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Abstract001

Recent advances in VLMs have moved toward002
agentic systems capable of invoking external003
tools to refine reasoning process. Pathology004
diagnosis naturally fits this paradigm, as mor-005
phological patterns in HE images may require006
additional immunophenotypic evidence for re-007
liable decision-making. Recent virtual staining008
methods enable the generation of virtual IHC009
images from HE, creating a new opportunity for010
tool-using agents in diagnosis. However, such011
generated evidence may contain unreliable or012
conflicting signals, which can interfere with013
reasoning when directly incorporated. To ad-014
dress this, we propose PathoTool, a tool-using015
agent for reliability-aware pathology diagno-016
sis. PathoTool performs morphology-based di-017
agnosis from HE images while estimating the018
confidence, and invokes a virtual staining tool019
to generate IHC evidence. The HE confidence020
is further updated through a Confidence Re-021
evaluation tool conditioned on the generated022
IHC, which determines whether virtual staining023
influences the final decision. In addition, an Im-024
munophenotype Conflict Filter is introduced to025
suppress inconsistent or contradictory IHC sig-026
nals, ensuring coherent reasoning. Experiments027
on NSCLC and BRCA classification demon-028
strate that PathoTool achieves a more balanced029
and reliable performance improvement.030

1 Introduction031

Recent advances in vision-language models032

(VLMs) are driving a shift from passive visual033

recognition toward agentic systems that can ac-034

tively invoke external tools to support decision-035

making under uncertainty. Rather than relying036

solely on single-step inference from fixed observa-037

tions, such agents can iteratively acquire, transform,038

and refine intermediate evidence through tool use,039

enabling dynamic interaction between reasoning040

and external operations. This paradigm is particu-041

larly valuable in uncertain visual scenarios, where042

relevant cues may be implicit, weakly expressed, 043

or insufficiently utilized during the initial reason- 044

ing process. By revisiting the same input through 045

tool-augmented transformations and auxiliary ev- 046

idence generation, tool-using agents can improve 047

their ability to surface latent patterns and revise 048

unreliable initial predictions. 049

Pathology diagnosis provides a representative 050

example of uncertainty-driven visual reasoning. As 051

the gold standard for cancer diagnosis (Bera et al., 052

2019), in pathology workflow, hematoxylin and 053

eosin (HE) images serve as the primary source 054

of visual evidence for forming an initial diagnos- 055

tic hypothesis based on tissue morphology (Bel- 056

sare and Mushrif, 2012). However, morphological 057

cues alone are sometimes insufficient for reliable 058

decision-making due to inter-class similarity, tis- 059

sue heterogeneity, and ambiguous structural pat- 060

terns, which introduce substantial uncertainty (Ro- 061

nen et al., 2021). To address this limitation, im- 062

munohistochemistry (IHC) is commonly used as an 063

additional source of complementary signals to help 064

resolve these ambiguous scenarios. Accordingly, 065

pathology diagnosis can be viewed as an iterative 066

refinement process, where an initial morphology- 067

based hypothesis is progressively updated through 068

the acquisition and interpretation of additional evi- 069

dence under uncertainty. 070

With the development of virtual staining meth- 071

ods (Li et al., 2023; Klöckner et al., 2025), recent 072

studies (Aggarwal et al., 2025; Zhou et al., 2025; 073

Fischer et al., 2026) have explored incorporating 074

virtual IHC as auxiliary evidence to support patho- 075

logical diagnosis in vision-based frameworks. This 076

introduces a natural setting for agentic multimodal 077

systems, where an agent can dynamically invoke a 078

generative tool to produce virtual IHC that ampli- 079

fies morphological cues in HE associated with spe- 080

cific immunophenotypic states, allowing the model 081

to revisit and emphasize diagnostically relevant 082

patterns that may be overlooked or underweighted 083
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during the initial morphology-based inference.084

However, the reliability of such tool-generated085

signals is not always guaranteed (Kataria et al.,086

2025), as the generation process may introduce ar-087

tifacts or inconsistent expression patterns (Bai et al.,088

2023; Huang et al., 2024), and erroneous outputs089

may in turn mislead the reasoning process when090

directly incorporated. Moreover, conflicts may091

arise among multiple generated signals with mutu-092

ally incompatible semantic interpretations, further093

complicating decision-making under uncertainty.094

Therefore, a key challenge in agentic visual rea-095

soning lies not only in invoking external tools to096

generate auxiliary evidence, but also in coordinat-097

ing additional tool-based operations to assess the098

reliability of generated signals, resolve semantic099

conflicts, and determine how such evidence should100

influence the final reasoning process.101

Motivated by these observations, we propose102

PathoTool, a tool-using agentic reasoning frame-103

work for pathology diagnosis. In PathoTool, a104

VLM first performs morphology-based diagnosis105

from HE images while estimating the confidence of106

the current prediction. To further refine uncertain107

predictions, the agent can invoke a virtual stain-108

ing tool to generate virtual IHC images, which are109

subsequently interpreted by the VLM to extract110

immunophenotypic evidence.111

Inspired by the diagnostic behavior of patholo-112

gists, who may reconsider their initial morpholog-113

ical assessment when confronted with strong and114

internally consistent IHC signals (De Matos et al.,115

2010; Kohale et al., 2023), the agent will further116

invoke a Confidence Re-evaluation (Re-Conf) tool117

to revise the HE-based confidence according to the118

generated IHC evidence. If the updated confidence119

remains high, the final decision follows the original120

HE prediction; otherwise, the prediction is revised121

according to IHC-guided diagnostic rules.122

In addition, different virtual IHC markers may123

produce mutually incompatible immunophenotypic124

interpretations, leading to unreliable reasoning sig-125

nals. To address this issue, the agent can addition-126

ally invoke an Immunophenotype Conflict Filter127

(IC-Filter), which identifies and suppresses conflict-128

ing virtual IHC evidence. We conduct systematic129

experiments on both NSCLC and BRCA classifi-130

cation under patch-level and slide-level settings.131

Experimental results demonstrate that PathoTool132

effectively balances morphological reasoning and133

generated IHC evidence, reducing the adverse im-134

pact of virtual staining errors while significantly135

improving diagnostic reliability and decision con- 136

sistency in morphologically ambiguous cases. 137

Our contributions are summarized as follows: (1) 138

We propose PathoTool, an agentic reasoning frame- 139

work that invokes external tools for reliability- 140

aware pathology diagnosis. (2) We introduce Re- 141

Conf, an explicit confidence re-evaluation mecha- 142

nism that leverages immunophenotype consistency 143

to refine HE diagnostic confidence. (3) We propose 144

IC-Filter, a principled strategy for handling seman- 145

tic conflicts among virtual IHC predictions. (4) 146

Experiments on NSCLC and BRCA classification 147

demonstrate the advantages of PathoTool in terms 148

of reliability and interpretability. 149

2 Related Work 150

Virtual Staining Virtual staining techniques (Li 151

et al., 2023) enable the synthesis of virtual IHC 152

iamges from HE images, providing an intermedi- 153

ate view that augments morphology-based analysis. 154

Recent approaches (Chen et al., 2024; Liu et al., 155

2025; Klöckner et al., 2025) are primarily built 156

upon generative models for cross-modality image 157

translation, which have demonstrated promising 158

results in generating visually plausible IHC-like 159

signals. Recent studies (Aggarwal et al., 2025; 160

Zhou et al., 2025; Fischer et al., 2026) have fur- 161

ther explored leveraging such virtual IHC signals 162

in purely visual models to support downstream di- 163

agnostic modeling, including tumor subtype classi- 164

fication and cellular composition analysis. These 165

approaches demonstrate that virtual staining can 166

serve as a complementary representation that high- 167

lights immunophenotype-related cues that are not 168

explicitly encoded in raw HE morphology. 169

Pathology Agents Recent advances in large 170

multimodal models have led to the emergence 171

of pathology-oriented agents capable of reason- 172

ing over whole-slide images (WSIs). These 173

systems typically formulate pathology diagno- 174

sis as a sequential decision-making or naviga- 175

tion problem, where the model iteratively se- 176

lects regions of interest, aggregates information 177

across patches, and produces slide-level predic- 178

tions. PathChat+ (Weishaupt et al., 2025) intro- 179

duces a multi-agent copilot design, where multiple 180

specialized components collaborate to refine pathol- 181

ogy reasoning through structured evidence integra- 182

tion. CPathAgent (Sun et al., 2026) further devel- 183

ops agentic workflows for WSI analysis, enabling 184

iterative region selection and hierarchical aggrega- 185
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Figure 1: Pipeline for our PathoTool. The PathoTool supports both patch and slide level inputs, where representative
diagnostic regions are first sampled by a Highlighter for slide-level inputs. The agent initially performs diagnosis
solely based on HE images and provides a confidence Cinit. Then, our PathoTool analyzes the immunophenotypes
of virtual IHC generated by the IHC Generator, while Re-Conf explicitly re-evaluates the initial HE confidence,
and the IC-Filter handles the contradictory IHC semantics. Final decisions are made based on the re-evaluated HE
confidence Cre and the virtual IHC evidence after IC-Filter.

tion of patch-level information. PathFinder (Ghe-186

zloo et al., 2025) explores navigation-based rea-187

soning over gigapixel histopathology images, em-188

phasizing sequential exploration of discriminative189

regions for slide-level diagnosis. However, exist-190

ing approaches remain constrained to HE images191

and primarily focus on spatial exploration rather192

than invoking external tools to generate additional193

evidence modalities. As a result, their reasoning194

process is largely bounded by the information ex-195

plicitly present in the input slide.196

Tool-Using Agents Early work on tool-augmented197

large language models showed that LLMs can198

move beyond purely language-only reasoning by199

invoking external tools during problem solving.200

ReAct (Yao et al., 2022) enables LLMs to inter-201

act with knowledge sources or task environments202

while maintaining interpretable intermediate rea-203

soning. Toolformer (Schick et al., 2023) trains204

language models in a self-supervised manner to de-205

cide when and how to call tools such as calculators,206

search engines, QA systems, translation systems,207

and calendars. ToolLLM (Qin et al., 2024) further208

extendes this capability to open-domain ecosys-209

tems encompassing thousands of real-world APIs.210

More recently, the tool-using agent paradigm has211

expanded from text-only reasoning to multi-modal212

reasoning, where agents can jointly perceive visual213

inputs, plan tool calls, and use external modules214

for perception, search, code execution, or domain- 215

specific analysis (Wang et al., 2025; Gao et al., 216

2025; Ashraf et al., 2025; Li et al., 2026). These 217

studies indicate a broader shift from using tools 218

merely as auxiliary text-based APIs toward treat- 219

ing tool usage as a general interface for agentic 220

multimodal reasoning. 221

3 Methods 222

PathoTool is a tool-using agentic reasoning frame- 223

work that reliably integrates virtual IHC into HE- 224

based diagnosis, enhancing diagnostic stability 225

while reducing the impact of staining artifacts. 226

PathoTool first establishes a HE-only diagnostic 227

baseline and estimates the initial confidence from 228

the HE morphology (Sec. 3.1). The agent then 229

invokes an IHC Generator tool to synthesize diag- 230

nostically relevant virtual IHC images, which are 231

subsequently analyzed. (Sec. 3.2). To ensure evi- 232

dence reliability, instead of treating virtual stains 233

as absolutely trustworthy, the agent further invokes 234

the Re-Conf (Sec. 3.3) and IC-Filter tools (Sec. 3.4). 235

These tools reassess the initial confidence in light 236

of the pre-analyzed IHC status and eliminate po- 237

tential conflicts within the virtual IHC information. 238

Finally, PathoTool fuses HE predictions with IHC 239

analysis, guided by the re-evaluated confidence, to 240

produce the final diagnosis (Sec. 3.5). 241
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Figure 2: Prompts on NSCLC classification for the HE-based diagnosis (yellow), the initial HE confidence Cinit

(green) and the IHC status SIHC (blue), where <stain type> refers to the IHC related to diagnosis.

3.1 HE-only Diagnosis and Confidence242

As HE images provide the fundamental morpho-243

logical baseline for histopathological assessment,244

our PathoTool begins with an HE-based diagno-245

sis. The agent is applicable to both patch-level and246

slide-level settings. For slide-level inputs, a High-247

lighter module (Hua et al., 2025) is first applied248

to localize representative diagnostic regions and249

sample multiple patches. Given the input patch or250

sampled slide regions, the agent generates an initial251

morphological diagnostic conclusion alongside a252

confidence assessment Cinit ∈ {High,Mid,Low},253

as prompted in Fig. 2. Considering the potential254

uncertainty and error introduced by virtual staining,255

this confidence assessment determines whether the256

final decision relies on the initial HE prediction or257

the analysis of generated IHC images.258

3.2 IHC Generating and Analysis259

IHC Generator. To augment morphological find-260

ings, PathoTool invokes the IHC Generator tool to261

virtual stain IHC images that correspond to specific262

diagnostic immunophenotypes. For example, in263

NSCLC classification, we virtual stain TTF-1 and264

P40, where TTF-1 positivity typically supports265

LUAD, and P40 positivity supports LUSC. Sim-266

ilarly, in BRCA IDC/ILC subtyping, E-cadherin267

is virtually stained, where E-cadherin negativity268

typically supports ILC, whereas both normal glan-269

dular tissues and IDC exhibit E-cadherin positivity.270

These generated virtual IHC images serve to em-271

phasize and amplify critical diagnostic signals that272

might otherwise be overlooked in the primary HE273

images. Simultaneously, the analysis of these gen-274

erated IHC images also provides inputs for the con-275

fidence re-evaluation (Re-Conf) and immunophe-276

notype conflict filter (IC-Filter) module.277

Figure 3: Confidence Re-evaluation. To ensure relia-
bility, Re-Conf re-evaluates the HE-based diagnostic
confidence Cinit according to the virtual IHC evidence.

Generated IHC Analysis. PathoTool employs 278

the same VLM for HE analysis to interpret the 279

generated IHC. As illustrated in Fig. 1, the VLM 280

evaluates each virtual IHC patch to assign an ex- 281

pression status SIHC ∈ {Strong Positive, Regional 282

or Weak Positive, Negative}. Taking NSCLC clas- 283

sification as an example, as prompted in Fig. 2, 284

Strong Positive indicates the presence of distinct 285

brown signals, Regional Positive means sparse or 286

focal brown signals, while Negative indicates the 287

absence of significant brown signals. 288

3.3 Confidence Re-evaluation 289

In routine diagnostic practice, strong and internally 290

consistent IHC evidence may occasionally alter a 291

pathologist’s confidence in the initial morphology- 292

based diagnosis. Motivated by this observation, 293

PathoTool introduces a Re-Conf tool that reassesses 294

the HE-based diagnostic confidence Cinit using 295

evidence derived from generated IHC images. 296

Specifically, as illustrated in Fig. 3, when two se- 297

mantically complementary IHC markers are avail- 298

able (e.g., TTF-1 and P40), virtual IHC evidence 299

for patch-level inputs is considered strong and inter- 300

nally consistent only when one of the two markers 301

is predicted as Strong Positive while the other is 302
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Negative. In such cases, if the diagnostic implica-303

tion of the virtual IHC contradicts the HE-based304

prediction and the Cinit is High, Re-Conf down-305

grades the re-evaluated confidence Cre to Mid. Oth-306

erwise, Cinit will be preserved. For slide-level in-307

puts comprising a set of patches P , Re-Conf is308

triggered by PathoTool only if the markers IHC1309

and IHC2 satisfy both Eq. (1) and Eq. (2):310

∃p ∈ P, Sp
IHC1 = Strong Positive (1)311

∀p ∈ P, Sp
IHC2 = Negative. (2)312

As for the single-marker scenario, the activation313

criterion of Re-Conf depends on the specific dis-314

criminative property of the marker. If the positive315

status is discriminative, Re-Conf is triggered when316

Eq. (1) is satisfied. Conversely, for markers where317

negative expression is discriminative, Re-Conf is318

triggered when Eq. (2) is satisfied.319

By confidence re-evaluation based on IHC sta-320

tus, Re-Conf balances morphological reasoning321

and virtual IHC evidence. It prevents unreliable322

virtual staining from unnecessarily perturbing high-323

confidence HE-based decisions, while also miti-324

gating excessive confidence in erroneous HE pre-325

dictions by highlighting diagnostically salient IHC326

cues amplified through virtual IHC generation.327

3.4 Immunophenotype Conflict Filter328

After the invocation of the IHC Generator by Patho-329

Tool, when multiple IHC markers are involved, the330

pathology VLM in our agent predicts the expres-331

sion status for each IHC marker. However, different332

IHC markers may encode mutually exclusive di-333

agnostic semantics (e.g., TTF-1 positive supports334

LUAD, P40 positive supports LUSC). Due to noise335

or instability introduced by the IHC Generator tool,336

the model may simultaneously predict multiple se-337

mantically incompatible markers as positive on the338

same patch. Such cases should be regarded as im-339

munophenotype conflicts and cannot be directly340

treated as reliable diagnostic evidence.341

To address this issue, our PathoTool invokes the342

Immunophenotype Conflict Filter (IC-Filter) tool343

to handle conflicting IHC status during reasoning344

over generated IHC. Within IC-Filter, both Strong345

Positive and Regional Positive are treated as pos-346

itive. For each patch, if the predicted IHC result347

conflicts (e.g., TTF-1 regional positive and P40348

strong positive, as illustrated in Fig. 4) , the virtual349

IHC evidence of that patch is considered to contain350

intra-patch conflicts and is therefore excluded from351

subsequent decision making.352

Figure 4: Immunophenotype Conflict Filter. To ensure
reliability, IC-Filter searches intra-patch conflicts for
each patch. For slide-level input (multiple patches after
the Highlighter), IC-Filter further searches for inter-
patch conflicts after removing intra-patch conflicts.

For slide-level inputs, conflicts may addition- 353

ally arise across different patches sampled from the 354

same slide. IC-Filter is first applied independently 355

at the patch level to remove patches with internal 356

IHC conflicts. Among the remaining patches, if one 357

patch exhibits TTF-1 positivity while another ex- 358

hibits P40 positivity, the slide-level IHC evidence 359

is regarded as contradictory and unreliable, which 360

is called inter-patch conflicts. In this case, the fi- 361

nal diagnosis directly follows the HE-based pre- 362

diction. Notably, inter-patch conflict detection is 363

performed after excluding patches with intra-patch 364

conflicts. And for the single-marker scenario, IC- 365

Filter directly returns the IHC predictions without 366

conflict checking. The IC-Filter ensures that the 367

IHC conclusion for each input is either identified 368

as unreliable or is both self-consistent and unique. 369

3.5 Final Decision Making 370

After invoking the IHC generator, Re-Conf, and 371

IC-Filter, PathoTool integrates HE conclusion and 372

virtual IHC evidence to produce the final diagno- 373

sis. If the re-evaluated HE-based confidence Cre 374

remains High, the model considers the morpholog- 375

ical evidence to be sufficiently stable and directly 376

adopts the initial HE prediction, avoiding the po- 377

tential staining artifacts. 378

When the re-evaluated confidence Cre is Mid 379

or Low, virtual IHC is introduced as auxiliary evi- 380

dence. After applying IC-Filter to remove all con- 381

flicts, the remaining virtual IHC outcomes fall into 382

only two cases: (1) virtual IHC supports a single, 383

non-conflicting diagnostic conclusion. In such case, 384

the final decision follows the IHC-driven conclu- 385

sion; (2) all relevant markers are negative, provid- 386

ing no discriminative conclusion. The model then 387

falls back to the HE-based prediction. 388

5



Table 1: Slide-level quantitative performance on
NSCLC classification. “HE only” denotes using only
HE input for diagnosis, while “+ stain” indicates that
PathoTool invokes the IHC Generator tool on that stain.

Setting bACC RecallLUAD RecallLUSC

HE only 80.3 79.1 81.4
+ TTF-1 80.6 (↑0.3) 84.2 (↑5.1) 77.0 (↓4.4)
+ P40 80.4 (↑0.1) 75.5 (↓3.6) 85.4 (↑4.0)
+ both 82.7 (↑2.4) 81.3 (↑2.2) 84.2 (↑2.8)

4 Experiments and Results389

Datasets. For slide-level tasks, we conduct ex-390

periments on two cohorts from the public TCGA391

database: TCGA-NSCLC (507 LUAD, 512 LUSC392

slides) and TCGA-BRCA (802 IDC, 198 ILC393

slides). For patch-level tasks, we construct datasets394

from pathologist-annotated tumor regions. For395

NSCLC, a senior pathologist delineate coarse tu-396

mor regions on 25 LUAD and 25 LUSC slides from397

TCGA. We extract raw patches from these regions398

and employ the same VLM used in experiments399

to distinguish tumor from non-tumor patches, thus400

filtering out non-tumor components. This process401

yield a balanced test set comprising 10472 tumor402

patches, with 5237 LUAD and 5235 LUSC. Follow-403

ing the same protocol, we construct an IDC/ILC404

patch-level test set from 13 IDC and 5 ILC slides in405

TCGA-BRCA, obtaining 5039 patches, including406

3589 IDC and 1450 ILC patches.407

Implementation Detail We utilize the VLM back-408

bone from (Hua et al., 2025), which is fine-tuned409

on Qwen2.5-VL-7B-Instruct (Bai et al., 2025). For410

slide-level analysis, we sample N = 5 representa-411

tive diagnostic patches for each slide at 10× mag-412

nification with a size of 512×512, balancing tissue413

architecture with cytological detail. We train Pyra-414

midPix2pix models (Liu et al., 2022) to generate415

virtual IHC images. For NSCLC classification, the416

training datasets are constructed from 18 NSCLC417

slides with paired TTF-1 and P40 stains. For BRCA418

subtyping, the training cohort included 10 IDC and419

4 ILC slides with the E-cadherin staining. All train-420

ing datasets are collected from the Hospital X.421

4.1 Slide-level Classification422

NSCLC classification The slide-level quantitative423

results on NSCLC classification are summarized424

in Table 1. When introducing a single virtual IHC425

marker, the model exhibits a clear class-biased ef-426

fect that is consistent with the diagnostic semantics427

Table 2: Slide-level quantitative performance on BRCA
classification. “HE only” denotes using only HE in-
put for diagnosis, while “+ E-cadherin” indicates that
PathoTool invokes the E-cadherin IHC Generator tool.

Setting bACC RecallIDC RecallILC

HE only 58.8 96.9 20.7
+ E-cadherin 70.8 (↑12.0) 91.1 (↓5.8) 50.5 (↑29.8)

Figure 5: Slide-level comparison with “IHC only” on
both NSCLC and BRCA classification. “IHC only”
means that the VLM will only process with the gen-
erated virtual IHC, without initial HE information.

of that marker. Specifically, incorporating TTF- 428

1, where TTF-1 positivity indicates LUAD, leads 429

to a notable increase in RecallLUAD, accompanied 430

by a decrease in RecallLUSC. Conversely, using 431

P40 alone, where P40 positivity indicates LUSC, 432

slightly improves RecallLUSC while marginally re- 433

ducing RecallLUAD. These observations suggest 434

that a single virtual IHC marker tends to rein- 435

force the decision toward its corresponding sub- 436

type, shifting the recall balance between classes. 437

Nevertheless, both settings yield improvements in 438

bACC over the HE-only baseline, indicating that 439

invoking tools to incorporate virtual IHC evidence 440

can still enhance overall discriminability despite 441

the class-specific trade-offs. 442

When both TTF-1 and P40 are jointly incorpo- 443

rated under the PathoTool framework, the model 444

achieves the best overall performance, with a 2.4% 445

improvement in bACC over the HE only baseline. 446

Importantly, although the “HE + both” configu- 447

ration does not yield the maximum single-class 448

Recall growth due to the mechanistic adaptation 449

of tools like Re-Conf and IC-Filter when handling 450

multiple virtual IHC stains, consistent gains are 451

observed across both RecallLUAD and RecallLUSC. 452

This result indicates that invoking tools on multi 453

IHC markers provides complementary IHC evi- 454

dence, while the Re-Conf and IC-Filter tools ef- 455

fectively mitigate marker-specific biases, enabling 456

more balanced and reliable decisions in morpho- 457
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Table 3: Patch-level quantitative performance on
NSCLC classification. “HE only” denotes using only
HE input for diagnosis, while “+ stain” indicates that
PathoTool invokes the IHC Generator tool on that stain.

Setting bACC RecallLUAD RecallLUSC

HE only 76.3 75.2 77.4
+ TTF-1 78.3 (↑2.0) 82.7 (↑7.5) 73.9 (↓3.5)
+ P40 78.4 (↑2.1) 72.9 (↓2.3) 84.0 (↑6.6)
+ both 80.8 (↑4.5) 78.1 (↑2.9) 83.6 (↑6.2)

logically ambiguous cases.458

Concurrently, as illustrated in Fig. 5, we evaluate459

the diagnostic performance using only the virtual460

IHC without HE (“IHC only”), and compare it461

against the “HE only” baseline as well as the full462

PathoTool (“HE + both”) configuration. This com-463

parison serves to reflect the synthesis quality of464

the IHC Generator and the individual utility of vir-465

tual IHC. In the NSCLC classification, “HE + both”466

achieves the highest bACC, whereas the “IHC only”467

underperforms compared to “HE only”. This sug-468

gests that while the IHC Generator broadly cap-469

tures and synthesizes correct IHC expressions for470

those HE images where prominent diagnostic sig-471

nals are clearly presented, it inevitably introduces472

generative artifacts and staining noise. Crucially,473

by jointly deploying the IHC Generator, Re-Conf,474

and IC-Filter, PathoTool effectively rectifies the er-475

ror introduced by virtual IHC, ultimately yielding476

more robust and reliable diagnostic outcomes.477

BRCA Subtyping To further validate the general-478

izability of PathoTool, we evaluate it on the chal-479

lenging BRCA IDC/ILC subtyping task. Clinically,480

the vast majority of invasive breast cancers are clas-481

sified as IDC, and pathologists frequently misdi-482

agnose ILC as IDC due to deceptive morpholog-483

ical overlaps. To address this, PathoTool invokes484

virtual staining for E-cadherin. Distinct from the485

NSCLC scenario, E-cadherin serves as a negatively486

discriminative marker, where both normal glands487

and IDC exhibit strong E-cadherin positivity, while488

E-cadherin negativity uniquely points to ILC.489

In Table 2, incorporating E-cadherin leads to a490

minor decrease in RecallIDC, but drives a monu-491

mental surge in RecallILC from 20.7% to 50.5%.492

Concurrently, this targeted enhancement yields a493

substantial 12.0% substantial improvement in over-494

all bACC over the HE-only baseline.495

Furthermore, as illustrated in Fig. 5, the bACC496

scales progressively across the “HE only”, “E-497

cadherin only”, and “HE + both” configurations.498

Table 4: Patch-level quantitative performance on BRCA
classification. “HE only” denotes using only HE in-
put for diagnosis, while “+ E-cadherin” indicates that
PathoTool invokes the E-cadherin IHC Generator tool.

Setting bACC RecallIDC RecallILC

HE only 54.7 95.4 14.1
+ E-cadherin 76.1 (↑21.4) 76.5 (↓18.9) 75.7 (↑61.6)

Figure 6: Patch-level comparison with “IHC only” on
both NSCLC and BRCA classification. “IHC only”
means that the VLM will only process with the gener-
ated virtual IHC images, without initial HE information.

This stepwise improvement further demonstrates 499

that in challenging scenarios like BRCA subtyping, 500

the IHC Generator can successfully unearth criti- 501

cal diagnostic cues that are easily overlooked dur- 502

ing routine HE interpretation; moreover, PathoTool 503

achieves a subsequent leap in reliability through its 504

complementary tool-invocation mechanism. 505

4.2 Patch-level Classification 506

NSCLC classification Patch-level results on 507

NSCLC classification are summarized in Table 3. 508

Similar to the slide-level classification, When vir- 509

tual TTF-1 and P40 are jointly integrated into 510

the PathoTool framework, all evaluation metrics 511

show consistent improvements, yielding the best 512

bACC. This improvement further benefits from the 513

application of the Re-Conf and IC-Filter mecha- 514

nisms when multiple IHC markers are incorpo- 515

rated. These results further indicate that, at the 516

patch level, multi-marker virtual IHC also provides 517

complementary constraints and thereby improving 518

overall diagnostic reliability. 519

BRCA Subtyping At the patch level, invoking 520

tools on E-cadherin within PathoTool yields an 521

even more pronounced performance leap than at the 522

slide level, driving a 61.6% surge in RecallILC and 523

a 21.4% increase in bACC. On one hand, this sharp 524

contrast confirms the overall efficacy of PathoTool; 525

on the other hand, it highlights that compared to 526
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Table 5: Ablation study on the magnification, the presence of Cinit, Re-Conf and IC-Filter for NSCLC classification,
where the VLM will process with both virtual TTF-1 and P40. Values in parentheses denote the performance gain
or loss compared to the HE-only baseline. Both experiments on patch and slide-level are conducted.

Task Mag Cinit Re-Conf IC-Filter bACC RecallLUAD RecallLUSC PrecLUAD PrecLUSC

Slide

10×
✗ ✗ ✓ 78.9 (↓1.4) 75.5 (↓3.6) 82.2 (↑0.8) 80.8 (0.0) 77.3 (↓2.4)
✓ ✗ ✓ 81.1 (↑0.8) 81.9 (↑2.8) 80.3 (↓1.1) 80.4 (↓0.4) 81.7 (↑2.0)
✓ ✓ ✗ 82.1 (↑1.8) 79.9 (↑0.8) 84.4 (↑3.0) 83.5 (↑2.7) 80.9 (↑1.2)
✓ ✓ ✓ 82.7 (↑2.4) 81.3 (↑2.2) 84.2 (↑2.8) 83.6 (↑2.8) 81.9 (↑2.2)

20×
✗ ✗ ✓ 78.3 (↓1.1) 74.6 (↓1.3) 82.0 (↓0.8) 80.4 (↓1.0) 76.5 (↓1.2)
✓ ✗ ✓ 80.6 (↑1.2) 80.9 (↑5.0) 80.3 (↓2.5) 80.2 (↓1.2) 80.9 (↑3.2)
✓ ✓ ✗ 80.7 (↑1.3) 76.9 (↑1.0) 84.4 (↑1.6) 83.0 (↑1.6) 78.7 (↑1.0)
✓ ✓ ✓ 81.4 (↑2.0) 79.5 (↑3.6) 83.4 (↑0.6) 82.6 (↑1.2) 80.4 (↑2.7)

Patch

10×
✗ ✗ ✓ 80.7 (↑4.4) 74.2 (↓1.0) 87.2 (↑9.8) 85.3 (↑8.4) 77.2 (↑1.5)
✓ ✗ ✓ 79.0 (↑2.7) 80.2 (↑5.0) 77.8 (↑0.4) 78.3 (↑1.4) 79.7 (↑4.0)
✓ ✓ ✗ 80.7 (↑4.4) 78.1 (↑2.9) 83.3 (↑5.9) 82.4 (↑5.5) 79.1 (↑3.4)
✓ ✓ ✓ 80.8 (↑4.5) 78.1 (↑2.9) 83.6 (↑6.2) 82.7 (↑5.8) 79.2 (↑3.5)

20×
✗ ✗ ✓ 80.2 (↑4.2) 72.0 (↑0.2) 88.3 (↑8.0) 86.9 (↑7.3) 74.6 (↑2.0)
✓ ✗ ✓ 78.8 (↑2.8) 77.4 (↑5.6) 80.2 (↓0.1) 80.8 (↑1.2) 76.8 (↑4.2)
✓ ✓ ✗ 80.2 (↑4.2) 75.4 (↑3.6) 85.0 (↑4.7) 84.3 (↑4.7) 76.3 (↑3.7)
✓ ✓ ✓ 80.3 (↑4.3) 75.4 (↑3.6) 85.2 (↑4.9) 84.6 (↑5.0) 76.4 (↑3.8)

the information-rich slide-level setting, the baseline527

model heavily struggles to rely solely on HE mor-528

phology for patch-level diagnosis, which is further529

confirmed by Fig. 6.530

4.3 Ablation Study531

Table 5 presents ablation studies on the magnifica-532

tion, initial confidence Cinit, Re-Conf and IC-Filter533

for NSCLC classification. In all configurations, the534

VLM thinks with both virtual TTF-1 and P40.535

For both 10× and 20× magnification, introduc-536

ing virtual IHC leads to consistent performance537

gains over the HE-only baseline, indicating that538

PathoTool is insensitive to input scales and exhibits539

good robustness and generalization.540

At the slide level, omitting Cinit (all samples541

are treated as low-confidence and virtual IHC is542

always incorporated, with Re-Conf naturally dis-543

abled) causes performance to drop below the HE-544

only baseline. Conversely, at the patch level, re-545

moving Cinit still yields substantial bACC gains.546

This divergence occurs because HE-based predic-547

tions at the patch level are far less stable than548

their slide-level counterparts, allowing the virtual549

IHC introduced by PathoTool to provide higher550

marginal returns. In contrast, slide-level HE de-551

cisions are relatively reliable, and the indiscrimi-552

nate incorporation of virtual IHC may inadvertently553

override correct HE-based judgments due to gener-554

ative staining noise or artifacts.555

When we remove IC-Filter, where the IHC con-556

clusion is determined by the count of positive557

patches for each marker, the bACC is lower than 558

the PathoTool. This drop highlights the pivotal role 559

of IC-Filter in eliminating IHC contradictions and 560

enhancing evidence reliability. Concurrently, the 561

bACC under this setting still outperforms the HE- 562

only baseline, demonstrating the efficacy of Cinit 563

and Re-Conf working as a whole. 564

As for the usage of Re-Conf tool, by integrating 565

Cinit and IC-Filter. it yields the optimal bACC by 566

dynamically adjusting confidence in a reliability- 567

aware manner. With Re-Conf primarily rectifying 568

over-confident HE predictions and IC-Filter elim- 569

inating contradictions among virtual IHC stains, 570

our PathoTool achieves significant and more stable 571

improvements on both LUAD and LUSC. 572

5 Conclusion 573

In this work, we present PathoTool, a tool-using 574

agent for reliability-aware pathology diagnosis. 575

PathoTool enables a VLM to invoke external tools 576

during diagnostic reasoning, including an IHC 577

Generator for virtual staining, a Confidence Re- 578

evaluation for adaptive decision adjustment, and 579

an Immunophenotype Conflict Filter for resolving 580

inconsistent IHC signals. Through explicit coordi- 581

nation between morphology-based reasoning and 582

tool-derived evidence, PathoTool allows generated 583

virtual IHC signals to be incorporated in a con- 584

trolled and reliable manner. Experiments on both 585

NSCLC and BRCA classification demonstrate that 586

PathoTool consistently improves diagnostic relia- 587

bility under both patch and slide level settings. 588
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Limitations589

Although PathoTool improves the reliability of590

VLM-based pathology diagnosis through tool invo-591

cation, several limitations still remain.592

First, virtual IHC generation inevitably intro-593

duces noise, artifacts, and inaccurate immunophe-594

notypic signals, which may still mislead down-595

stream reasoning. To mitigate this issue, Patho-596

Tool selectively incorporates generated evidence597

through the interaction between the initial confi-598

dence Cinit and the Re-Conf mechanism, allowing599

the system to reassess and regulate the influence600

of virtual IHC on the final decision. In addition,601

IC-Filter further improves reliability by identifying602

and suppressing explicit conflicts among generated603

IHC signals. Nevertheless, the overall framework604

still depends on the quality and stability of the vir-605

tual staining module.606

Second, the current IC-Filter tool is primarily de-607

signed for scenarios involving two or more diagnos-608

tically different IHC markers, which is a prevalent609

clinical reality. Although our experiments demon-610

strate that PathoTool remains effective in single-611

marker settings, particularly for challenging BRCA612

IDC/ILC subtyping where morphology-only diag-613

nosis is difficult, the conflict-filtering capability is614

sometimes limited.615

Finally, the current framework focuses on pathol-616

ogy classification tasks. Extending the tool-using617

reasoning paradigm to broader pathology scenarios618

with additional external tools, and more complex619

clinical workflows remains an important direction620

for future work.621

Ethical Consideration622

This work is intended solely for research purposes623

and is not designed for direct clinical deployment624

or autonomous medical decision-making. All ex-625

periments in this study are retrospective and con-626

ducted offline without involvement in real-time pa-627

tient diagnosis or treatment workflows. For training628

the virtual staining module, private pathology data629

were collected under institutional regulations and630

fully de-identified prior to use, with all personally631

identifiable information removed to protect patient632

privacy. No human subjects were contacted or inter-633

vened in this study, and all evaluation experiments634

were conducted exclusively on publicly available635

datasets. The proposed system is intended to as-636

sist diagnostic reasoning rather than replace profes-637

sional pathologists, and any clinical interpretation638

or decision should remain under the supervision of 639

qualified medical experts. 640

References 641

Arpit Aggarwal, Mayukhmala Jana, Amritpal Singh, 642
Tanmoy Dam, Himanshu Maurya, Tilak Pathak, San- 643
dra Orsulic, Kailin Yang, Deborah Chute, Justin A 644
Bishop, and 1 others. 2025. Artificial intelligence- 645
based virtual staining platform for identifying tumor- 646
associated macrophages from hematoxylin and eosin- 647
stained images. European Journal of Cancer, 648
220:115390. 649

Tajamul Ashraf, Amal Saqib, Hanan Ghani, Muhra 650
AlMahri, Yuhao Li, Noor Ahsan, Umair Nawaz, Jean 651
Lahoud, Hisham Cholakkal, Mubarak Shah, and 1 652
others. 2025. Agent-x: Evaluating deep multimodal 653
reasoning in vision-centric agentic tasks. arXiv 654
preprint arXiv:2505.24876. 655

Bijie Bai, Xilin Yang, Yuzhu Li, Yijie Zhang, Nir Pillar, 656
and Aydogan Ozcan. 2023. Deep learning-enabled 657
virtual histological staining of biological samples. 658
Light: Science & Applications, 12(1):57. 659

Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wen- 660
bin Ge, Sibo Song, Kai Dang, Peng Wang, Shi- 661
jie Wang, Jun Tang, Humen Zhong, Yuanzhi Zhu, 662
Mingkun Yang, Zhaohai Li, Jianqiang Wan, Pengfei 663
Wang, Wei Ding, Zheren Fu, Yiheng Xu, and 8 others. 664
2025. Qwen2.5-vl technical report. arXiv preprint 665
arXiv:2502.13923. 666

AD Belsare and MM Mushrif. 2012. Histopathological 667
image analysis using image processing techniques: 668
An overview. Signal & Image Processing, 3(4):23. 669

Kaustav Bera, Kurt A Schalper, David L Rimm, Vam- 670
sidhar Velcheti, and Anant Madabhushi. 2019. Ar- 671
tificial intelligence in digital pathology—new tools 672
for diagnosis and precision oncology. Nature reviews 673
Clinical oncology, 16(11):703–715. 674

Fuqiang Chen, Ranran Zhang, Boyun Zheng, Yiwen 675
Sun, Jiahui He, and Wenjian Qin. 2024. Pathological 676
semantics-preserving learning for h&e-to-ihc virtual 677
staining. In International Conference on Medical Im- 678
age Computing and Computer-Assisted Intervention, 679
pages 384–394. Springer. 680

Leandro Luongo De Matos, Damila Cristina Trufelli, 681
Maria Graciela Luongo De Matos, and Maria Apare- 682
cida da Silva Pinhal. 2010. Immunohistochemistry as 683
an important tool in biomarkers detection and clinical 684
practice. Biomarker insights, 5:BMI–S2185. 685

Maximilian Fischer, Alexander Muckenhuber, Robin 686
Peretzke, Luay Farah, Constantin Ulrich, Sebastian 687
Ziegler, Philipp Schader, Lorenz Feineis, Hanno Gao, 688
Shuhan Xiao, and 1 others. 2026. Contrastive virtual 689
staining enhances deep learning-based pdac subtyp- 690
ing from h&e-stained tissue cores. The Journal of 691
Pathology, 268(1):89–98. 692

9



Zhi Gao, Bofei Zhang, Pengxiang Li, Xiaojian Ma, Tao693
Yuan, Yue Fan, Yuwei Wu, Yunde Jia, Song-Chun694
Zhu, and Qing Li. 2025. Multi-modal agent tuning:695
Building a vlm-driven agent for efficient tool usage.696
In International Conference on Learning Representa-697
tions, volume 2025, pages 13354–13385.698

Fatemeh Ghezloo, Mehmet Saygin Seyfioglu, Rustin699
Soraki, Wisdom O Ikezogwo, Beibin Li, Tejoram700
Vivekanandan, Joann G Elmore, Ranjay Krishna, and701
Linda Shapiro. 2025. Pathfinder: A multi-modal702
multi-agent system for medical diagnostic decision-703
making applied to histopathology. In Proceedings704
of the IEEE/CVF International Conference on Com-705
puter Vision, pages 23431–23441.706

Shengyi Hua, Jianfeng Wu, Tianle Shen, Kangzhe Hu,707
Zhongzhen Huang, Shujuan Ni, Zhihong Zhang,708
Yuan Li, Zhe Wang, and Xiaofan Zhang. 2025.709
Pathfound: An agentic multimodal model activat-710
ing evidence-seeking pathological diagnosis. arXiv711
preprint arXiv:2512.23545.712

Luzhe Huang, Yuzhu Li, Nir Pillar, Tal Keidar Haran,713
William Dean Wallace, and Aydogan Ozcan. 2024.714
Autonomous quality and hallucination assessment for715
virtual tissue staining and digital pathology. arXiv716
e-prints, pages arXiv–2404.717

Tushar Kataria, Shikha Dubey, Mary Bronner, Jolanta718
Jedrzkiewicz, Ben J Brintz, Shireen Y Elhabian, and719
Beatrice S Knudsen. 2025. Building trust in virtual720
immunohistochemistry: Automated assessment of721
image quality. arXiv preprint arXiv:2511.04615.722

Pascal Klöckner, José Teixeira, Diana Montezuma, João723
Fraga, Hugo M Horlings, Jaime S Cardoso, and724
Sara P Oliveira. 2025. H&e to ihc virtual staining725
methods in breast cancer: an overview and bench-726
marking. Npj digital medicine, 8(1):384.727

Mangesh G Kohale, Anupama V Dhobale, Nandkishor J728
Bankar, Obaid Noman, Kajal Hatgaonkar, and Vaish-729
navi Mishra. 2023. Immunohistochemistry in pathol-730
ogy: A review. Journal of Cellular Biotechnology,731
9(2):131–138.732

Fangda Li, Zhiqiang Hu, Wen Chen, and Avinash Kak.733
2023. Adaptive supervised patchnce loss for learn-734
ing h&e-to-ihc stain translation with inconsistent735
groundtruth image pairs. In International Confer-736
ence on Medical Image Computing and Computer-737
Assisted Intervention, pages 632–641. Springer.738

Pengxiang Li, Zhi Gao, Bofei Zhang, Yapeng Mi, Xiao-739
jian Shawn Ma, Chenrui Shi, Tao Yuan, Yuwei Wu,740
Yunde Jia, Song-Chun Zhu, and 1 others. 2026. It-741
erative tool usage exploration for multimodal agents742
via step-wise preference tuning. Advances in Neural743
Information Processing Systems, 38:59496–59528.744

Shengjie Liu, Chuang Zhu, Feng Xu, Xinyu Jia,745
Zhongyue Shi, and Mulan Jin. 2022. Bci: Breast can-746
cer immunohistochemical image generation through747
pyramid pix2pix. In Proceedings of the IEEE/CVF748
conference on computer vision and pattern recogni-749
tion, pages 1815–1824.750

Ziwen Liu, Eduardo Hirata-Miyasaki, Soorya Pradeep, 751
Johanna V Rahm, Christian Foley, Talon Chandler, 752
Ivan E Ivanov, Hunter O Woosley, See-Chi Lee, 753
Sudip Khadka, and 1 others. 2025. Robust virtual 754
staining of landmark organelles with cytoland. Na- 755
ture Machine Intelligence, 7(6):901–915. 756

Yujia Qin, Shihao Liang, Yining Ye, Kunlun Zhu, Lan 757
Yan, Yaxi Lu, Yankai Lin, Xin Cong, Xiangru Tang, 758
Bill Qian, and 1 others. 2024. Toolllm: Facilitating 759
large language models to master 16000+ real-world 760
apis. In International Conference on Learning Rep- 761
resentations, volume 2024, pages 9695–9717. 762

Shira Ronen, Rami N Al-Rohil, Elizabeth Keiser, 763
George Jour, Priyadharsini Nagarajan, Michael T Tet- 764
zlaff, Jonathan L Curry, Doina Ivan, Lavinia P Mid- 765
dleton, Carlos A Torres-Cabala, and 1 others. 2021. 766
Discordance in diagnosis of melanocytic lesions and 767
its impact on clinical management. Archives of 768
Pathology & Laboratory Medicine, 145(12):1505– 769
1515. 770

Timo Schick, Jane Dwivedi-Yu, Roberto Dessì, Roberta 771
Raileanu, Maria Lomeli, Eric Hambro, Luke Zettle- 772
moyer, Nicola Cancedda, and Thomas Scialom. 2023. 773
Toolformer: Language models can teach themselves 774
to use tools. Advances in neural information process- 775
ing systems, 36:68539–68551. 776

Yuxuan Sun, Yixuan Si, Chenglu Zhu, Kai Zhang, 777
Zhongyi Shui, Bowen Ding, Tao Lin, and Lin Yang. 778
2026. Cpathagent: An agent-based foundation model 779
for interpretable high-resolution pathology image 780
analysis mimicking pathologists’ diagnostic logic. 781
Advances in Neural Information Processing Systems, 782
38:101673–101731. 783

Chenyu Wang, Weixin Luo, Sixun Dong, Xiaohua Xuan, 784
Zhengxin Li, Lin Ma, and Shenghua Gao. 2025. 785
Mllm-tool: A multimodal large language model for 786
tool agent learning. In 2025 IEEE/CVF Winter Con- 787
ference on Applications of Computer Vision (WACV), 788
pages 6678–6687. IEEE. 789

Luca L Weishaupt, Chengkuan Chen, Drew FK 790
Williamson, Richard J Chen, Guillaume Jaume, Tong 791
Ding, Bowen Chen, Anurag Vaidya, Long Phi Le, 792
Ming Y Lu, and 1 others. 2025. Evidence-based 793
diagnostic reasoning with multi-agent copilot for hu- 794
man pathology. arXiv preprint arXiv:2506.20964. 795

Shunyu Yao, Jeffrey Zhao, Dian Yu, Nan Du, Izhak 796
Shafran, Karthik Narasimhan, and Yuan Cao. 2022. 797
React: Synergizing reasoning and acting in language 798
models. arXiv preprint arXiv:2210.03629. 799

Shun Zhou, Yanbo Jin, Jiaji Li, Jie Zhou, Linpeng Lu, 800
Kun Gui, Yanling Jin, Yingying Sun, Wanyuan Chen, 801
Qian Chen, and 1 others. 2025. Uncertainty-assisted 802
virtual immunohistochemical detection on morpho- 803
logical staining via semi-supervised learning. Optics 804
and Lasers in Engineering, 184:108657. 805

10



A Appendix806

A.1 Prompts807

A.1.1 NSCLC Classification808

Here is the prompt for the slide-level HE diagnosis809

in NSCLC classification.810

Slide-level HE Diagnosis (With confi-
dence for HE diagnosis)

Analyze the Regions of Interest (RoIs)
extracted from the same slide of
Non-Small Cell Lung Cancer (NSCLC).
Noting that tumor cells in Lung
Adenocarcinoma (LUAD) typically
presents with glandular or
acinar-like structures, while Lung
Squamous Cell Carcinoma (LUSC) tends
to form sheet-like or nest-like
arrangements of cells. Determine
which subtype the slide most likely
belongs to?

A.Lung Adenocarcinoma (LUAD).
B.Lung Squamous Cell Carcinoma (LUSC).

Answer with the option's letter from the
given choices directly.

<Answer>

Provide a confidence level for this
choice.

A. High confidence (very clear and
typical morphological features
strongly support this
classification, without any
ambiguity).

B. Medium confidence (some
subtype-related features are
present, but are incomplete, weak,
or not fully convincing).

C. Low confidence (morphological
features are insufficient or could
support multiple subtypes; HE alone
is not reliable).

Answer with the option's letter from the
given choices directly.

811

Here is the prompt for the patch-level HE diag-812

nosis in NSCLC classification.813

Slide-level HE Diagnosis (With confi-
dence for HE diagnosis)

Analyze the patch extracted from a slide
of Non-Small Cell Lung Cancer
(NSCLC). Noting that tumor cells in
Lung Adenocarcinoma (LUAD) typically
presents with glandular or
acinar-like structures, while Lung

814

Squamous Cell Carcinoma (LUSC) tends
to form sheet-like or nest-like
arrangements of cells. Determine
which subtype the patch most likely
belongs to?

A.Lung Adenocarcinoma (LUAD).
B.Lung Squamous Cell Carcinoma (LUSC).

Answer with the option's letter from the
given choices directly.

<Answer>

Provide a confidence level for this
choice.

A. High confidence (very clear and
typical morphological features
strongly support this
classification, without any
ambiguity).

B. Medium confidence (some
subtype-related features are
present, but are incomplete, weak,
or not fully convincing).

C. Low confidence (morphological
features are insufficient or could
support multiple subtypes; HE alone
is not reliable.)

Answer with the option's letter from the
given choices directly.

815

Here is the prompt for the TTF-1 IHC analysis 816

in NSCLC classification. 817

TTF-1 Analysis

You are an image analysis expert.
Analyze the provided virtual TTF-1
IHC staining patch. Determine which
subtype the slide most likely
belongs to?

A. TTF-1 positive: Presence of distinct
brown/dark-brown signals in the
tissue.

B. TTF-1 focal positive: Sparse or focal
brown signals, including isolated
small glands C. TTF-1 negative:
Absence of significant brown signals.

Answer with the option's letter from the
given choices directly.

818

Here is the prompt for the P40 IHC analysis in 819

NSCLC classification. 820

P40 Analysis

You are an image analysis expert.
Analyze the provided virtual P40 IHC

821
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staining patch. Determine which
subtype the slide most likely
belongs to?

A. P40 positive: Presence of distinct
brown/dark-brown signals in the
tissue.

B. P40 focal positive: Sparse or focal
brown signals

C. P40 negative: Absence of significant
brown signals.

Answer with the option's letter from the
given choices directly.

822

A.1.2 BRCA IDC/ILC Subtyping823

Here is the prompt for the slide-level HE diagnosis824

in BRCA subtyping.825

Slide-level HE Diagnosis (With confi-
dence for HE diagnosis)

Analyze the Regions of Interest (RoIs)
extracted from the same slide of
Breast Invasive Carcinoma. Noting
that Invasive Ductal Carcinoma (IDC)
typically shows cohesive, nest-like
or cluster-forming tumor cells,
while Invasive Lobular Carcinoma
(ILC) typically shows single-file,
linear or loosely discohesive tumor
cells. Determine which subtype the
slide most likely belongs to?

A.Invasive Ductal Carcinoma (IDC).
B.Invasive Lobular Carcinoma (ILC).

Answer with the option's letter from the
given choices directly.

<Answer>

Provide a confidence level for this
choice.

A. High confidence (very clear and
typical morphological features
strongly support this
classification, without any
ambiguity).

B. Medium confidence (some
subtype-related features are
present, but are incomplete, weak,
or not fully convincing).

C. Low confidence (morphological
features are insufficient or could
support multiple subtypes; HE alone
is not reliable).

Answer with the option's letter from the
given choices directly.

826

Here is the prompt for the patch-level HE diag-827

nosis in BRCA subtyping. 828

Patch-level HE Diagnosis (With confi-
dence for HE diagnosis)

Analyze the patch extracted from a slide
of Breast Invasive Carcinoma. Noting
that Invasive Ductal Carcinoma (IDC)
typically shows cohesive, nest-like
or cluster-forming tumor cells,
while Invasive Lobular Carcinoma
(ILC) typically shows single-file,
linear or loosely discohesive tumor
cells. Determine which subtype the
patch most likely belongs to?

A.Invasive Ductal Carcinoma (IDC).
B.Invasive Lobular Carcinoma (ILC).

Answer with the option's letter from the
given choices directly

<Answer>

Provide a confidence level for this
choice.

A. High confidence (very clear and
typical morphological features
strongly support this
classification, without any
ambiguity).

B. Medium confidence (some
subtype-related features are
present, but are incomplete, weak,
or not fully convincing).

C. Low confidence (morphological
features are insufficient or could
support multiple subtypes; HE alone
is not reliable).

Answer with the option's letter from the
given choices directly.

829

Here is the prompt for the E-cadherin analysis 830

E-cadherin Analysis

You are an image analysis expert.
Analyze the provided virtual
E-cadherin IHC staining patch.
Determine which subtype the slide
most likely belongs to?

A. E-cadherin positive: Presence of
distinct yellow, brown or dark-brown
signals in the tissue.

B. E-cadherin focal positive: Sparse or
focal brown/yellow signals.

C. E-cadherin negative: Absence of
significant yellow or brown signals.

Answer with the option's letter from the
given choices directly.

831
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A.2 Case Study832

Fig. 7 represents a case where the Cinit changes833

after Re-Conf, the initial HE diagnosis is wrong,834

and the virtual IHC corrects the HE diagnosis.835

Fig. 8 represents a case where the Cinit is un-836

changed after Re-Conf, and the initial HE diagnosis837

is correct.838

13



Figure 7: Case for Cinit changed. In Slide-level NSCLC classification, the Cinit is High confidence, and the Cre

changes to Medium confidence after Re-Conf.

Figure 8: Case for Cinit unchanged. In Slide-level NSCLC classification, the Cinit is High confidence, and the Cre

is still High confidence after Re-Conf.
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