​c​o​​m​/​m​i​t​a​​b​a​n​​i​k​​/​A​d​a​p​t​​i​​v​e​-​E​​x​a​m​​p​l​​e​-​S​
e​l​e​c​t​i​o​n. This facilitates reproducibility, enables validation of the results, and encourages further research and 
development in the field.
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