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Abstract

Recent advances in VLMs have moved toward
agentic systems capable of invoking external
tools to refine reasoning process. Pathology
diagnosis naturally fits this paradigm, as mor-
phological patterns in HE images may require
additional immunophenotypic evidence for re-
liable decision-making. Recent virtual staining
methods enable the generation of virtual IHC
images from HE, creating a new opportunity for
tool-using agents in diagnosis. However, such
generated evidence may contain unreliable or
conflicting signals, which can interfere with
reasoning when directly incorporated. To ad-
dress this, we propose PathoTool, a tool-using
agent for reliability-aware pathology diagno-
sis. PathoTool performs morphology-based di-
agnosis from HE images while estimating the
confidence, and invokes a virtual staining tool
to generate IHC evidence. The HE confidence
is further updated through a Confidence Re-
evaluation tool conditioned on the generated
IHC, which determines whether virtual staining
influences the final decision. In addition, an Im-
munophenotype Conflict Filter is introduced to
suppress inconsistent or contradictory IHC sig-
nals, ensuring coherent reasoning. Experiments
on NSCLC and BRCA classification demon-
strate that PathoTool achieves a more balanced
and reliable performance improvement.

1 Introduction

Recent advances in vision-language models
(VLMs) are driving a shift from passive visual
recognition toward agentic systems that can ac-
tively invoke external tools to support decision-
making under uncertainty. Rather than relying
solely on single-step inference from fixed observa-
tions, such agents can iteratively acquire, transform,
and refine intermediate evidence through tool use,
enabling dynamic interaction between reasoning
and external operations. This paradigm is particu-
larly valuable in uncertain visual scenarios, where

relevant cues may be implicit, weakly expressed,
or insufficiently utilized during the initial reason-
ing process. By revisiting the same input through
tool-augmented transformations and auxiliary ev-
idence generation, tool-using agents can improve
their ability to surface latent patterns and revise
unreliable initial predictions.

Pathology diagnosis provides a representative
example of uncertainty-driven visual reasoning. As
the gold standard for cancer diagnosis (Bera et al.,
2019), in pathology workflow, hematoxylin and
eosin (HE) images serve as the primary source
of visual evidence for forming an initial diagnos-
tic hypothesis based on tissue morphology (Bel-
sare and Mushrif, 2012). However, morphological
cues alone are sometimes insufficient for reliable
decision-making due to inter-class similarity, tis-
sue heterogeneity, and ambiguous structural pat-
terns, which introduce substantial uncertainty (Ro-
nen et al., 2021). To address this limitation, im-
munohistochemistry (IHC) is commonly used as an
additional source of complementary signals to help
resolve these ambiguous scenarios. Accordingly,
pathology diagnosis can be viewed as an iterative
refinement process, where an initial morphology-
based hypothesis is progressively updated through
the acquisition and interpretation of additional evi-
dence under uncertainty.

With the development of virtual staining meth-
ods (Li et al., 2023; Klockner et al., 2025), recent
studies (Aggarwal et al., 2025; Zhou et al., 2025;
Fischer et al., 2026) have explored incorporating
virtual IHC as auxiliary evidence to support patho-
logical diagnosis in vision-based frameworks. This
introduces a natural setting for agentic multimodal
systems, where an agent can dynamically invoke a
generative tool to produce virtual IHC that ampli-
fies morphological cues in HE associated with spe-
cific immunophenotypic states, allowing the model
to revisit and emphasize diagnostically relevant
patterns that may be overlooked or underweighted



during the initial morphology-based inference.

However, the reliability of such tool-generated
signals is not always guaranteed (Kataria et al.,
2025), as the generation process may introduce ar-
tifacts or inconsistent expression patterns (Bai et al.,
2023; Huang et al., 2024), and erroneous outputs
may in turn mislead the reasoning process when
directly incorporated. Moreover, conflicts may
arise among multiple generated signals with mutu-
ally incompatible semantic interpretations, further
complicating decision-making under uncertainty.
Therefore, a key challenge in agentic visual rea-
soning lies not only in invoking external tools to
generate auxiliary evidence, but also in coordinat-
ing additional tool-based operations to assess the
reliability of generated signals, resolve semantic
conflicts, and determine how such evidence should
influence the final reasoning process.

Motivated by these observations, we propose
PathoTool, a tool-using agentic reasoning frame-
work for pathology diagnosis. In PathoTool, a
VLM first performs morphology-based diagnosis
from HE images while estimating the confidence of
the current prediction. To further refine uncertain
predictions, the agent can invoke a virtual stain-
ing tool to generate virtual IHC images, which are
subsequently interpreted by the VLM to extract
immunophenotypic evidence.

Inspired by the diagnostic behavior of patholo-
gists, who may reconsider their initial morpholog-
ical assessment when confronted with strong and
internally consistent IHC signals (De Matos et al.,
2010; Kohale et al., 2023), the agent will further
invoke a Confidence Re-evaluation (Re-Conf) tool
to revise the HE-based confidence according to the
generated IHC evidence. If the updated confidence
remains high, the final decision follows the original
HE prediction; otherwise, the prediction is revised
according to IHC-guided diagnostic rules.

In addition, different virtual IHC markers may
produce mutually incompatible immunophenotypic
interpretations, leading to unreliable reasoning sig-
nals. To address this issue, the agent can addition-
ally invoke an Immunophenotype Conflict Filter
(IC-Filter), which identifies and suppresses conflict-
ing virtual IHC evidence. We conduct systematic
experiments on both NSCLC and BRCA classifi-
cation under patch-level and slide-level settings.
Experimental results demonstrate that PathoTool
effectively balances morphological reasoning and
generated IHC evidence, reducing the adverse im-
pact of virtual staining errors while significantly

improving diagnostic reliability and decision con-
sistency in morphologically ambiguous cases.

Our contributions are summarized as follows: (1)
We propose PathoTool, an agentic reasoning frame-
work that invokes external tools for reliability-
aware pathology diagnosis. (2) We introduce Re-
Conf, an explicit confidence re-evaluation mecha-
nism that leverages immunophenotype consistency
to refine HE diagnostic confidence. (3) We propose
IC-Filter, a principled strategy for handling seman-
tic conflicts among virtual IHC predictions. (4)
Experiments on NSCLC and BRCA classification
demonstrate the advantages of PathoTool in terms
of reliability and interpretability.

2 Related Work

Virtual Staining Virtual staining techniques (Li
et al., 2023) enable the synthesis of virtual IHC
iamges from HE images, providing an intermedi-
ate view that augments morphology-based analysis.
Recent approaches (Chen et al., 2024; Liu et al.,
2025; Klockner et al., 2025) are primarily built
upon generative models for cross-modality image
translation, which have demonstrated promising
results in generating visually plausible IHC-like
signals. Recent studies (Aggarwal et al., 2025;
Zhou et al., 2025; Fischer et al., 2026) have fur-
ther explored leveraging such virtual IHC signals
in purely visual models to support downstream di-
agnostic modeling, including tumor subtype classi-
fication and cellular composition analysis. These
approaches demonstrate that virtual staining can
serve as a complementary representation that high-
lights immunophenotype-related cues that are not
explicitly encoded in raw HE morphology.

Pathology Agents Recent advances in large
multimodal models have led to the emergence
of pathology-oriented agents capable of reason-
ing over whole-slide images (WSIs). These
systems typically formulate pathology diagno-
sis as a sequential decision-making or naviga-
tion problem, where the model iteratively se-
lects regions of interest, aggregates information
across patches, and produces slide-level predic-
tions. PathChat+ (Weishaupt et al., 2025) intro-
duces a multi-agent copilot design, where multiple
specialized components collaborate to refine pathol-
ogy reasoning through structured evidence integra-
tion. CPathAgent (Sun et al., 2026) further devel-
ops agentic workflows for WSI analysis, enabling
iterative region selection and hierarchical aggrega-
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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 C};,;;. 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 C,.. and the virtual IHC evidence after IC-Filter.

tion of patch-level information. PathFinder (Ghe-
zloo et al., 2025) explores navigation-based rea-
soning over gigapixel histopathology images, em-
phasizing sequential exploration of discriminative
regions for slide-level diagnosis. However, exist-
ing approaches remain constrained to HE images
and primarily focus on spatial exploration rather
than invoking external tools to generate additional
evidence modalities. As a result, their reasoning
process is largely bounded by the information ex-
plicitly present in the input slide.

Tool-Using Agents Early work on tool-augmented
large language models showed that LLMs can
move beyond purely language-only reasoning by
invoking external tools during problem solving.
ReAct (Yao et al., 2022) enables LLMs to inter-
act with knowledge sources or task environments
while maintaining interpretable intermediate rea-
soning. Toolformer (Schick et al., 2023) trains
language models in a self-supervised manner to de-
cide when and how to call tools such as calculators,
search engines, QA systems, translation systems,
and calendars. ToolLLM (Qin et al., 2024) further
extendes this capability to open-domain ecosys-
tems encompassing thousands of real-world APIs.
More recently, the tool-using agent paradigm has
expanded from text-only reasoning to multi-modal
reasoning, where agents can jointly perceive visual
inputs, plan tool calls, and use external modules

for perception, search, code execution, or domain-
specific analysis (Wang et al., 2025; Gao et al.,
2025; Ashraf et al., 2025; Li et al., 2026). These
studies indicate a broader shift from using tools
merely as auxiliary text-based APIs toward treat-
ing tool usage as a general interface for agentic
multimodal reasoning.

3 Methods

PathoTool is a tool-using agentic reasoning frame-
work that reliably integrates virtual IHC into HE-
based diagnosis, enhancing diagnostic stability
while reducing the impact of staining artifacts.
PathoTool first establishes a HE-only diagnostic
baseline and estimates the initial confidence from
the HE morphology (Sec. 3.1). The agent then
invokes an IHC Generator tool to synthesize diag-
nostically relevant virtual IHC images, which are
subsequently analyzed. (Sec. 3.2). To ensure evi-
dence reliability, instead of treating virtual stains
as absolutely trustworthy, the agent further invokes
the Re-Conf (Sec. 3.3) and IC-Filter tools (Sec. 3.4).
These tools reassess the initial confidence in light
of the pre-analyzed IHC status and eliminate po-
tential conflicts within the virtual IHC information.
Finally, PathoTool fuses HE predictions with THC
analysis, guided by the re-evaluated confidence, to
produce the final diagnosis (Sec. 3.5).



Analyze the Rols 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).

[~ Please 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.)

You are an image analysis expert. Analyze the provided virtual <stain type>
staining patch. Determine which subtype the patch most likely belongs to?

A. <stain type> Stong positive: Presence of distinct brown/dark-brown signals.
B. <stain type> Regional positive: Sparse or focal brown signals.

C. <stain type> Negative: Absence of significant brown signals.

Figure 2: Prompts on NSCLC classification for the HE-based diagnosis (yellow), the initial HE confidence Cj, ;¢
(green) and the THC status Styc (blue), where <stain type> refers to the IHC related to diagnosis.

3.1 HE-only Diagnosis and Confidence

As HE images provide the fundamental morpho-
logical baseline for histopathological assessment,
our PathoTool begins with an HE-based diagno-
sis. The agent is applicable to both patch-level and
slide-level settings. For slide-level inputs, a High-
lighter module (Hua et al., 2025) is first applied
to localize representative diagnostic regions and
sample multiple patches. Given the input patch or
sampled slide regions, the agent generates an initial
morphological diagnostic conclusion alongside a
confidence assessment C;y,;; € {High, Mid, Low},
as prompted in Fig. 2. Considering the potential
uncertainty and error introduced by virtual staining,
this confidence assessment determines whether the
final decision relies on the initial HE prediction or
the analysis of generated IHC images.

3.2 IHC Generating and Analysis

IHC Generator. To augment morphological find-
ings, PathoTool invokes the IHC Generator tool to
virtual stain IHC images that correspond to specific
diagnostic immunophenotypes. For example, in
NSCLC classification, we virtual stain TTF-1 and
P40, where TTF-1 positivity typically supports
LUAD, and P40 positivity supports LUSC. Sim-
ilarly, in BRCA IDC/ILC subtyping, E-cadherin
is virtually stained, where E-cadherin negativity
typically supports ILC, whereas both normal glan-
dular tissues and IDC exhibit E-cadherin positivity.
These generated virtual IHC images serve to em-
phasize and amplify critical diagnostic signals that
might otherwise be overlooked in the primary HE
images. Simultaneously, the analysis of these gen-
erated IHC images also provides inputs for the con-
fidence re-evaluation (Re-Conf) and immunophe-
notype conflict filter (IC-Filter) module.
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Figure 3: Confidence Re-evaluation. To ensure relia-
bility, Re-Conf re-evaluates the HE-based diagnostic
confidence C;,;; according to the virtual [HC evidence.

Generated IHC Analysis. PathoTool employs
the same VLM for HE analysis to interpret the
generated IHC. As illustrated in Fig. 1, the VLM
evaluates each virtual IHC patch to assign an ex-
pression status Stzc € {Strong Positive, Regional
or Weak Positive, Negative}. Taking NSCLC clas-
sification as an example, as prompted in Fig. 2,
Strong Positive indicates the presence of distinct
brown signals, Regional Positive means sparse or
focal brown signals, while Negative indicates the
absence of significant brown signals.

3.3 Confidence Re-evaluation

In routine diagnostic practice, strong and internally
consistent IHC evidence may occasionally alter a
pathologist’s confidence in the initial morphology-
based diagnosis. Motivated by this observation,
PathoTool introduces a Re-Conf tool that reassesses
the HE-based diagnostic confidence Cj,;; using
evidence derived from generated IHC images.
Specifically, as illustrated in Fig. 3, when two se-
mantically complementary IHC markers are avail-
able (e.g., TTF-1 and P40), virtual IHC evidence
for patch-level inputs is considered strong and inter-
nally consistent only when one of the two markers
is predicted as Strong Positive while the other is



Negative. In such cases, if the diagnostic implica-
tion of the virtual IHC contradicts the HE-based
prediction and the Cj,;; is High, Re-Conf down-
grades the re-evaluated confidence C.. to Mid. Oth-
erwise, Cjpi: Will be preserved. For slide-level in-
puts comprising a set of patches P, Re-Conf is
triggered by PathoTool only if the markers IHC1
and IHC2 satisfy both Eq. (1) and Eq. (2):

Jp € P, Sfjjc; = Strong Positive (D
Vp € P, Shyce = Negative. )

As for the single-marker scenario, the activation
criterion of Re-Conf depends on the specific dis-
criminative property of the marker. If the positive
status is discriminative, Re-Conf is triggered when
Eq. (1) is satisfied. Conversely, for markers where
negative expression is discriminative, Re-Conf is
triggered when Eq. (2) is satisfied.

By confidence re-evaluation based on IHC sta-
tus, Re-Conf balances morphological reasoning
and virtual IHC evidence. It prevents unreliable
virtual staining from unnecessarily perturbing high-
confidence HE-based decisions, while also miti-
gating excessive confidence in erroneous HE pre-
dictions by highlighting diagnostically salient IHC
cues amplified through virtual IHC generation.

3.4 Immunophenotype Conflict Filter

After the invocation of the IHC Generator by Patho-
Tool, when multiple IHC markers are involved, the
pathology VLM in our agent predicts the expres-
sion status for each IHC marker. However, different
IHC markers may encode mutually exclusive di-
agnostic semantics (e.g., TTF-1 positive supports
LUAD, P40 positive supports LUSC). Due to noise
or instability introduced by the IHC Generator tool,
the model may simultaneously predict multiple se-
mantically incompatible markers as positive on the
same patch. Such cases should be regarded as im-
munophenotype conflicts and cannot be directly
treated as reliable diagnostic evidence.

To address this issue, our PathoTool invokes the
Immunophenotype Conflict Filter (IC-Filter) tool
to handle conflicting IHC status during reasoning
over generated IHC. Within IC-Filter, both Strong
Positive and Regional Positive are treated as pos-
itive. For each patch, if the predicted IHC result
conflicts (e.g., TTF-1 regional positive and P40
strong positive, as illustrated in Fig. 4) , the virtual
IHC evidence of that patch is considered to contain
intra-patch conflicts and is therefore excluded from
subsequent decision making.

THC Status

[l Strong positive
[[] Regional positive
[[] Negative

\ Inter-patch Conflict

(after intra-patch)
IM Intra-patch Conflict
} (search on each patch)

IC-Filter

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-
ally arise across different patches sampled from the
same slide. IC-Filter is first applied independently
at the patch level to remove patches with internal
IHC conflicts. Among the remaining patches, if one
patch exhibits TTF-1 positivity while another ex-
hibits P40 positivity, the slide-level IHC evidence
is regarded as contradictory and unreliable, which
is called inter-patch conflicts. In this case, the fi-
nal diagnosis directly follows the HE-based pre-
diction. Notably, inter-patch conflict detection is
performed after excluding patches with intra-patch
conflicts. And for the single-marker scenario, IC-
Filter directly returns the IHC predictions without
conflict checking. The IC-Filter ensures that the
IHC conclusion for each input is either identified
as unreliable or is both self-consistent and unique.

3.5 Final Decision Making

After invoking the IHC generator, Re-Conf, and
IC-Filter, PathoTool integrates HE conclusion and
virtual IHC evidence to produce the final diagno-
sis. If the re-evaluated HE-based confidence C'..
remains High, the model considers the morpholog-
ical evidence to be sufficiently stable and directly
adopts the initial HE prediction, avoiding the po-
tential staining artifacts.

When the re-evaluated confidence C,. is Mid
or Low, virtual IHC is introduced as auxiliary evi-
dence. After applying IC-Filter to remove all con-
flicts, the remaining virtual IHC outcomes fall into
only two cases: (1) virtual IHC supports a single,
non-conflicting diagnostic conclusion. In such case,
the final decision follows the IHC-driven conclu-
sion; (2) all relevant markers are negative, provid-
ing no discriminative conclusion. The model then
falls back to the HE-based prediction.



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.

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 RecallLuap  Recallpusc Setting bACC Recallipc  Recallic
HE only  80.3 79.1 81.4 HE only 58.8 96.9 20.7
+TTF-1  80.6 (10.3) 84.2 (15.1) 77.0 (14.4) + E-cadherin ~ 70.8 (112.00 91.1 (45.8)  50.5 (129.8)
+ P40 80.4 (10.1)  75.5 (13.6) 85.4 (14.0)

+ both 82.7 124) 81.3 (122) 84.2 (12.8)

4 Experiments and Results

Datasets. For slide-level tasks, we conduct ex-
periments on two cohorts from the public TCGA
database: TCGA-NSCLC (507 LUAD, 512 LUSC
slides) and TCGA-BRCA (802 IDC, 198 ILC
slides). For patch-level tasks, we construct datasets
from pathologist-annotated tumor regions. For
NSCLC, a senior pathologist delineate coarse tu-
mor regions on 25 LUAD and 25 LUSC slides from
TCGA. We extract raw patches from these regions
and employ the same VLM used in experiments
to distinguish tumor from non-tumor patches, thus
filtering out non-tumor components. This process
yield a balanced test set comprising 10472 tumor
patches, with 5237 LUAD and 5235 LUSC. Follow-
ing the same protocol, we construct an IDC/ILC
patch-level test set from 13 IDC and 5 ILC slides in
TCGA-BRCA, obtaining 5039 patches, including
3589 IDC and 1450 ILC patches.

Implementation Detail We utilize the VLM back-
bone from (Hua et al., 2025), which is fine-tuned
on Qwen2.5-VL-7B-Instruct (Bai et al., 2025). For
slide-level analysis, we sample N = 5 representa-
tive diagnostic patches for each slide at 10x mag-
nification with a size of 512 x 512, balancing tissue
architecture with cytological detail. We train Pyra-
midPix2pix models (Liu et al., 2022) to generate
virtual IHC images. For NSCLC classification, the
training datasets are constructed from 18 NSCLC
slides with paired TTF-1 and P40 stains. For BRCA
subtyping, the training cohort included 10 IDC and
4 ILC slides with the E-cadherin staining. All train-
ing datasets are collected from the Hospital X.

4.1 Slide-level Classification

NSCLC classification The slide-level quantitative
results on NSCLC classification are summarized
in Table 1. When introducing a single virtual IHC
marker, the model exhibits a clear class-biased ef-
fect that is consistent with the diagnostic semantics
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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-
1, where TTF-1 positivity indicates LUAD, leads
to a notable increase in Recallyyap, accompanied
by a decrease in Recalljygc. Conversely, using
P40 alone, where P40 positivity indicates LUSC,
slightly improves Recallysc while marginally re-
ducing Recallpyap. These observations suggest
that a single virtual IHC marker tends to rein-
force the decision toward its corresponding sub-
type, shifting the recall balance between classes.
Nevertheless, both settings yield improvements in
bACC over the HE-only baseline, indicating that
invoking tools to incorporate virtual IHC evidence
can still enhance overall discriminability despite
the class-specific trade-offs.

When both TTF-1 and P40 are jointly incorpo-
rated under the PathoTool framework, the model
achieves the best overall performance, with a 2.4%
improvement in bACC over the HE only baseline.
Importantly, although the “HE + both” configu-
ration does not yield the maximum single-class
Recall growth due to the mechanistic adaptation
of tools like Re-Conf and IC-Filter when handling
multiple virtual IHC stains, consistent gains are
observed across both Recall;,yap and Recallpysc.
This result indicates that invoking tools on multi
IHC markers provides complementary IHC evi-
dence, while the Re-Conf and IC-Filter tools ef-
fectively mitigate marker-specific biases, enabling
more balanced and reliable decisions in morpho-



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.

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 Recallpuap Recallyusc Setting bACC Recalllpc  Recallic
HE only 76.3 75.2 77.4 HE only 54.7 95.4 14.1
+TTF-1  78.3 (12.00 82.7 (17.5) 73.9 (13.5) + E-cadherin  76.1 (121.4)  76.5 (118.9)  75.7 (161.6)
+ P40 78.4 (t2.1)  72.9 (12.3) 84.0 (16.6)

+ both 80.8 (14.5)  78.1 (12.9) 83.6 (16.2)

logically ambiguous cases.

Concurrently, as illustrated in Fig. 5, we evaluate
the diagnostic performance using only the virtual
IHC without HE (“IHC only”), and compare it
against the “HE only” baseline as well as the full
PathoTool (“HE + both”) configuration. This com-
parison serves to reflect the synthesis quality of
the IHC Generator and the individual utility of vir-
tual IHC. In the NSCLC classification, “HE + both”
achieves the highest bACC, whereas the “IHC only”
underperforms compared to “HE only”. This sug-
gests that while the IHC Generator broadly cap-
tures and synthesizes correct IHC expressions for
those HE images where prominent diagnostic sig-
nals are clearly presented, it inevitably introduces
generative artifacts and staining noise. Crucially,
by jointly deploying the IHC Generator, Re-Conf,
and IC-Filter, PathoTool effectively rectifies the er-
ror introduced by virtual IHC, ultimately yielding
more robust and reliable diagnostic outcomes.

BRCA Subtyping To further validate the general-
izability of PathoTool, we evaluate it on the chal-
lenging BRCA IDC/ILC subtyping task. Clinically,
the vast majority of invasive breast cancers are clas-
sified as IDC, and pathologists frequently misdi-
agnose ILC as IDC due to deceptive morpholog-
ical overlaps. To address this, PathoTool invokes
virtual staining for E-cadherin. Distinct from the
NSCLC scenario, E-cadherin serves as a negatively
discriminative marker, where both normal glands
and IDC exhibit strong E-cadherin positivity, while
E-cadherin negativity uniquely points to ILC.

In Table 2, incorporating E-cadherin leads to a
minor decrease in Recallipg, but drives a monu-
mental surge in Recallyrc from 20.7% to 50.5%.
Concurrently, this targeted enhancement yields a
substantial 12.0% substantial improvement in over-
all bACC over the HE-only baseline.

Furthermore, as illustrated in Fig. 5, the bACC
scales progressively across the “HE only”, “E-
cadherin only”, and “HE + both” configurations.
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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
that in challenging scenarios like BRCA subtyping,
the IHC Generator can successfully unearth criti-
cal diagnostic cues that are easily overlooked dur-
ing routine HE interpretation; moreover, PathoTool
achieves a subsequent leap in reliability through its
complementary tool-invocation mechanism.

4.2 Patch-level Classification

NSCLC classification Patch-level results on
NSCLC classification are summarized in Table 3.
Similar to the slide-level classification, When vir-
tual TTF-1 and P40 are jointly integrated into
the PathoTool framework, all evaluation metrics
show consistent improvements, yielding the best
bACC. This improvement further benefits from the
application of the Re-Conf and IC-Filter mecha-
nisms when multiple IHC markers are incorpo-
rated. These results further indicate that, at the
patch level, multi-marker virtual IHC also provides
complementary constraints and thereby improving
overall diagnostic reliability.

BRCA Subtyping At the patch level, invoking
tools on E-cadherin within PathoTool yields an
even more pronounced performance leap than at the
slide level, driving a 61.6% surge in Recally ¢ and
a 21.4% increase in bACC. On one hand, this sharp
contrast confirms the overall efficacy of PathoTool;
on the other hand, it highlights that compared to



Table 5: Ablation study on the magnification, the presence of C;,,;+, 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 RecallLuap  Recallpuse  PrecLuap  Precprusc
X X v 78.9 (11.4) 75.5 (13.6) 82.2 (10.8) 80.8 (0.0) 77.3 (12.4)

10x v X v 81.1 (10.8) 81.9 (12.8) 80.3 (L1.1) 80.4 (10.4)  81.7 (12.0)

Slide v v X 82.1 (11.8) 79.9 (10.8) 84.4 (13.0) 83.5 127  80.9(11.2)
v v v 82.7 (12.4) 81.3 (12.2) 84.2 (12.8) 83.6 (12.8) 81.9 (12.2)

X X v 78.3 (L1.1) 74.6 (11.3) 82.0 (10.8) 80.4 (11.0)  76.5(1.2)

20 % v X v 80.6 (11.2) 80.9 (15.0) 80.3 (12.5) 80.2 (12  80.9 (13.2)

v v X 80.7 (11.3) 76.9 (11.0) 84.4 (11.6) 83.0 (11.6)  78.7 (11.0)

v v v 81.4 (12.0) 79.5 (13.6) 83.4 (10.6) 82.6 (t12)  80.4 (12.7)

X X v 80.7 (14.4) 74.2 (11.0) 87.2 (19.8) 85.3 (184) 77.2(11.5)

10x v X v 79.0 (12.7) 80.2 (15.0) 77.8 (10.4) 78.3 (11.4)  79.7 (14.0)

Patch v v X 80.7 (14.4) 78.1 (12.9) 83.3 (15.9) 82.4 (155  79.1 (13.4)
v v v 80.8 (14.5) 78.1 (12.9) 83.6 (16.2) 82.7 15.8)  79.2 (13.5)

X X v 80.2 (14.2) 72.0 (10.2) 88.3 (18.0) 86.9 (17.3)  74.6 (12.0)

20 v X v 78.8 (12.8) 77.4 (15.6) 80.2 (J0.1) 80.8 (112)  76.8 (14.2)

v v X 80.2 (14.2) 75.4 (13.6) 85.0 (14.7) 84.3 (147)  76.3 (13.7)

v v v 80.3 (14.3) 75.4 (13.6) 85.2 (14.9) 84.6 (15.00  76.4 (13.8)

the information-rich slide-level setting, the baseline
model heavily struggles to rely solely on HE mor-
phology for patch-level diagnosis, which is further
confirmed by Fig. 6.

4.3 Ablation Study

Table 5 presents ablation studies on the magnifica-
tion, initial confidence C;;,;;, Re-Conf and IC-Filter
for NSCLC classification. In all configurations, the
VLM thinks with both virtual TTF-1 and P40.

For both 10x and 20 x magnification, introduc-
ing virtual THC leads to consistent performance
gains over the HE-only baseline, indicating that
PathoTool is insensitive to input scales and exhibits
good robustness and generalization.

At the slide level, omitting Cj,;+ (all samples
are treated as low-confidence and virtual IHC is
always incorporated, with Re-Conf naturally dis-
abled) causes performance to drop below the HE-
only baseline. Conversely, at the patch level, re-
moving Cjn;: still yields substantial bACC gains.
This divergence occurs because HE-based predic-
tions at the patch level are far less stable than
their slide-level counterparts, allowing the virtual
IHC introduced by PathoTool to provide higher
marginal returns. In contrast, slide-level HE de-
cisions are relatively reliable, and the indiscrimi-
nate incorporation of virtual IHC may inadvertently
override correct HE-based judgments due to gener-
ative staining noise or artifacts.

When we remove IC-Filter, where the IHC con-
clusion is determined by the count of positive

patches for each marker, the bACC is lower than
the PathoTool. This drop highlights the pivotal role
of IC-Filter in eliminating IHC contradictions and
enhancing evidence reliability. Concurrently, the
bACC under this setting still outperforms the HE-
only baseline, demonstrating the efficacy of Cjy;
and Re-Conf working as a whole.

As for the usage of Re-Conf tool, by integrating
Cinit and IC-Filter. it yields the optimal bACC by
dynamically adjusting confidence in a reliability-
aware manner. With Re-Conf primarily rectifying
over-confident HE predictions and IC-Filter elim-
inating contradictions among virtual IHC stains,
our PathoTool achieves significant and more stable
improvements on both LUAD and LUSC.

5 Conclusion

In this work, we present PathoTool, a tool-using
agent for reliability-aware pathology diagnosis.
PathoTool enables a VLM to invoke external tools
during diagnostic reasoning, including an IHC
Generator for virtual staining, a Confidence Re-
evaluation for adaptive decision adjustment, and
an Immunophenotype Conflict Filter for resolving
inconsistent IHC signals. Through explicit coordi-
nation between morphology-based reasoning and
tool-derived evidence, PathoTool allows generated
virtual IHC signals to be incorporated in a con-
trolled and reliable manner. Experiments on both
NSCLC and BRCA classification demonstrate that
PathoTool consistently improves diagnostic relia-
bility under both patch and slide level settings.



Limitations

Although PathoTool improves the reliability of
VLM-based pathology diagnosis through tool invo-
cation, several limitations still remain.

First, virtual IHC generation inevitably intro-
duces noise, artifacts, and inaccurate immunophe-
notypic signals, which may still mislead down-
stream reasoning. To mitigate this issue, Patho-
Tool selectively incorporates generated evidence
through the interaction between the initial confi-
dence Cjy;: and the Re-Conf mechanism, allowing
the system to reassess and regulate the influence
of virtual IHC on the final decision. In addition,
IC-Filter further improves reliability by identifying
and suppressing explicit conflicts among generated
IHC signals. Nevertheless, the overall framework
still depends on the quality and stability of the vir-
tual staining module.

Second, the current IC-Filter tool is primarily de-
signed for scenarios involving two or more diagnos-
tically different IHC markers, which is a prevalent
clinical reality. Although our experiments demon-
strate that PathoTool remains effective in single-
marker settings, particularly for challenging BRCA
IDC/ILC subtyping where morphology-only diag-
nosis is difficult, the conflict-filtering capability is
sometimes limited.

Finally, the current framework focuses on pathol-
ogy classification tasks. Extending the tool-using
reasoning paradigm to broader pathology scenarios
with additional external tools, and more complex
clinical workflows remains an important direction
for future work.

Ethical Consideration

This work is intended solely for research purposes
and is not designed for direct clinical deployment
or autonomous medical decision-making. All ex-
periments in this study are retrospective and con-
ducted offline without involvement in real-time pa-
tient diagnosis or treatment workflows. For training
the virtual staining module, private pathology data
were collected under institutional regulations and
fully de-identified prior to use, with all personally
identifiable information removed to protect patient
privacy. No human subjects were contacted or inter-
vened in this study, and all evaluation experiments
were conducted exclusively on publicly available
datasets. The proposed system is intended to as-
sist diagnostic reasoning rather than replace profes-
sional pathologists, and any clinical interpretation

or decision should remain under the supervision of
qualified medical experts.
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A Appendix

A.1 Prompts

A.1.1 NSCLC Classification

Here is the prompt for the slide-level HE diagnosis
in NSCLC classification.

Slide-level HE Diagnosis (With confi-

dence for HE diagnosis)

Analyze the Regions of Interest (Rols)
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.

Here is the prompt for the patch-level HE diag-
nosis in NSCLC classification.

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
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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.

Here is the prompt for the TTF-1 IHC analysis
in NSCLC classification.

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.

Here is the prompt for the P40 IHC analysis in
NSCLC classification.

P40 Analysis

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




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.

A.1.2 BRCA IDC/ILC Subtyping

Here is the prompt for the slide-level HE diagnosis
in BRCA subtyping.

Slide-level HE Diagnosis (With confi-

dence for HE diagnosis)

Analyze the Regions of Interest (Rols)
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.

Here is the prompt for the patch-level HE diag-
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nosis in BRCA subtyping.

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.

Here is the prompt for the E-cadherin analysis

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.




A.2 Case Study

Fig. 7 represents a case where the Cj,;; changes
after Re-Conf, the initial HE diagnosis is wrong,
and the virtual IHC corrects the HE diagnosis.
Fig. 8 represents a case where the Cj,;; is un-
changed after Re-Conf, and the initial HE diagnosis
is correct.
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Input HE Slides
Gt: LUSC

Sampled patch Virtual TTF-1 Virtual P40

Re-Conf C,.. =Mid
Consider THC
No conflict in IC-Filter

Final diagnosis: LUSC

He pred: LUAD TTF-1 pred P40 pred
Cinie = High

Figure 7: Case for C;,;; changed. In Slide-level NSCLC classification, the C;,,;; is High confidence, and the C'..
changes to Medium confidence after Re-Conf.

Input HE Slides . .
Gt: LUAD Sampled patch Virtual TTF-1 Virtual P40
A C
A B
Re-Conf C,. =High
Keep HE prediction
B A p HE D
Final diagnosis: LUAD
A C
C C
He pred: LUAD TTF-1 pred P40 pred
Cinie = High

Figure 8: Case for C;,;; unchanged. In Slide-level NSCLC classification, the C;,,;+ is High confidence, and the C'..
is still High confidence after Re-Conf.
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