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Abstract. Breast cancer is highly prevalent worldwide. While breast
ultrasound (BUS) serves as a primary screening modality, its reliable
diagnostic interpretation remains inherently challenging. Most existing
BUS classification methods prioritize direct image-to-label mapping and
overall accuracy, neglecting the alignment with clinical diagnostic rules
and decision traceability. Such limitations hinder their integration into
rule-governed clinical workflows and diminish the trustworthiness of au-
tomated diagnostic decisions. Although agent-based frameworks offer a
modular paradigm for organizing complex decision processes, their po-
tential for rule-aligned and fully traceable BUS diagnosis remains largely
unexplored. To address these challenges, we introduce RACA, a Rule-
Aligned Collaborative Agent framework for evidence-grounded BUS clas-
sification. Our RACA introduces a novel, three-stage framework driven
by explicit clinical rules. First, a perception module consolidates mor-
phological and semantic evidence into structured diagnostic evidence.
Then, a risk modeling agent aggregates the evidence under explicit clini-
cal constraints to derive a rule-aligned risk estimate and an initial predic-
tion. Finally, a critic-guided calibration agent refines predictions through
memory-based retrieval. Extensive experiments on three BUS bench-
marks demonstrate the superiority of RACA over the representative
classification and medical agent-based frameworks. Comprehensive in-
terpretability analyses and case demonstrations validates that its trace-
able decision pathway aligns with clinical diagnosis. The project page is
available at: https://github.com/Swecamellia/RACA.
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1 Introduction

Breast ultrasound (BUS) is a cornerstone modality for breast lesion assessment
[16, 18]. Nevertheless, interpretation remains challenging due to large speckle
noise and acoustic artifacts that obscure critical morphology [14,4]. In clini-
cal practice, diagnosis relies on standardized guidelines [20, 25], most notably
BI-RADS [24], which organizes defined imaging descriptors such as shape, mar-
gin, orientation, and posterior features into a rule-governed malignancy risk as-
sessment [8,6]. Crucially, this diagnostic process is inherently evidence-driven:
clinical decisions are not based on isolated image features, but rather on the
rule-aligned aggregation of fused evidence into calibrated risk estimates.

Recent advances in BUS classification [10, 2] have led to substantial perfor-
mance gains, yet they fail to align with the rule-governed structure of clinical
diagnosis. Most methods are optimized solely for image-level accuracy, and their
predictions are rarely anchored to specific guideline-defined imaging descriptors
[3]. This opacity weakens traceability and interpretability, constraining the their
reliability within structured clinical workflows [29, 19]. This underscores the ur-
gent need for BUS classification methods that explicitly align clinical rules to
provide evidence-grounded predictions.

Agent-based frameworks in medical artificial intelligence serve as modular
paradigms for modeling complex decision processes [27,13]. By coordinating
domain knowledge, clinical standards, and analytical components, they sup-
port structured information integration and explicit representation of diagnostic
rules. However, the systematic adoption of agents for BUS remains largely un-
derexplored due to a structural mismatch: existing agents are predominantly
optimized for open-ended generative tasks that favor flexibility over strict clin-
ical adherence [28], while BUS classification requires conclusions to be strictly
governed by diagnostic criteria. Such clinical rules are rarely instantiated as ex-
plicit binding constraints within current agent architectures [22]. Furthermore,
although referencing prior cases is crucial for refining diagnostic decisions [17],
its principled integration under diagnostic rules constraints remains insufficiently
formalized in existing models.

To address these limitations, we propose RACA, a Rule-Aligned Collabora-
tive Agent framework that reformulates BUS classification into a structured de-
cision process grounded in traceable imaging evidence. RACA operates in three
stages: First, an evidence-grounded perception module employs three agents to
jointly extract morphological measurements and semantic interpretations, gen-
erating structured diagnostic evidence. Second, a risk modeling agent emulates
clinical risk stratification and maps the diagnostic evidence to a continuous
malignancy risk, producing an initial rule-constrained classification prediction.
Third, to resolve local evidence conflicts and emulate clinical prior-case verifi-
cation, a critic-guided decision calibration agent leverages a memory retrieval
mechanism to selectively refine the initial prediction, producing a more reliable
final classification outcome. Our main contributions are as follows:
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Fig. 1: Overview of the proposed RACA. (a) Lesion ROI is localized using a com-
bination of existing detection and segmentation tools. (b-d) In the stage I, three
perception agents extract and consolidate morphological and semantic evidence
into structured diagnostic evidence. (e) In the stage II, diagnosis evidence is eval-
uated to derive a continuous malignancy risk estimate and an initial prediction
via a rule-aligned risk modeling agent. (f) In stage III, a critic-guided decision
calibration agent further refines the prediction through prior-case retrieval.

— We propose a rule-aligned collaborative Al agent framework for BUS classi-
fication. By anchoring the decision pathway in clinical guidelines, it enables
a traceable risk assessment that aligns with the clinical diagnostic process.

— We develop a novel three-stage framework driven by clinical rules: learning
structured diagnostic evidence, establishing an initial risk estimate, and per-
forming critic-guided decision calibration with prior-case retrieval, thereby
progressively mitigating evidence instability for a reliable final prediction.

— Beyond conventional accuracy, we deliver a rigorous analysis of diagnostic
traceability, demonstrating that RACA forms stable and verifiable decision
patterns that align with real-world clinical diagnosis.

2 Method

As demonstrated in Fig. 1, given a BUS image x, RACA formulates the di-
agnosis as a structured, three-stage decision process governed by standardized
clinical rules. Stage I extracts clinically meaningful imaging evidence to form
structured diagnostic evidence. Perception agents {Astr, Asem, Afusz‘on} extract
structural and semantic evidence from x and produce fused diagnostic evidence
é, as depicted in Fig. 1(b)—(d). Stage II performs a risk modeling in Fig. 1(e).
A rule-aligned risk modeling agent A, maps € to an initial malignancy risk
ro € [0,1] and initial prediction yq. Stage III conducts the decision calibration, as
shown in the Fig. 1(f). A critic-guided decision calibration agent A.;t;. retrieves
top-k prior cases to estimate a memory-based malignancy risk ppem, which re-
fines yo and generates the final prediction y* through selective calibration.
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Lesion ROI Localization. RACA initializes by extracting a validated re-
gion of interest (ROI) from the input BUS image. First, a hybrid localization
strategy combining YOLO-based [11] and nnU-Net [9] is utilized to generate mul-
tiple ROI hypotheses. Then, we quantify each hypothese’s quality (confidence
and morphological plausibility) and stability (localization robustness). Finally, a
soft selection outputs the final ROI and its normalized reliability score g € [0, 1]
to the downstream agents, propagating ¢ as a confidence signal in the stage II.

2.1 Evidence-Grounded Perception (EGP)

To enable rule-governed classification, EGP replaces implicit feature extraction
with explicit, clinically aligned evidence construction in stage I. It anchors het-
erogeneous cues (e.g., morphologic measurements and semantic interpretations)
to a unified diagnostic space: D = {shape, margin, echogenicity, posterior}, which
specifies standardized diagnostic attributes for rule-based modeling. The con-
struction of structured evidence is realized by three collaborative agents: two
independently extract quantitative morphological and semantic evidence, while
the third fuses them into auditable diagnostic evidence, as shown in Fig. 1(b)-(d).

Morphological Measurement Agent (A,;-). Taking the ROI as input,
Astr computes morphological and acoustic measurements, such as compactness,
circularity, margin sharpness, echo contrast and posterior ratio, which forms
quantifiable and traceable structural evidence ez, = {eff"}dep.

Semantic Interpretation Agent (Asc.,). To complement structural evi-
dence from Ag., Agsem employs a vision-language model (VLM) to inject di-
agnostic semantics into the RACA. Through a rule-guided parsing function
Parse(-), raw VLM outputs are normalized into a evidence-confidence pair over
D, producing semantic evidence €ger, = {(v4, ca) }aep- Here, vg denotes the dis-
crete attribute value and ¢4 its confidence.

Auditable Diagnostic-attribute Fusion Agent (Afysion). To integrate
€str and €gem, Afusion performs attribute-wise fusion over D. For each attribute
d € D, it first evaluates the structural-semantic consistency aq = F(e5",vq),
where ay € {agree, weak-conflict, strong-conflict}. Guided by ay and ROIT reli-
ability ¢, a rule-conditioned operator é; = G(e3!", v, cq, aq, q) produces fused
diagnostic evidence & = {é4}4cp. Formally, semantic evidence are retained un-
der agreement or weak conflict; structural evidence is prioritized under strong
conflict with sufficient reliability; otherwise, attribute-level uncertainty are pre-
served to avoid over-confident decisions. Thus, each é; encapsulates all continu-
ous, semantic, and auditing data (g, ag) necessary for downstream modeling.

2.2 Rule-Aligned Risk Modeling Agent (A,;sk)

To mimic the risk-aware clinical assessment in BUS, A,.;s; translates the fused di-
agnostic evidence € into a malignancy risk estimate, as illustrated in the Fig. 1(e).

First, each fused evidence é,4 is mapped to a risk contribution sq4 = Sg(é4),
where Sy(+) enforces clinically motivated risk weighting. Attributes associated
with higher malignancy risk (e.g., spiculated margins) are assigned larger scores
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than low-risk features, implicitly encoding attribute importance through rule-
governed aggregation. Then an initial malignancy risk estimate is computed as:

ro = J<ZdeD;z;i;/’)({ad})> ’

(1)

where 1({aq}) models structural-semantic consistency across attributeal con-
tributions, and P summarizes evidence instability propagated from degraded
ROI quality. Larger P yields more conservative risk estimates. Ty > 0 is a fixed
baseline temperature hyper-parameter controlling risk sensitivity, x > 0 scales
instability modulation, and A > 0 governs consistency penalization. Finally, a
preliminary binary prediction is acquired as yo = I(rg > 79), where 79 denotes
a predefined rule threshold. In practice, the effective decision threshold may be
adaptively adjusted according to internal decision statistics, while preserving rule

consistency. It also compiles the decision state zg = |ro, {@dq}aep, {éd}taep, P

for subsequent calibration.

2.3 Critic-Guided Decision Calibration Agent (Acritic)

To resolve uncertainty in the initial rule-aligned risk rg, we introduce a critic-
guided decision calibration agent Ac.;sic with memory M for external consis-
tency checking and selective calibration, directly emulating clinical prior-case
retrieval and verification, as presented in the Fig. 1(f).

Memory Retrieval. A.,;;;. first normalizes the decision state as zg = (zo —
p)/o. Using cosine similarity sim; = cos(Zo, Z;), it retrieves top-k neighbors Ny
in M. The memory-based malignancy risk ppem is calculated as:

Pmem = Z exp(SiIni/T) Yis (2)

byl 2 jen, exp(sim; /)

which reflects empirical malignancy proportion under similar decision states.
Reliability-Aware Memory Gating. To prevent unwarranted over-correction,
the influence of pyem is adaptively gated by the neighborhood reliability statis-
tics S = (Simgop1, gap, H), which characterize similarity and label distribution
stability. Here, Simy.p1 denotes the highest similarity score while gap is the dif-
ference between the top-2 neighbors. H is the entropy of neighbor labels. Only
when neighborhood labels are consistent and H is low, ppem is admitted for de-
cision refinement; otherwise, its influence is suppressed to avoid over-correction.
When admitted, pypem modulates the subsequent selective calibration reactions.
Multi-Agent Selective Calibration. We construct calibration agents {4y }
that execute complementary strategies under rule constraints to ensure a highly
reliable final prediction. Each agent generates a conditional candidate update:

Jr = Ag (yo, 70y Pmem; 8) (3)

{Ax} includes (i) Dual-Threshold veto/rescue A _¢pre, which applies asymmet-
ric lower and upper bounds on ppem to selectively veto overconfident malignant
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Table 1: Quantitative comparison on BUSI, BUV and BUSBRA datasets.
BUSI BUV BUSBRA
Method ACC PRE REC Fl ACC PRE REC Fl ACC PRE REC Fl

Fully-supervised
LKA [32] 0.7353 0.6765 0.7667 0.7188 0.7647 0.7500 0.5000 0.6000 0.7979 0.7447 0.5738 0.6481
DiffMICv2 [30] 0.7500 0.7485 0.7518 0.7486 0.7647 0.7596 0.7045 0.7167 0.7606 0.7419 0.6780 0.6915

Semi-supervised
OPENSSC [7]  0.7206 0.7540 0.7395 0.7191 0.7059 0.8438 0.5833 0.5503 0.7394 0.7188 0.6410 0.6500
PEAT [31] 0.6765 0.7381 0.6404 0.6211 0.6471 0.3235 0.5000 0.3929 0.7447 0.7512 0.6321 0.6382

Medical agent-based
Medagents [27] 0.6119 0.6423 0.6297 0.6077 0.5294 0.5208 0.5227 0.5143 0.5260 0.5271 0.5312 0.5103
MDAgents [12] 0.5588 0.5000 0.8000 0.6154 0.7059 0.6000 0.5000 0.5455 0.6330 0.4524 0.6230 0.5241

Ours 0.8088 0.7742 0.8000 0.7869 0.8235 0.7143 0.8333 0.7692 0.8085 0.7273 0.6557 0.6897

predictions and rescue high-risk benign cases; (ii) Top-k rescue Ag_;op, which
ranks gated benign predictions using a weighted score over ppem, S and rg, and
then flips the top-k benign predictions as malignant to rescue likely false nega-
tives; and (iii) an optional plug-in re-check Ak _p;y 4, which incorporates auxiliary
confidence signals when permitted by rules. The final prediction y* is determined
by a rule-constrained selection policy y* = IT (yo, {gjk}), where I1(-) integrates
candidate updates according to rule priority and consistency constraints.

3 Experiment

Datasets and Implementation. We conduct experiments on three publicly
available BUS datasets: BUSI [1], BUV [15], and BUSBRA [5]. We use Auto-
GPT (23] to build our agent framework. The calibration Aj_p,y employs an
EfficientNet [26] pretrained on BUSC [21], which is independent of the target
datasets, ensuring no data leakage. Each dataset randomly divided into train,
validation, and test sets with a 7:2:1 ratio. RACA only utilizes the validation
split exclusively for hyperparameter selection and memory construction, while
all baselines adopt identical data splits for fair comparison. Runtime is 31.40
s/image on one RTX 4090 24GB GPU, with most latency from VLM (31.38
s/image).

Evaluation Metrics. BUS classification performance is evaluated by standard
metrics: Accuracy (ACC), Precision (PRE), Recall (REC), and Fl-score (F1).
Comparison Results. We compare RACA against representative fully-supervised
(LKA [32], DiffMICv2 [30]), semi-supervised (OPENSSC [7], PEAT [31]), and
general medical agent frameworks (Medagents [27], MDAgents [12]) across three
datasets. Table 1 shows that RACA achieves superior overall performance. When
compared to the strongest fully-supervised baselines, RACA achieves substan-
tial accuracy improvements, demonstrating that explicit rule-aligned decision
modeling contributes to improved precision compared with conventional im-
plicit feature learning. Against semi-supervised methods, RACA maintains a
more balanced precision-recall trade-off. Crucially, RACA outperforms general
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Table 2: Ablation study on BUSI and BUSBRA datasets.
Modules BUSI BUSBRA
EGP Avisk Ak—top Ar—tnre Ax—pug ACC  PRE REC FI  ACC PRE REC FI

v v 0.6176 0.5909 0.4333 0.5000 0.5212 0.3164 0.4098 0.3571
v v v 0.7054 0.6744 0.6042 0.6374 0.6223 0.4151 0.3607 0.3860
v v 4 v 0.7941 0.7667 0.7667 0.7667 0.7713 0.7647 0.4262 0.5474
v v v v v 0.8088 0.7742 0.8000 0.7869 0.8085 0.7273 0.6557 0.6897

medical agents by massive margins exceeding 19% in accuracy, demonstrating
the absolute necessity of explicitly integrating domain-specific diagnostic rules.
Ablation Studies. We evaluate the contribution of each component in RACA
on the BUSI and BUSBRA. In Table 2, while baseline (EGP + A,.;sk) estab-
lishes an evidence-grounded and rule-aligned foundation, sequentially integrating
multiple calibration agents (Ag-top, Ak-thre, and Ay piug) achieves substantial,
step-wise performance gains. This steady upward trajectory validates our core
design philosophy: decision calibration with prior-case retrieval acts as a power-
ful, structured enhancement of rule-based inference rather than a replacement.
Diagnostic Interpretability. Moving beyond overall classification accuracy,
we further assess whether the proposed RACA forms a stable, traceable, and
clinically consistent decision-making process. We conduct a systematic exper-
imental analysis of the structured feature representations within the evidence
acquired by RACA. Specifically, we investigate the relationship between estab-
lished BI-RADS guideline-based features and the explicit diagnostic evidence
constructed by RACA. For each sample, we compute the normalized frequency
of each feature within the top-9 ranked evidence, which reflects its relative con-
tribution to the final decision-making process. Fig. 2(a) shows that the distribu-
tion of guideline-based evidence tightly aligns with the overall structured
evidence, demonstrating that RACA strictly preserves clinical rules while ro-
bustly expanding its representational capacity to capture subtle diagnostic evi-
dence. Fig. 2(b) shows a stark contrast: malignant predictions are heavily driven
by invasive morphological features (e.g., Eccentricity, Edge), whereas benign
predictions rely predominantly on acoustic intensity evidence (e.g., Lesion-Brt,
Posterior-rt), proving the model naturally replicates real-world clinical diagno-

Table 3: Traceable rule-aligned inference process of RACA on a test sample. 1
and | indicate malignant and benign directional tendencies, respectively.

BUS Image Module Traceable Rule-Aligned Diagnostic Evidence (BUS)

Morphological ~ {Compactness:0.589 (Irregular 1); AspectRatio (b/a):1.800 (Taller-than-wide 1); Lesion-Brt:0.991 (Hypoechoic 1);
eurr (Asir) Edge:54.3 (Indistinct 1)}

emantic {Margin: indeterminate (0.60; conflict: spiculated(0.75) vs indistinct) 1; Compactness: irregular (0.65; uneven /jagged
,,,,, (Asem) contour) 1; Echo: hypoechoic (0.57; darker than parenchyma) 1; Posterior-fea: shadowing (0.53; acoustic shadow band) 1}

Fused Evidence & {Aggregation: S = Y, Contrib; = 1.695; StrongCue: Margin (strong malignant margin, +0.78); GateBias: activated
(Afusion + Apisk) (+0.30); OtherContributions: weak/gated evidence (e.g., ratio, strength, echogenicity); = Probability: P(malignant) = 0.82}

Decision Gates  {DecisionRouting: MalignancyGate: activated (1 strong, 3 supportive cues); Consistency: satisfied; Threshold: 0.60;
(Acritic) FinalDecision: P(malignant) > 0.60 = Malignant; (GT: Malignant)}
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Fig.2: Comprehensive analysis of the proposed RACA across consistency, dis-
crimination, and hierarchical representation on BUSI dataset. T / | indicates
direction toward malignant/benign.

sis. Fig. 2(c) shows highly overlapping feature radar trajectories across different
sampling ratios, indicating that RACA’s diagnostic logic is exceptionally stable
and anchored in fundamental rules rather than dataset size biases. Finally, Fig.
2(d) shows the hierarchical organization of perceptual components, explicitly
mapping how low-level features aggregate into high-level decisions to guarantee
that every decisions is fully traceable and backed by verifiable clinical evidence.

Case Demonstration. To explicitly demonstrate our framework’s diagnostic
traceability, we show the inference process of RACA using a randomly selected
test sample. Table 3 presents the step-by-step intermediate output of each stage
in RACA. The green box denotes the lesion ROI extracted in Fig. 1(a). In
Stage I, Ay, converts quantitative morphological measurements into clinically
aligned diagnostic evidence. For example, AspectRatio b/a = 1.800(> 1) exceeds
the rule threshold of 1, indicating a taller-than-wide morphology (1) under the
predefined clinical rules, collectively supporting a malignant tendency. Similarly,
A e projects raw outputs ("uneven contour" and "darker than parenchyma')
of VLM into categorical evidence, where irregular (0.65) and hypoechoic (0.57)
are interpreted as malignant-aligned evidence, with values indicating confidence.
In Stage II, A,;s;x maps each fused evidence é; to a attribute-wise contribution
sq = Sq(éq) and aggregating them into a malignancy risk estimate. Malignant
margin evidence contribute 40.78, gate activation adds +0.30, and remaining
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features provide smaller increments, resulting in an aggregated score S = 1.695,
which is mapped through o(:) to obtain P(malignant) = 0.82. In Stage III,
Acritic verifies rule consistency and confirms malignancy gate activation (1 strong
+ 3 supportive evidence). As P(malignant) > 0.60 without rule-level conflict,
the decision is routed to Malignant, consistent with the ground truth.

4 Conclusion

We propose RACA, a collaborative agent framework that grounds BUS classifi-
cation in explicit rule-aligned clinical diagnostics. By orchestrating a traceable
pipeline of evidence construction, risk modeling, and critic-guided calibration,
RACA ensures transparent and calibrated predictions. Extensive evaluations
across three BUS benchmarks demonstrate that our framework consistently out-
performs representative classification and medical agent models. Future work
will integrate chain-of-thought reasoning to further enrich interpretability and
clinical workflow simulation.
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