
communicationsmedicine Article
A Nature Portfolio journal

https://doi.org/10.1038/s43856-026-01491-z

Adaptive diagnostic reasoning framework
for pathology with multimodal large
language models

Check for updates

Yunqi Hong1, Kuei-Chun Kao1, Liam Edwards2, Nein-Tzu Liu3, Chung-Yen Huang4,
Alex Oliveira-Kowaleski 5, Cho-Jui Hsieh1 & Neil Y. C. Lin 2,6,7,8

Abstract

Background Artificial intelligence enhances pathology screening efficiency, yet clinical
adoption remains limited becausemost systems operate as opaque black boxes.We aim to
resolve this opacity by establishing a framework that generates transparent, evidence-
linked reasoning to support diagnostic auditing.
Methods We present a framework that shifts off-the-shelf multimodal large language
models frompassive pattern recognition to active diagnostic reasoning. Using small labeled
subsets from breast and prostate cancer datasets, we employ a two-phase self-learning
process to derive diagnostic criteria without updating model weights. We integrate expert
feedback from board-certified pathologists to ensure the generated descriptions align with
established medical standards.
Results Here we show that our framework produces audit-ready rationales while achieving
over 90% accuracy in distinguishing normal tissue from invasive carcinoma. Beyond binary
classification, themodel effectively differentiates complex subtypes like ductal carcinoma in
situ by autonomously identifying hallmark histological features, including nuclear
irregularities and structural disruption. These computer-generated descriptions closely
match expert assessments. Our approach delivers substantial performance gains over
conventional baselines and adapts effectively across diverse tissue types and independent
foundation models.
Conclusions By uniting visual understanding with reasoning, our framework provides a
promising approach for clinically trustworthy artificial intelligence. This framework helps
bridge the gap between opaque classifiers and auditable systems, suggesting a viable path
toward evidence-linked interpretation in medical workflows.

Over the past two decades, diagnostic pathology has been transformed by
increasingly sophisticated artificial intelligence (AI) and computer vision
methods1–3. Early efforts focused on extracting handcrafted features such as
texture, color, and shape, but todaydeepneural networksdominate thefield,
powering a wide range of clinical and research applications4–6. These
advances are reshaping pathology laboratories on multiple fronts.

Automated systems can now scan digitized histopathological slides at scale,
rapidly identifying tumors and enabling pathologists to focus on urgent
cases7,8. Algorithms that quantify immunohistochemical (IHC) markers
further improve prognostic accuracy and reproducibility9,10. At the same
time, AI-powered quality control dashboards monitor staining variability,
providing near real-time feedback to maintain laboratory standards11–13.
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Plain language summary

Computer programs can assist pathologists
in examining tissue samples to detect cancer,
but these tools often fail to explain how they
reach their conclusions.Wedeveloped a new
method to make this process transparent. A
key innovation of our approach is that the
system automatically learns the specific
criteria for diagnosing cancer on its own by
analyzing tissue images, rather than relyingon
pre-programmed rules. We tested this on
breast and prostate samples, and the system
successfully identified cancer while providing
clearwrittendescriptionsof cell abnormalities
that matched the assessments of specialist
doctors. This research demonstrates that
computers can be accurate and provide
understandable reasoning, allowing doctors
to verify automated results and ensuring safer
evaluations for patients.
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Together, these innovations are moving pathology from subjective inter-
pretation to algorithmic precision, redefining the pathologist’s role in the
future of medicine.

Despite substantial progress in classification accuracy and diagnostic
efficiency, most current models remain black boxes that cannot explain
predictions in a way that reflects the reasoning of human experts14,15. In
clinical practice, trust depends on explanations that align with evidence-
based reasoning, both for pathologists and for regulatory oversight16,17.
Traditional interpretability methods, such as attention maps18,19, concept-
level explanations20,21, and data attributions22 provide only partial post-hoc
insights. More recent approaches in biomedical imaging23,24 often demand
densely annotated datasets or generate coarse saliency maps that lack the
granularity needed for auditability and clinical trust25. Without transparent
and audit-ready justifications, even highly accurate AI models cannot be
reliably integrated into pathology, where every diagnostic call must be
defensible to tumor boards and regulatory bodies.

In parallel, recent breakthroughs inmultimodal large languagemodels
(MLLMs)26–32 demonstrate strong image understanding and emerging
reasoning skills. LLM prompting and in-context learning23,33–39 can enable
medical image diagnosis40–42. But many current systems often provide
explanations that are unstructured, weakly grounded in morphological
features, or inconsistent across runs43. Such limitations reduce their suit-
ability for clinical audit and trust. Even so, MLLMs remain a compelling
foundation for addressing the central challenge of trustworthy AI in
pathology, as recent models support higher-resolution visual inputs and
longer multimodal context that can be harnessed to structure stepwise,
feature-grounded reasoning26,28.

Building on these recent advances, we propose RECAP-PATH
(REasoning and Classification via Automated Prompting in
PATHology images), a framework designed to facilitate clinical ver-
ification that leverages MLLMs to deliver accurate diagnoses with
pathologist-aligned justifications. The system articulates the mor-
phologic evidence supporting each diagnostic decision and jointly
evaluates this evidence with the image to produce the final predic-
tion. At its core is a “think-and-speak” stage, where an MLLM,
guided by a description-generation prompt enriched with histo-
pathological features, generates a detailed account of the image and
the diagnostic significance of each feature. To identify diagnosis
guidelines that yield accurate and task-specific rationales, we itera-
tively refine the description-generation prompt using diagnostic
feedback derived from discrepancies between predictions and ground
truth labels, leveraging the error reflection ability discovered in recent
prompt optimization work44–47. This refinement progressively
enhances clarity and diagnostic relevance without finetuning model
weights. The framework is highly efficient, requiring as few as 100
labeled examples, no white-box access, and no additional MLLM
retraining, while operating entirely through standard API calls. To
the best of our knowledge, this is the first approach to jointly opti-
mize visual description generation with prompt-based optimization
to deliver audit-ready, human-interpretable diagnostic outputs.

Methods
Datasets
All data used in this study were obtained from publicly available, anon-
ymized BRACS, BACH, and SICAPv2 histopathology image datasets and
were used solely for research purposes. All usage complied with the terms of
use of the respective data platforms and licenses. Institutional ReviewBoard
(IRB) approval was not required for this study, as all datasets used are
publicly available and fully anonymized. Specifically, our experiments are
conducted on the following histopathology image datasets:

• BRACS48 (BReAst Carcinoma Subtyping) is a dataset of hematoxylin
and eosin (H&E) stained histopathological images designed for auto-
mated detection and classification of breast tumors. It consists of 4539
labeled Regions of Interest (RoIs) extracted from 387 whole-slide

images (WSIs) collected from 151 patients. The RoIs vary in size and
can exceed 4000 by 4000 pixels. In our experiments, we consider two
classification tasks: (1) distinguishing cancerous tissue from non-
cancerous tissue (i.e.,Normal (N) vs. InvasiveCarcinoma (IC)), and (2)
classifying two cancer subtypes: Ductal Carcinoma In Situ (DCIS) and
Invasive Carcinoma (IC). Each group includes hundreds of training
samples and approximately 80 test samples. For optimization, we use
only 30 training samples per category, which is sufficient to achieve
strong performance with reduced computational cost.

• BACH49 (Breast Cancer Histology) dataset is a public collection of
high-resolution microscopy images designed for the classification of
breast cancer subtypes. The complete dataset contains 400RGB images
in TIFF format, equally distributed across four clinically relevant
classes: normal, benign, in situ carcinoma, and invasive carcinoma,
with 100 images per class. Each image has a resolution of 2048 × 1536
pixels with a pixel scale of 0.42 μm, and was annotated by expert
pathologists. For our experiment, we focused on a binary classification
task to distinguish between the Normal and Invasive carcinoma in
these two categories. We combined the 100 images from each of these
two classes and performed a random 60/40 split while maintaining
label balance. This resulted in a training set of 120 images (60 Normal,
60 Invasive) and a test set of 80 images (40Normal, 40 Invasive) for the
experiment.

• SICAPv250 dataset is a comprehensive collection of 18,783 10× mag-
nified histological prostate images from 155 patients, each with a
resolution of 512× 512 pixels and detailed per-pixel annotations under
Gleasongrading (GG),which is themaindiagnostic and evaluative tool
for prostate cancer in clinical practice. The dataset is originally graded
into four classes: Non-cancer (NC), G3, G4, and G5. For our
experiment, we focused on a binary classification task to distinguish
between Non-cancer and Cancer. To accomplish this, we first
consolidated the G3 (characterized by atrophic, highly differentiated,
dense gland areas), G4 (characterized by cribriform, pathological, large
confluent, papillary glands), and G5 (characterized by individual cells,
no light cavity forming, pseudorosette cell nests) grades into a single
“Cancer" category. From this structure, we created a balanced training
set by randomly sampling 100 images from the Non-cancer class and
100 images from the combinedCancer class. For robust evaluation, we
then constructed a test set by randomly sampling 644 images from the
remaining non-cancer pool and 642 images from the remaining
Cancer pool, resulting in a nearly balanced test set of 1286 images.

Automatic prompt optimization with description generation
Image description generation and diagnosis. Let (x, y) denote an
image-label pair from the dataset D ¼ fðxi; yiÞNi¼1g, and let p be a clas-
sification prompt associated with the dataset. In a standard zero-shot
setting, a general-purpose MLLM predicts the label directly from the
image using the prompt, formulated as by ¼ MLLM ðx; pÞ.

Our method introduces a two-step prediction pipeline to enhance
interpretability anddiagnostic accuracy, as illustrated inFig. 1A. Specifically,
we incorporate a description generation prompt q tofirst guide themodel to
generate a structured textual description of the input image. This process is
denoted as s = MLLM(x, q). The generated description s can provide
additional contextual cues to the model. In the second step, we concatenate
the classification prompt p with the generated description s and pass them,
along with the image x, to the MLLM for final prediction. This step is
represented as by ¼ MLLM ðx; ½p; s�Þ.

Automated prompt refinement for image descriptions. Shown in
Fig. 1B, we utilize a small number of labeled training data to optimize the
generation prompt q, so that more precise and informative descriptions
could be generated to make the diagnosis more reliable. We formalize an
optimization objective based on the prompt diversity or training set
prediction accuracy to evaluate the effectiveness of each candidate gen-
eration prompt. The algorithm is illustrated in Algorithm 1.
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Algorithm 1. Automatic Prompt Optimization of Image Descriptions
Require: q0: initial generation prompt, p: prediction prompt, N: iterations,
D: training dataset, b: top prompts retained per iteration, l: number of error
examples for reflections, S( ⋅ ): scoring function
1: Q0 ← {q0} ▹ Initialize candidate prompt set
2: Γ ← {γ0}, where γ0 ¼ fðxi; siÞjsi ¼ MLLM ðxi; q0Þ; ðxi; yiÞ 2 Dg

▹ Generate descriptions
3: for t = 1 to N do
4: Qc ← Qt−1

5: for q ∈ Qt−1 do
6: Jerror ¼ fðxi; yiÞjbyi≠yi;byi ¼ MLLM ðxi; ½p; si�Þ; ðxi; siÞ 2 γ; γ 2

Γ; ðxi; yiÞ 2 Dg ▹ Collect errors

7: Jierror � Jerror for i = 1, …, l
▹ Sample a subset for each i = 1,…, l

8: G ¼ fg1; g2; :::glg ¼
S

i¼1;:::lReflectðp; JierrorÞ
▹Reflect on the errors

9: H ¼ fh1; h2; :::hlg ¼
S

i¼1;:::lModifyðp; gi; JierrorÞ
▹Modify prompts

10: Qc ← Qc ∪ H
11: Γ Γ∪ ffðxi; siÞjsi ¼ MLLM ðxi; hÞ; ðxi; yiÞ 2 Dgjh 2 Hg

▹Generate descriptions for new prompts
12: end for
13: Sc ¼ fSðqÞjq 2 Qcg ▹ Evaluate prompts
14: Qt ← {q ∈ Qc∣S(q)≥τ}, where τ is the bth highest score in Sc

Fig. 1 | Framework of RECAP-PATH. A Overview of the RECAP-PATH learning
framework and deployment pipeline. Using a small set of labeled pathology images
(left), RECAP-PATH conducts a two-phase diagnostic learning process that yields
an optimized prompt encapsulating the diagnosis criteria. During inference on
unseen pathology images (right), the model generates detailed image descriptions
guided by the optimized criteria and then produces classification predictions
informed by both visual features and textual descriptions. B Schematic of the

automatic prompt refinement workflow. In each iteration, RECAP-PATH identifies
error cases, prompts the model to reflect on failure modes, and generates revised
prompts aimed at enhancing diagnostic accuracy and improving human-readable
diagnostic rationales. Through this iterative, error-driven refinement, the frame-
work produces prompts that are both clinically meaningful and performance-
optimized. Representative examples of such prompts are shown in Fig. S1.
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15: end for
16: Returnq�  argmax

q2QN

SðqÞ

2-Phase optimization. Our method consists of two optimization phases
with different scoring functions S( ⋅ ). In the first phase, we optimize for
prompt diversity. We quantify this diversity using two components: the
terminology count (T(qi)), which is the number of biomedical terms in a
prompt qi, and termuniqueness (U(qi)), the number of biomedical terms
in qi that do not appear in any other prompt qj (where j ≠ i). To ensure a
balanced contribution, we normalize these counts by themaximum value
observed across all prompts:

eTðqiÞ ¼ TðqiÞ
max

j
TðqjÞ

; eUðqiÞ ¼ UðqiÞ
max

j
UðqjÞ

:

The final diversity scoreD(qi) is defined as the sumof these two normalized
components:

DðqiÞ ¼ eTðqiÞ þ eUðqiÞ:
We set the diversity scoring function S(q) = D(q) for this phase. This for-
mulation ensures that both the richness of terminology and the uniqueness of
each prompt contribute equally to the overall diversity measure.

In the second phase, we define the scoring function as the diagnostic
accuracy on a training dataset D ¼ fðxi; yiÞgNi¼1, which is essentially the
proportion of correctly classified samples:

SðqÞ ¼ Accuracy ¼ 1
N

XN
i¼1

1 byi ¼ yi
� � ¼ 1� jJerrorjjDj ;

wherebyi ¼ MLLMðxi; ½p; si�Þ is the model’s prediction given image xi and
description si generated with prompt q, and 1½�� denotes the indicator
function.

Model and hyperparameter setup
All the experiments in our studywere conducted usingGemini 2.0 Flash51, a
state-of-the-art general-purpose MLLM released on February 5, 2025
(model string: “gemini-2.0-flash-001"), andOpenAIGPT-4o (model string:
“gpt-4o-2024-05-13"). We set the temperature to 0.0 for deterministic
classification predictions and 0.7 for more creative and informative image
description generation. We set the number of top prompts retained per
iteration b to be 4, the number of error examples for reflections l to be 4.

Comparison methods and validation benchmarks
To rigorously evaluate the performance, efficiency, and generalizability of
our proposed framework, we conducted experiments using three distinct
categories of baselines: (1) a standard classification model to establish a
performance benchmark for diagnostic accuracy; (2) a state-of-the-art
prompt optimization method to compare optimization efficiency; and (3)
an open-source MLLM to validate the applicability of our framework
beyond proprietary commercial models.

• CLIP52 (Contrastive Language-Image Pretraining) serves as a
fundamental vision-language baseline. It is trained by jointly learning
image and text encoders tomapbothmodalities into a shared embedding
space using a contrastive objective. The model optimizes a symmetric
cross-entropy53 (InfoNCE) loss over batches of image-caption pairs to
maximize the cosine similarity of matched pairs while minimizing it for
non-matching ones. We utilized CLIP for its zero-shot classification
capabilities, where the image embedding is compared directly to the
embeddingsof class-specific text descriptionswithout additional training.

• APE54 (Automatic Prompt Engineering) represents a state-of-the-art
in automated prompt optimization. APE frames prompt engineering
as a black-box optimization problem where instructions are treated as

programs to be generated and selected by an LLM. The framework
starts with a pool of candidateprompts generated by anLLM, evaluates
them based on zero-shot task accuracy or similar metrics, and
iteratively refines the selection. We used this baseline to compare our
proposedmethod against a pure LLM-driven prompt search approach
that does not explicitly leverage the structured visual description loop
used in our pipeline.

• Qwen2.5-VL55 serves as a representative baseline for MLLMs. It inte-
grates a native dynamic-resolution Vision Transformer56 with the
Qwen2.5 language model. The architecture incorporates enhance-
ments such as window attention, SwiGLU activations, RMSNorm57,
and Multimodal Rotary Position Embeddings58 to efficiently model
spatial and temporal information. We utilized the instruction-tuned
variant, which is optimized for visual reasoning and instruction
following, to evaluate performance when a single, unified model
processes both visual and textual inputs without the explicit two-phase
optimization we propose.

Data analysis and visualization
To generate the UMAP visualizations, we first embedded the generated
image descriptions using Gemini text-embedding-004 (released onMay 14,
2024), which projects each description into a 768-dimensional semantic
space. We then applied UMAP59 with Euclidean distance as the similarity
metric to reduce the high-dimensional embeddings to a two-dimensional
space for visualization.

Expert blind evaluation survey
To assess the clinical relevance and interpretability of RECAP-PATH,
we conducted a blind evaluation survey in which three board-certified
pathologists reviewed images and their corresponding descriptions
generated by the MLLM. Each pathologist was presented with histo-
pathology images alongside corresponding descriptions generated by
the MLLM. They evaluated the accuracy, completeness, and clarity of
the descriptions and provided structured feedback on diagnostic
relevance. This expert feedback was incorporated into the optimization
process, guiding refinements in prompt design and improving the
quality of generated outputs. In addition, we performed a blinded
comparative evaluation in which pathologists were asked to review
descriptions generated with and without pathology-specific knowledge
augmentation. Without being informed of the source, they rated each
description on criteria such as diagnostic accuracy, interpretability,
and usefulness for clinical decision-making.

Results
Two-phase promptoptimization enables accurate and rationale-
based triage of invasive carcinoma
To implement RECAP-PATH’s adaptive reasoning capabilities, we intro-
duce an iterative two-phase description-based prompt optimization algo-
rithm (Fig. 1A) that enables an MLLM to adapt and iteratively refine
diagnostic rationales through feedback derived from discrepancies between
predictions and ground-truth labels expressed in natural language. As
illustrated in Fig. 1B, this prompt optimization workflow is designed to
enhance both diagnostic accuracy and interpretability by guiding the
MLLM to generate structured,morphologically grounded, pathologist-style
descriptions. The process begins with baseline prompts that provide mini-
mal diagnostic guidance, instructing the MLLM to describe visual obser-
vations of tissue images and produce corresponding diagnostic predictions.
In each iteration, the model reflects on misclassifications, identifies error
patterns and likely sources of diagnostic confusion, and proposes strategies
for improvement. It then generates a diverse set of candidate prompts
embedding domain-specific morphological criteria and explicit reasoning
steps aligned with expert pathology practice. Candidate prompts are eval-
uated against labeled data based on diagnostic accuracy, with the top three
retained for further refinement. Focusing on the optimization phase for
clarity, we provide a representative example of the prompts used to guide
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each step of the refinement process, spanning description generation,
classification, error collection, feedback synthesis, and guideline formula-
tion, in Fig. S1.

Our two-phase description-optimized prompting strategy is designed
to improve diagnostic accuracy while fostering interpretable, expert-aligned
reasoning. Unlike standard automatic prompt optimization methods that
focus solely on performancemetrics44,45, our approach leverages themodel’s
own diagnostic errors to guide prompt evolution and encourage diverse
explanatory strategies. To achieve this, the process is divided into two
complementary phases. Phase 1 (Diversification) prompts the MLLM to
expand the semantic and conceptual scope of its diagnostic explanations.
The model is encouraged to introduce novel terminology, explore alter-
nativemorphological perspectives, andapply varied interpretive lenses.This
phase aims to maximize interpretive diversity, enabling the exploration of
multiple diagnostic reasoning pathways without being constrained by
immediate accuracy. Phase 2 (Optimization) then refines this pool of
prompts by selecting those that enhance diagnostic performance while
maintaining clinical coherence. Prompts that do not contribute mean-
ingfully to accuracy are discarded, while those yielding the most effective
and interpretable outputs are iteratively improved. Together, these phases
create a structured pipeline that first explores diverse reasoning strategies
and then converges on clinically high-performing explanations.

To demonstrate the capabilities of our framework, we first evaluate it
on a clinically critical task: binary classification of normal versus invasive
carcinoma in breast pathology images, a foundational distinction for diag-
nosis and prognosis. Consistent with our design principles, the two-phase
optimization process exhibits distinct learning dynamics in each phase
(Fig. 2A). In Phase 1, classification accuracy declines slightly as the model
explores a wider range of diagnostic reasoning strategies that increase
diversity but are not yet optimized for performance. Once Phase 2 begins,
accuracy rises rapidly, with substantial gains appearing within the first few
iterations. Convergence is typically reached in about six rounds, and the
final prediction accuracy exceeds 0.9. This nonlinear trajectory indicates the
effectiveness of decoupling interpretive exploration from performance
optimization, resulting in a set of prompts that are both diagnostically
accurate and clinically audit-ready.

Tobenchmark this performance,we established a supervisedupperbar
using a linear classifier trained on contrastive language-image pre-training
(CLIP) embeddings52, which achieved 92.5% accuracy. RECAP-PATH
attains comparable results without requiring weight updates or white-box
access, while providing pathologist-readable rationales. Additionally, an in-
context learning baseline usingmanually curated clinical definitions yielded
lower performance (86.0% forN/IC) thanRECAP-PATH (Table 1, Fig. S2).
We further benchmarked against Automatic Prompt Engineering (APE)54,
which achieved 88.0% (95%CI: 83.1–92.9%) and underperformedRECAP-
PATH (91.3%). These comparisons indicate that neither static
expert knowledge nor general-purpose instruction tuning is sufficient
without the systematic, reasoning-driven alignment provided by our
optimization.

To evaluate the effectiveness of prompt diversification, we quanti-
fied terminology diversity across successive rounds of optimization.
Diversity was measured using two criteria: (i) the number of biologically
relevant terms and (ii) the number of words unique to the current
prompt relative to all previously generated prompts. As shown in Fig. 2B,
diversity increased steadily during Phase 1, reflecting a successful
expansion of the diagnostic reasoning space. In Phase 2, a modest
reduction in diversity was observed as the optimization process shifted
focus toward maximizing diagnostic accuracy. However, the final set of
prompts maintained a substantially higher level of lexical and conceptual
diversity, more than twice that of prompts generated without the
diversification phase (Fig. 2C). While single-phase optimization (focused
solely on accuracy) achieved comparable classification performance, the
resulting diagnostic guidelines and descriptions were noticeably less
structured and lacked the depth provided by diversified prompts
(Fig. S3). These results show that our framework preserves diverse

diagnostic language while integrating it into high-performing prompts,
supporting robustness against overfitting or narrow reasoning.

Prompt evolution drives bias rebalancing and emergent diag-
nostic structure
To assess the impact of prompt refinement on diagnostic behavior, we
tracked changes in the model’s confusion matrix across both optimization
phases (Fig. 2D). In the initial zero-shot setting, the MLLM exhibited a
pronounced bias toward invasive carcinoma classifications, likely reflecting
distributional priors from its pretraining data. Introducing a generic seed
prompt slightly mitigated this bias, but it was only after completing the full
two-phase prompt optimization that the confusion matrix reflected well-
calibrated and accurate predictions. This progression shows that our fra-
meworkmitigatesmodel bias by guiding diagnostics toward evidence-based
decisions. Moreover, the two-phase optimized diagnostic guidelines
enhanced consistency, reducing classification variance by nearly half
compared to the initial seed prompt (Fig. S4). This improved consistency
was also evident in the corresponding image descriptions, which demon-
strated substantially greater coherence and depth (Fig. S4).

We next evaluated whether our framework enhances diagnostic rea-
soning by analyzing the content and structure of the optimized prompt
guiding the MLLM’s predictions (Fig. 2E). The initial baseline prompt,
which only requested discriminative characteristics, gradually evolved into
well-structured and pathologically coherent guidelines through iterative
optimization. It consistently invoked five hallmark dimensions of histo-
pathologic assessment: invasion phenotype, tissue architecture, nuclear
morphology, stromal context, and mitotic activity. Notably, these clinically
salient criteria emerged without explicit supervision or handcrafted rule
encoding. Together, these findings demonstrate that our two-phase
description-optimized prompting framework induces reasoning patterns
that mirror established pathology workflows, reinforcing its potential as an
interpretable diagnostic tool.

To investigate how our prompt refinement method shapes the
MLLM’s alignment with diagnostic tasks, we analyzed the text embeddings
of MLLM-generated image descriptions and visualized their distribution
usingUniformManifoldApproximation and Projection (UMAP) (Fig. 2F).
Descriptions generated from the initial baseline prompts produced highly
overlapping clusters for normal tissue and invasive carcinoma, indicating
limited discriminative capacity. As the prompts were iteratively refined, the
embedding space progressively disentangled, ultimately forming two well-
separated clusters corresponding to benign and malignant phenotypes.
Interestingly, early descriptions of invasive carcinoma briefly diverged into
two distinct semantic trajectories (intermediate panel in Fig. 2F) before
merging into a single coherent group. This transient bifurcation suggests
that the optimization process not only enhances semantic clarity but also
captures intermediate variability on the path toward a unified diagnostic
narrative. Taken together, these findings indicate that interpretability in our
framework emerges naturally from the prompt optimization process rather
than being imposed as a post hoc addition.

MLLM descriptions enable precise histological interpretation
Although the two-phase description-optimized prompting process enhan-
ces interpretability and diagnostic performance, achieving clinically
meaningful reasoning requires alignment with expert judgment. To address
this, we integrated human-AI interaction into the optimization loop by
soliciting feedback from three board-certified pathologists (Fig. 3A). These
experts performed blinded evaluations of LLM-generated image descrip-
tions, covering both normal and invasive carcinoma cases at different stages
of the optimization process (example questionnaire shown in Fig. S5). Each
description was rated for precision and histopathological accuracy, and
these assessments directly informed subsequent prompt revisions (example
feedback shown in Fig. S6). The MLLMwas then instructed to incorporate
expert-derived principles to improve diagnostic reliability. This process
ensured that the model’s reasoning was not only internally consistent but
also alignedwith established clinical standards. As shown in Fig. 3B, expert-
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Fig. 2 | Learning dynamics and prompt evolution in RECAP-PATH. A Prediction
accuracy over learning iterations. Accuracy decreases slightly during Phase 1 (diversi-
fication) as the model explores a broader range of diagnostic reasoning strategies. In
Phase 2 (accuracy), accuracy increases rapidly, with substantial improvements achieved
within a few iterations and convergence around six rounds. B Prompt diversity over
learning iterations. Diversity steadily increases during Phase 1 as the goal is to have
more diverse reasoning strategies. During Phase 2, diversity decreases slightly as
prompts are refined for accuracy, but remains substantially higher than the starting
point. C Impact of the diversification phase. Incorporating Phase 1 leads to significantly
greater lexical and conceptual diversity in the final prompt compared to training

without diversification.D Evolution of the test confusion matrix. The model progresses
from an initial zero-shot bias toward one category to a well-balanced, optimized
diagnostic performance. E Example of prompt evolution. The initial seed prompt is
generic and simple, while the final optimized prompt reflects a structured, clinically
meaningful diagnostic framework. F UMAP visualization of the description embed-
dings. Gray points represent aggregate embeddings from all stages as a static reference.
Initially, descriptions for the two classes overlap with poor separability. After optimi-
zation, descriptions form two well-separated clusters, demonstrating semantic disen-
tanglement aligned with diagnostic categories. Error bars in A–C indicate standard
deviation derived from n= 3 independent optimization experiments.
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guided optimization increased clinical coherence ratings of image descrip-
tions by nearly 20%, demonstrating the importance of domain expertise in
bridging the gap between algorithmic inference and medical practice.

A central advancement of our framework is its ability to provide case-
specific transparency through the MLLM’s image-level descriptions, which
explicitly articulate the visual features underlying each diagnostic decision.
As shown in Fig. 3C, for a representative normal tissue sample, the model
identifies hallmark features of benign histology, including well-organized
tubular architecture, uniform glandular cell size, absence of prominent
nucleoli, and abundant cytoplasm. These findings are fully consistent with
expert pathological criteria for this image. For invasive carcinoma, the
descriptions highlight malignant features such as infiltrative growth pat-
terns, nuclear pleomorphism, prominent nucleoli, and stromal invasion.
These outputs parallel expert annotations, showing that the model justifies
itspredictions in a clinically intelligibleway.We reviewedmisclassified cases
and found that most errors arose from a limited field of view or imaging
artifacts that obscured key morphologic features (Fig. S7). These failures
indicate the framework’s sensitivity to input image quality and suggest that
artifact detection or correction could further improve robustness. Overall,
our method delivers pathology-aligned explanations that strengthen the
diagnostic trustworthiness.

RECAP-PATH enables interpretable subtype classification in
breast cancer pathology
Beyond distinguishing normal frommalignant cases, precise differentiation
between breast cancer subtypes, particularly ductal carcinoma in situ
(DCIS) and invasive carcinoma (IC), is essential for accurate prognosis and
treatment planning.DCIS remains confined to the ductal system, is typically
associatedwith an excellent prognosis, and is oftenmanaged conservatively.
In contrast, IC is defined by stromal invasion, carries a higher risk of
metastasis, and generally requires more aggressive intervention. As shown
in Fig. 4A, RECAP-PATH achieved strong classification performance, with
true positive rates of 0.85 for DCIS and 0.90 for IC. Through prompt
refinement, the MLLM autonomously generated subtype-specific diag-
nostic criteria that emphasized key distinguishing features (Fig. 4B),
including confinement of malignant cells within ducts, the presence or
absence of stromal invasion, and contrasts between intraductal and infil-
trative growth patterns. These features are consistent with canonical DCIS
presentations, as illustrated in Fig. 4C. Notably, these diagnostic guidelines
emerged spontaneously without manual annotation of subtype-specific
cues, indicating the model’s capacity to internalize and articulate clinically
relevant histopathologic distinctions. Consistent with our earlier findings,
manually curated clinical prompts underperformed in these complex tasks,
achieving 79.5% accuracy for DCIS/IC and 60.5% for the multiclass setting
(Table 1, Fig. S2). This reinforces that RECAP-PATH’s automated

optimization effectively bridges the gap between genericmedical knowledge
and model-specific reasoning capabilities.

Furthermore, the UMAP visualization of MLLM-generated descrip-
tions in Fig. 4D revealed two separated clusters corresponding to DCIS and
IC, indicating that the model’s descriptions were both subtype-specific and
semantically disentangled. Critically, theMLLM-generated descriptions for
DCIS consistently highlighted hallmark histopathologic features, such as
marked nuclear pleomorphism and confinement of atypical cells within
intact ducts, closely mirroring established diagnostic criteria. This
semantic separation confirms the model’s ability to generate phenotype-
specific explanations and articulate true morphologic differences between
subtypes.

We further extended the classification task to a more complex multi-
class setting involving normal tissue, DCIS, and IC. Multiclass pathology
triage is inherently challenging due to diagnostic ambiguity and overlapping
morphological features. Despite these complexities, the model maintained
strong performance, as demonstrated by the confusion matrices in Fig. 4E
and UMAP visualizations in Fig. 4F. The semantic embeddings of
descriptions for DCIS and IC formed well-separated clusters, underscoring
the model’s capacity to distinguish invasive from non-invasive disease. A
subset of normal cases was misclassified as DCIS, likely reflecting shared
architectural features such as ductal confinement. These errors suggest that
while the framework effectively captures global tissue architecture, further
refinement to emphasize subtler cytological cues, such as nuclear pleo-
morphism, could reduce residual ambiguity. Overall, these results support
RECAP-PATH’s ability to scale from binary to multiclass diagnostic rea-
soning while also defining opportunities for future enhancement.

We then assessed robustness and model-agnostic versatility. We ran
experiments with two independent state-of-the-art general-purpose
MLLMs, Google Gemini 2.0 Flash51 and OpenAI gpt-4o-2024-05-1360,
using black-box API access and no finetuning. As summarized in Table 1,
the optimized prompt consistently outperformed the initial prompt across
all experimental settings. Because these models are general-purpose rather
than pathology-specific, the cross-model gains indicate that our prompt
optimization strategy transfers across foundationmodelswithoutwhite-box
access, supporting robustness to model choice and practical deployment in
API-constrained clinical environments. In Table 1, the 95% confidence
intervals define the performancemargins of the framework. These intervals
quantify the variance inherent in the prompt generation process, estab-
lishing the lower and upper bounds of diagnostic accuracy to demonstrate
the method’s stability across variations in prompt phrasing.

We also assessed prompt transferability. We applied prompts opti-
mizedbyGPT-4o toGemini 2.0 Flash for inference, and vice versa (Table 1).
This cross-model application yielded substantial accuracy gains over
unoptimized baselines; for instance, applying GPT-4o-optimized criteria to

Table 1 | Cross-model evaluation of RECAP-PATH on the BRACS dataset

Task Strategy Gemini 2.0 Flash GPT-4o

N/IC Initial 71.87 (69.26, 74.48) 52.25 (46.20, 58.30)

Optimized 91.25 (90.29, 92.21) 80.25 (77.95, 82.55)

In-context Learning 86.00 (84.70, 87.30) –

DCIS/IC Initial 82.50 (79.69, 85.31) 59.50 (57.73, 61.27)

Optimized 87.81 (84.83, 90.80) 89.50 (86.68, 92.32)

In-context Learning 79.50 (78.11, 80.89) –

N/DCIS/IC Initial 60.28 (55.63, 64.93) 52.00 (47.70, 56.30)

Optimized 77.78 (76.40, 79.16) 63.78 (60.18, 67.38)

In-context Learning 60.47 (59.28, 61.66) –

N/IC Optimized by Peer 86.75 (83.72, 89.78) 70.96 (68.32, 73.59)

(Cross-model) (Train ≠ Infer) Train: GPT-4o Train: Gemini 2.0

Values represent classification accuracy (95%CI). The table compares Initial (baseline),Optimized (RECAP-PATH), and In-context Learning strategies across binary (N/IC, DCIS/IC) andmulticlass (N/DCIS/
IC) tasks. The final row, Cross-Model (N/IC), evaluates prompt transferability by optimizing diagnostic criteria on the peer backbone (e.g., using GPT-4o-derived prompts for Gemini 2.0 Flash inference).
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Gemini 2.0 Flash achieved 86.8% accuracy (compared to ~71% baseline).
While the highest performance was consistently achieved when the opti-
mization and inferencemodels were identical, these results confirm that the
generated diagnostic logic captures transferable morphological principles
rather than model-specific artifacts.

Lastly, to address clinical data privacy requirements, we validated the
framework on the open-sourceQwen2.5-VL-72B-Instructmodel. Focusing
on binary classification (Normal vs. Invasive Carcinoma) as a proof-of-
concept due to excessive local computational turnaround times, RECAP-
PATH improved diagnostic accuracy from 55.5% (95% CI: 49.8–61.2%) to

Fig. 3 | Pathologist knowledge augmentation for RECAP-PATH optimization.
A Integration of expert feedback into the RECAP-PATH framework. Three board-
certified pathologists provided blinded evaluations of LLM-generated image
descriptions across normal and invasive carcinoma cases, rating their precision and
histopathological accuracy. These assessments were incorporated into the refine-
ment process. The assessment summary is shown. B Pathologist ratings demon-
strated that incorporating expert feedback improved the clinical coherence and
histopathological correctness of generated descriptions by nearly 20%. Data repre-
sent n = 9 independent expert evaluations (3 evaluations performed by each of three

board-certified pathologists), with error bars indicating the standard deviation. *
indicates statistical significance (p < 0.05, two-sided Student’s t-test). C Case-level
analysis of optimized outputs. Representative examples of image-specific diagnostic
narratives illustrate how the optimized diagnosis criteria guide theMLLM to identify
key histopathological features. For benign samples, the model describes hallmark
features such as organized tubular architecture, uniform gland size, absence of
nucleoli, and abundant cytoplasm. For invasive carcinoma, it highlights malignant
patterns including infiltrative growth, nuclear pleomorphism, prominent nucleoli,
and stromal invasion. Scale bars = 50 μm.
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67.0% (95% CI: 62.5–71.5%), demonstrating its compatibility with locally
deployable, privacy-preserving workflows.

RECAP-PATH generalizes across datasets: prostate Gleason
grading and breast histology
Complementing our cross-model analysis, we next evaluate the adaptability
of our framework to additional histopathology datasets.Wefirst applied the
framework to the Breast Cancer Histology (BACH) dataset49, focusing on
distinguishing normal breast tissue from invasive carcinoma for direct

comparison with our previous BRACS-based results. Unlike BRACS, the
BACH dataset is smaller in size and has lower spatial resolution (~0.42 μm/
pixel, approximately half that of BRACS). Despite these differences, our
prompt optimizationpipeline achieved a classification accuracy comparable
to that observed with BRACS (Fig. 5A), following a similar diversification
and optimization trajectory (Fig. 5B). This consistency suggests that our
prompt-learning mechanism generalizes effectively across datasets. As in
our prior analysis, the optimized prompts highlighted comprehensive
morphological descriptors, explicitly incorporating architectural

Fig. 4 | Subtype-specific classification performance and semantic interpretability
of RECAP-PATH. A Confusion matrices for binary classification of ductal carci-
noma in situ (DCIS) versus invasive carcinoma (IC), showing improved perfor-
mance after prompt optimization (true positive rates: 0.85 for DCIS, 0.90 for IC).
B Example of an optimized prompt illustrating how the model autonomously
generated subtype-specific diagnostic criteria, emphasizing features such as stromal
invasion, ductal confinement, and differences between intraductal and infiltrative
growth.C Representative image and corresponding generated description for DCIS,

highlighting hallmark features aligned with established pathological criteria. Scale
bar = 100 μm. D UMAP visualization of description embeddings, demonstrating
clear semantic separation between DCIS and IC, consistent with phenotype-specific
explanations. E Confusion matrices for multiclass classification (N, DCIS, IC),
showing progressive performance gains after optimization.FUMAPvisualization of
description embeddings in the multiclass setting, demonstrating improved clus-
tering and subtype differentiation, with most errors involving normal cases mis-
classified as DCIS due to overlapping ductal features.
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Fig. 5 | Adaptability of RECAP-PATH across pathology datasets. A Confusion
matrices for normal versus invasive carcinoma in the BACH dataset, showing
improved performance after prompt optimization despite lower resolution and
smaller dataset size compared to BRACS. B Accuracy trajectory in BACH,
demonstrating a similar non-monotonic two-phase learning dynamic as
observed in BRACS. C Confusion matrices for benign versus malignant clas-
sification in the prostate cancer SICAPv2 dataset, showing balanced perfor-
mance gains after optimization. D Reproduction of the two-phase learning

dynamics in SICAPv2. E Example optimized diagnostic criteria in prostate
histology, illustrating key features such as glandular architecture, arrangement,
and cytological atypia. F Case-level description of a malignant prostate sample
(Gleason 4+ 4), where the optimized prompt guided the model to identify
hallmark features, including cribriform architecture, infiltrative growth, and
nuclear pleomorphism, consistent with expert diagnostic criteria. Scale bar =
100μm. Error bars in (B) and D indicate standard deviation derived from n = 4
independent optimization experiments.
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organization, the presence and morphology of myoepithelial cells,
cellular density, and stromal composition. These refinements facilitated
more precise discrimination between normal breast tissue and invasive
carcinoma.

We also examined a substantially different dataset consisting of pros-
tate cancer images annotated with patch-level Gleason grades (SICAPv2)50.
Despite differences in tissue type and diagnostic standards, RECAP-PATH
achieved high classification accuracy after prompt learning, generating
balanced predictions (Fig. 5C) and clinically reasonable analyses. The two-
phase learning dynamics was also reproduced in this dataset (Fig. 5D). The
optimized prompts were adapted to prostate histology, guiding the model
toward critical diagnostic hallmarks, including overall glandular archi-
tecture, glandular arrangement, and cytological atypia (Fig. 5E). The
prompts further directed the model to provide Gleason grading and justi-
fication based on these criteria (Fig. 5F). This methodological approach
enabled the MLLM to produce structured, clinically interpretable outputs
alignedwith routine diagnosticworkflows. For instance, themodel correctly
identified hallmark features such as cribriform architecture, infiltrative
glandular growth, and nuclear pleomorphism in a case diagnosed as
malignant with a Gleason score of 4+ 4, consistent with the ground-truth
annotation.Collectively, these experiments demonstrate the dataset-specific
adaptability of RECAP-PATH. By iteratively refining prompts to reflect
domain-specific histological features, our framework not only enhances
classification accuracy but also produces pathologically coherent reasoning
across diverse diagnostic contexts.

Discussion
We introduce RECAP-PATH, a two-phase learning framework for trust-
worthy AI pathology. It achieves >0.9 accuracy in distinguishing normal
from invasive carcinoma and delivers up to ~20% gains across tasks and
models, while providing pathologist-aligned rationales. By generating
image-grounded explanations34, RECAP-PATH highlights the promise of
MLLMs and directly addresses the opacity of post-hoc methods in con-
ventional AI pathology. Although general-purpose MLLMs excel at image
description, their pathology performance often lags without adaptation.
Prior efforts, such as in-context examples33 and domain-specific fine-
tuning30, enhance alignment but require extensive high-quality data and
often fall short of delivering transparent reasoning.

Parallel to these adaptation strategies, recent work has formalized
prompt engineering into an automatedoptimizationproblem. Search-based
methods,most notablyAPE54, Optimization by PROmpting (OPRO)45, and
PromptAgent61, leverage LLMs to iteratively generate and select instruc-
tions. However, our supplementary benchmarking suggests that broad
search strategies like APE yielded slightly lower classification accuracy in
this context compared to our framework. Distinct from search, feedback-
driven frameworks like Automatic Prompt Optimization (APO)44,
TextGrad62, and Reflexion63 mimic gradient descent by using textual cri-
tiques to refineprompts.While effective, their primary focus onmaximizing
scalar accuracy metrics risks encouraging shortcut learning, converging on
concise cues that optimize scores, potentially at the expense of the step-by-
step reasoning necessary for clinical auditability. RECAP-PATH diverges
from these approaches with a self-learning, model-agnostic framework that
prioritizes a diversify-to-optimize axis. Rather than optimizing solely for the
final label, it aims to address this balance by refining diagnosis criteria to
yield evidence-linked image descriptions, ensuring the model articulates
morphological features before prediction.

From a biomedical perspective, this description-first approach prior-
itizes practical auditability over intrinsic model interpretability. By produ-
cing explicit, morphology-level narratives that document the evidence
behind each call, it generates the traceable outputs that clinicians and tumor
boards increasingly expect for AI in health. Its description-first pipeline
elicits pathology-relevant criteria (invasion, architecture, nuclear features,
stroma, mitoses) and integrates them with the image for final decisions,
aligning the model’s reasoning with established diagnostic practice and
avoiding the unstable cues of post-hoc explainer64. Importantly, blinded

expert-in-the-loop evaluation shows that pathologist feedback measurably
improves the histopathological correctness of histology image
descriptions65. These elements position RECAP-PATH as a pragmatic,
evidence-focused solution that supports clinical trust and responsible
deployment in pathology.

A further limitation inherent to generative models is the risk of hal-
lucinatingmorphological features.While our optimization process anchors
descriptions to valid diagnostic criteria to mitigate unsupported claims, the
generated rationales are intended to serve as a tool for expert verificationand
error analysis rather than as an infallible window into the model’s internal
decision-making. Another limitation is that the optimized prompt remains
dataset-specific: each new dataset requires a separate optimization process,
as prompts tunedonone cohort (e.g., a particular breast cancer dataset)may
not generalize effectively to another, even within the same disease type.
Future studies should investigate slot-based calibrationwith a small number
of labeled examples as a lightweight alternative to re-running prompt
optimization from scratch, enabling more efficient cross-dataset general-
ization. Lastly, our experiments relied on ROI/patch crops rather than
whole-slide images (WSIs), sidestepping tissue selection and aggregation
steps that are critical for clinical realism.An immediatenext step is to embed
RECAP-PATH in a full WSI pipeline and benchmark against external
datasets and state-of-the-art slide-level baselines66–68. Finally, the framework
depends on vendor-hostedMLLMs, raising concerns about undocumented
updates and version drift that may undermine reproducibility69. To address
this, future work should stress-test open-source local models for compar-
ability and adopt standardized, multi-metric evaluation protocols and
clinical reporting guidelines to ensure robustness, calibration, and trans-
parent documentation70–72.

In sum, RECAP-PATH shows that reasoning itself can be optimized
into a reliable, auditable signal—transforming MLLMs from opaque clas-
sifiers into systems capable of delivering clinically aligned decisions. By
embedding domain-specific diagnostic criteria directly into the decision
process, it bridges methodological innovation in machine learning with the
practical demands of pathology. More broadly, it exemplifies a paradigm in
which interpretability andperformance are not opposing goals butmutually
reinforcing, charting a path toward AI systems that are both scientifically
rigorous and ready for real-world clinical integration.

Data availability
Source data for Figures 2A-C, 3B, 5B, and 5D are provided in the Supple-
mentaryData. Additionally, Python codewith embedded raw input data for
reproducing Figures 2F, 4D, and 4F is available in the Supplementary Data.
The datasets used in this study are publicly available and canbe downloaded
from https://www.bracs.icar.cnr.it/(BRACS), https://iciar2018-challenge.
grand-challenge.org/Dataset/(BACH), and https://data.mendeley.com/
datasets/9xxm58dvs3/1(SICAPv2).

Code availability
The code for this work is publicly available at GitHub and Zenodo73.
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