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Abstract

Large language models have achieved strong
performance on medical reasoning benchmarks,
yet their deployment in clinical settings de-
mands rigorous verification to ensure factual
accuracy. While reward models offer a scal-
able approach for reasoning trace verification,
existing methods face two limitations: they pro-
duce only scalar reward values without explicit
justification, and they rely on single-pass re-
trieval that precludes adaptive knowledge ac-
cess as verification unfolds. We introduce
Med-TIV, an agentic framework that addresses
these limitations by training medical reward
models to iteratively query external medical
evidence during evaluation. Our approach com-
bines tool-augmented verification with an it-
erative reinforcement learning paradigm that
requires only trace-level supervision, alongside
an adaptive curriculum mechanism that dynam-
ically adjusts training data distribution. Across
four medical reasoning benchmarks, Med-TIV
achieves substantial gains over existing meth-
ods, improving MedQA accuracy by 23.5% and
MedXpertQA by 32.0% relative to the base
generator. Crucially, Med-TIV demonstrates an
8 X reduction in sampling budget compared to
prior reward model baselines. These findings
establish that agentic medical reward modeling
offers a principled path toward more reliable
medical reasoning systems.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable capabilities in medical reason-
ing, achieving competitive performance on medical
knowledge benchmarks (Ji et al., 2025; Xiao et al.,
2026; Song et al., 2026). Beyond static question
answering, recent work has increasingly explored
LLM-based medical agents that interact with clini-
cal environments through tool use, multi-turn dia-
logue, and sequential decision-making (Schmidgall

Corresponding  authors:

shan.wang @pitt.edu

haz269@pitt.edu, yan-

Ototoxicity is common with
taxanes which
hyperstabilize
microtubules...

Answer: Hyperstabilization
of microtubules

67-year-old man with
bladder cancer presents
with tinnitus after
chemotherapy. Which
mechanism caused this?

®)

()
>
Q The trace incorrectly
= attributes ototoxicity to
,Sigﬂ <search> Cisplatin
) cisplatin causes

taxanes. Cisplatin is 0
standard for bladder
bladder cancer  ototoxicity via

21 cancer.
preloxety G- Judgment: Incorrect X
</search> linking...

Text-based Verification

The reasoning correctly identifies taxanes as ototoxic. Q
Judgment: Correct v

Tool-integrated Verification

Figure 1: Comparison of medical reasoning verifica-
tion paradigms. Text-based judges rely on parametric
knowledge and may validate erroneous reasoning, while
tool-integrated judges dynamically retrieve evidence to
ground their judgments.

et al., 2024). As these systems advance toward
autonomous clinical deployment, ensuring that
each intermediate reasoning step is factually accu-
rate and logically sound becomes a critical bottle-
neck (Zhang et al., 2026; Wang et al., 2025, 2026b).
Reward-based judges offer a scalable approach to
this challenge, supporting both agentic reinforce-
ment learning and inference-time scaling through
search (Snell et al., 2024). These judges range
from Outcome Reward Models (ORMs) providing
trace-level supervision to Process Reward Mod-
els (PRMs) offering step-level feedback, and more
recently to generative judges that produce natural-
language critiques (Liu et al., 2025c¢; Xiong et al.,
2025).

Despite their effectiveness, reward-based judges
exhibit fundamental limitations when applied to
clinical reasoning tasks (Yun et al., 2025). A pri-
mary concern is the prevalence of hallucinations in
critique traces, where judge models generate plau-
sible yet factually incorrect assessments (Figure
1). This issue is particularly noticeable in the med-
ical domain, where reliable verification demands
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grounding in authoritative clinical evidence and
established medical knowledge. Unverified judg-
ments could lead to the propagation of incorrect
diagnostic or treatment recommendations. Existing
medical reasoning verifiers typically provide only
scalar reward signals, offering little or no justifi-
cation for their judgments and thus limiting inter-
pretability (Jiang et al., 2025b). Furthermore, these
methods often rely on a static Retrieval-Augmented
Generation (RAG) pipeline, in which a fixed set
of retrieved documents is prefixed to the context
and remains unchanged throughout evaluation (Yun
et al., 2025). Such static design precludes adap-
tive, multi-turn evidence gathering and forces the
verifier to a fixed retrieval budget, thus limiting
scalability (Wang et al., 2026a).

To address these issues, we propose Med-TIV
(Medical Tool-Integrated reasoning Verifier), an
agentic reinforcement learning framework that
trains LLM-based verifiers to actively retrieve ex-
ternal medical evidence when judging reasoning
traces!. Med-TIV combines three key components:
a tool-augmented verification paradigm for dy-
namic, multi-turn evidence retrieval; an iterative
RL training procedure that improves verification ca-
pability using only trace-level supervision; and an
adaptive curriculum strategy that matches training
difficulty to the verifier’s evolving competence. Un-
like static RAG pipelines that condition the model
on a fixed set of retrieved documents, Med-TIV
allows evidence gathering to unfold adaptively dur-
ing verification, grounding judgments in external
medical knowledge and improving both factual re-
liability and interpretability (Ji et al., 2026; Xia
et al., 2025). More broadly, Med-TIV provides a
tool-grounded reward model for medical reason-
ing agents. As medical Al systems move from
static question answering toward autonomous agen-
tic workflows, such reliable and interpretable re-
ward signals become a key component of the train-
ing environment (Jiang et al., 2026b). In this
sense, Med-TIV offers an early instantiation of an
agent-for-agent paradigm, where an agentic veri-
fier serves as the reward backbone for training and
guiding downstream medical agents.

To verify the effectiveness of Med-TIV, we con-
duct extensive experiments on common medical
reasoning benchmarks. Our results demonstrate
that Med-T1IV trains strong medical verifiers: when

!Code is available at https://github.com/PittNAIL/
med-tiv

guiding inference-time search for a 7B generator

model, our trained verifier achieves relative im-

provements of 23.5% on MedQA and 32.0% on

MedXpertQA compared to the generator model

alone. Moreover, Med-TIV consistently outper-

forms existing medical reward model baselines and
surpasses the performance of models that are up to
4x larger in scale. Notably, Med-TIV also demon-
strates an 8 x gain in sampling efficiency compared
to prior reward-based approaches, achieving equiv-
alent accuracy with substantially fewer sampled
reasoning traces during test-time search.

Our main contributions are as follows:

* We propose Med-TIV, a framework that reframes
medical reward models from passive scorers into
evidence-seeking verifiers that actively retrieve
medical knowledge, critique candidate reasoning
traces, and produce grounded correctness judg-
ments.

* We introduce an iterative RL paradigm with
curriculum-based difficulty adaptation that pro-
gressively improves verification capabilities
through self-bootstrapping, requiring only trace-
level supervision rather than dense step-level ex-
pert annotations.

* We empirically characterize how agentic medi-
cal verifiers improve inference-time reasoning,
showing that Med-TIV transfers across generator
models, consistently benefits verifier-guided self-
consistency, and changes the sampling-efficiency
trade-off by matching prior reward-model perfor-
mance with substantially fewer sampled traces.

2 Preliminaries

2.1 Problem Setup

We define medical reasoning verification as the task
of assessing the correctness of a multi-step reason-
ing trace generated in response to a medical ques-
tion. Formally, given a medical question ¢ € Q and
a multi-step reasoning trace 7 = (s1, S2, ..., Sm)
from a generator model, where s; denotes the i-th
reasoning step, a verifier model determines whether
T contains any errors. We formulate this problem
as binary classification, where the verifier Vy(q, 7)
produces a judgment ¢ € {0,1}, where ¢/ = 1 in-
dicates an error-free reasoning trace, and ¢ = 0
indicates the presence of one or more errors. Un-
like scalar reward models that output continuous
scores, we adopt a generative judge paradigm in
which the verifier produces a discrete judgment ac-
companied by a detailed critique trace that provides
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a structured justification for the decision.

2.2 Tool-Augmented Reasoning Verifier

Following prior works (Jin et al., 2025), we extend
the verifier with access to an external search engine
£ that retrieves top-k documents from a curated
medical corpus (See §A.2 for details). Retrieved
documents are appended verbatim to the verifier
context. Given a verification instance (g, 7), the
verifier constructs an iterative verification trajec-
tory. At step k, the trajectory is represented as:

ty = {r1,a1,01,...,7%, ax, 0},

where 7; denotes a natural language reasoning step
analyzing the medical content, a; is a search query
formulated to retrieve relevant medical knowledge,
and o; = £(a;) represents the retrieved documents.
The iterative verification process is defined as:

(Tkiv ak’) ~ %(Q7 T, tk—l)a

O = g(ak’)v
ty =tk—1 1 D ag D oy,

where @& denotes sequence concatenation. This
process continues until the verifier produces a fi-
nal judgment ¢ ~ Vy(q, 7, t7) at the terminal step
T. By allowing multiple tool executions, the ver-
ifier dynamically retrieves medical knowledge as
needed to verify specific claims in the reasoning
trace. Table 4 in §A.4 shows the explicit instruction
used in our experiments.

2.3 Test-Time Search

Test-time search strategies improve reasoning per-
formance by leveraging reward models to evaluate
and select among multiple candidate solutions (Shi
et al., 2024). Given a frozen generator model gep
and a question ¢, we first sample N independent
reasoning traces:

{T(j)}j’vzl ~ Wgen(' | Q)-

A trained verifier Vj then scores each candidate
trace, and the final output is selected based on these
scores. Common selection strategies include Best-
of-N sampling, which selects the trace with the
highest score:

7 = argmax Vy(q, T(j)),
7(3)

and verification-based majority voting, where can-
didate traces are first filtered by the verifier and

the final answer is determined by consensus among
verified traces. Med-TIV trains such a plug-in ver-
ifier that provides tool-grounded assessments that
can be used to augment decision-making for any
frozen generator model at inference time.

3 Tool-Integrated Medical Reasoning
Verifier

Med-TIV is an agentic verification framework that
trains models to leverage external knowledge bases
for verifying whether a given medical reasoning
trace contains errors. We adopt an iterative training
approach based on dynamic curriculum learning,
which requires no fine-grained step-level expert su-
pervision and trains solely through multiple rounds
of reinforcement learning (Figure 2). We next de-
scribe the training procedure of Med-TIV in detail.

3.1 Tool-Integrated RL with Verifiable
Rewards

Data Construction. All training data across iter-
ations is derived from the open-source Med-PRM
dataset®. Each original instance consists of a tuple
(¢, T, Lsiep, Lirace ), Where ¢ is a medical question, 7
is a multi-step reasoning trace, £, denotes step-
level labels, and #;.cc is a trace-level correctness
label.

At each training iteration, we only utilize the
triplet (g, 7, fyrace) With human-annotated trace-
level labels. Step-level labels (., are intention-
ally excluded, as Med-TIV is designed to improve
verification performance without relying on fine-
grained supervision. For each training iteration, we
fix the training data budget to 20K instances and
enforce a balanced label distribution between cor-
rect ({race = 1) and incorrect (€ = 0) reasoning
traces.

Algorithm. We employ Dr. GRPO (Liu et al.,
2025b) as the RL algorithm for training the veri-
fier. Given a verification instance (g;, 7;), we sam-
ple a group of G verification trajectories {o;}%

from the current policy my. Each trajectory o; =
(o},..., OLO”) consists of reasoning tokens, search
queries, retrieved documents, and a final judgment.
The objective is:

[o;]
Z {min [rfflﬁ, clip (rf, 1—e,1+4+ eh) Af] } ,
i=1 t=1
(H

Ql=

"Dataset is available at
huggingface.co/datasets/dmis-1lab/1lama-3.
1-medprm-reward-training-set

https://
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Figure 2: Overview of Med-TIV. Left: Tool-integrated verification iteratively analyzes reasoning traces, formulates
search queries, and retrieves medical evidence before producing correctness judgments. Middle: Curriculum
formulation filters trivial and impossible instances, retaining boundary cases for RL training. Right: At inference
time, the verifier evaluates candidate medical reasoning traces generated by a frozen model and final answers are

selected via weighted self-consistency.

i <t
t = %, q = (q,7) denotes the
input prompt containing the question and reasoning
trace, oft represents previously generated tokens,
and ¢ and ¢, are the clipping parameters. The

advantage term A’ is defined as:

where r

At = R(q,0;)—mean ({R(q,01),...,R(q,00)}).

Reward Designs. To facilitate multi-turn RL
with tool execution, we design a structured reward
R = R. x Ry that combines a correctness reward
R, which measures alignment between the veri-
fier’s judgment and the ground-truth label, and a
format reward Ry, which enforces adherence to
the structured output format. The detailed reward
formulation is provided in §A.5.

3.2 Training Strategies

Adaptive Curriculum Formulation. A central
challenge in RL for verification is ensuring that
training data remains appropriately calibrated to
the evolving capability of the model. Instances that
are either trivially easy or impossibly difficult yield
minimal learning signal, as the resulting policy
gradients approach zero. To address this issue, we
adopt a model-aware curriculum formulation mech-
anism that dynamically adapts the task distribution
at each training iteration.

Concretely, before each iteration ¢, we perform
online filtering on the sampled batch B; to construct
an effective training set D;:

Dy = {(%T,ﬁ) eB : 39,4 €{1,...,G}
S.t. T(g) %r(g/)}_

Here, for each candidate instance (g, 7, ¢) € By, we
sample G verification trajectories {0(9)}321 from
the current policy mg,. We then compute the cor-
responding rewards {r(g) ngl. Finally, we retain
only instances if any two rewards are different, i.e.,
reward variance is non-zero (Khatri et al., 2026).

This criterion eliminates prompts where the
model either consistently succeeds or consistently
fails across all sampled trajectories. By filtering
these zero-gradient instances, optimization is fo-
cused on decision-boundary cases where the veri-
fier exhibits uncertainty.

To maintain a fixed training budget per iteration,
we iteratively resample additional instances from
the labeled pool B3 and apply the same filtering cri-
terion until |D;| = 20K. This dynamic curriculum
evolves naturally across iterations as the verifier im-
proves, eliminating the need for manually designed
difficulty schedules.

Iterative Training via Self-Bootstrapping. We
adopt an iterative training approach that progres-
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Algorithm 1 Iterative Training of Tool-Integrated
Medical Reasoning Verifier

Require: Base verifier mg,, labeled dataset pool

D = {(q;,7i,4)}Y,, maximum iterations
Tiax, batch size B, group size G, search en-
gine £

Ensure: Trained verifier my«
1: fort =1to Ty.x do
2: > Sample labeled batch

3: B < SAMPLEBATCH(D, B)
4: Dt — @
5: > Curriculum formulation
6: for each (¢, 7,¢) € B; do
7: Sample verification trajectories:
{E(g)}gzl ~ 7T9t(' | q,T, 5)
8: Compute rewards within group:
7@ 1[0 = ¢], forge1,...,G
9: if 3¢ # ¢ such that r(9) £ r(9) then
10: Add (g, 7, ¢) to curriculum set D,
11: end if
12:  end for

13: > RL optimization on curriculum data
14:  my,, + DR.GRPO(my,, Dy, &)

15: end for

16: Return mg,.

sively improves verification capabilities through
multiple rounds of RL. Unlike prior work that al-
ternates between rejection sampling, supervised
fine-tuning (SFT), and RL (Xu et al., 2026), our
approach operates entirely through iterative RL,
following the RL-Zero paradigm where the model
reinforces its verification capabilities without re-
quiring dense turn-level expert demonstrations for
cold start.

Starting from the base model 7g,, we perform
Tmax iterations. Each iteration consists of three
stages:

B, < SAMPLEBATCH(D, B),
D; «+ FILTER (B, mp,),
;41 — RL(TF@t,Dt).

Each iteration draws a fresh batch /3; from the an-
notated pool D with trace-level labels, ensuring a
balanced distribution of correct and incorrect rea-
soning traces. The curriculum filtering then con-
structs the training set D; as described above, and
RL optimization updates the policy based on the
structured reward. We summarize the overall train-
ing procedure in Algorithm 1.

4 Experiments

4.1 Experimental Setup

Evaluation  benchmarks. We  evaluated
Med-TIV on four open-source medical question-
answering benchmarks: MedQA (Jin et al.,
2021), MedMCQA (Pal et al., 2022), MMLU-
Med (Hendrycks et al., 2020), and MedX-
pertQA (Zuo et al., 2025), using accuracy as the
evaluation metric. These benchmarks collectively
assess the verifier’s ability to distinguish correct
from erroneous reasoning across varying diffi-
culty levels and medical subdomains. Detailed
descriptions of benchmarks are in §C.1.

Implementation details. We trained verifiers us-
ing two light-weight backbone models: Llama3.1-
8B and Qwen2.5-7B, with Llama3.1-8B as the de-
fault for results reporting. All training was con-
ducted using the VeRL-Tool framework (Jiang
et al., 2025a). Detailed hyperparameters are shown
in Appendix A.1. All experiments were conducted
on 4 NVIDIA H100 GPUs with 80GB of memory.
Due to computational constraints, we limit the max-
imum number of RL iterations to T,.x = 2 and
we set the group size for curriculum formulation
(Section 3.2) to G = 8.

For inference, we used the default sampling hy-
perparameters for all models. In reward-guided
search experiments, unless otherwise specified, we
used Qwen2.5-7B as the frozen generator and sam-
pled up to 32 candidate reasoning traces per ques-
tion. We applied Hard-Weighted Self-Consistency
as the default test-time search strategy. Unless oth-
erwise specified, all reported results are averaged
over three independent inference runs.

Baselines. We compared Med-TIV against two
groups of baselines. 1): Off-the-shelf LLMs: GPT-
4o-mini (Hurst et al., 2024), Gemini-2.0-Flash,
DeepSeek-R1 series (Guo et al., 2025), Qwen2.5
series (Qwen, 2025), Llama3.1 (Grattafiori et al.,
2024), AlphaMed (Liu et al., 2025a), UltraMedi-
cal (Zhang et al., 2024), and HuatuoGPT-o01 (Chen
et al., 2024). 2): Medical domain-specialized Re-
ward Models: MedS? (Jiang et al., 2025b) and
Med-PRM (Yun et al., 2025). Detailed descriptions
of each reward model baseline are shown in §A.3.

Test-Time Search Strategies. We evaluated
three test-time search strategies that leverage
Med-TIV to improve the reasoning performance
of frozen generators. Given a reasoning trace
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Table 1: Main evaluation results on medical reasoning benchmarks. We report accuracy (%) on MedQA, MedMCQA,
MMLU-Med, and MedXpertQA. Bold numbers indicate the best results among the reward model group. v: Verifier
supports external tools for judging; X: Verifier does not support external tools for judging.

Baselines # |Train| Size MedQA MedMCQA MMLU-Med MedXpertQA Avg.
Proprietary Models

GPT-40-mini - - - 79.03 68.20 87.79 17.84 63.22

Gemini-2.0-Flash - - - 87.51 72.60 92.01 20.57 68.17
General Reasoning Models

DeepSeek-R1 - - 671B 90.34 78.80 94.40 37.76 75.33

R1-Distill-Qwen - - 7B 24.82 36.40 47.47 7.43 29.03

R1-Distill-Llama - - 8B 34.96 43.60 64.19 5.35 37.03
General Non-reasoning Models

Qwen2.5 - - 32B 73.21 64.83 84.94 13.87 59.21

Qwen2.5 - - 7B 60.96 56.56 76.96 12.15 51.66

Llama3.1 - - 8B 70.93 61.60 78.97 13.02 56.13
Medical Reasoning Models

AlphaMed - - 7B 71.01 61.46 81.16 19.16 58.20

UltraMedical - - 8B 72.66 62.60 79.61 15.25 57.53

HuatuoGPT-01 - - 8B 72.19 63.60 75.30 16.84 56.98
Medical Reward Models

MedS® X 225k 7B 64.89 58.91 80.53 12.90 54.31

Med-PRM v 111k 7B 69.99 62.36 80.99 13.51 56.71

Med-TIV (Ours) v 20k 7B 75.26 64.70 85.58 16.04 60.40

T = (s1,82,...,8K) with K steps, our verifier =~ 4.2 Main Results

assigns a confidence score 7> € [0, 1] for the entire

trace, defined as the softmax probability of the 1

token over the logits of both 1 and @ tokens.

* Best-of-N. Given a question g, we sampled N
candidate traces {T(j)}é\f:l from the generator
and selected the trace with the highest verifier
confidence score:

7T = argmaxr._(.
()

* Hard-Weighted Self-Consistency. We first filtered
traces by the verifier’s binary judgment, keep-
ing only those labeled correct (Vy(q,7) = 1).
Among the filtered traces, we applied majority
voting to determine the final answer:

N
a = arg maxz 1 Va(q, Wy = 1]
j=1

- 1fans(119) = a.
* Soft-Weighted Self-Consistency. Instead of binary

filtering, we weighted each trace’s vote by the
verifier’s confidence score:

N
a = arg maXZrT(j) -1 [ans(T(j)) =al.
j=1

Table 1 presents the main results on four medi-
cal reasoning benchmarks. Models trained with
Med-TIV consistently outperform existing base-
lines across all benchmarks. Specifically, un-
der guided-search using a Med-TIV-trained ver-
ifier, Qwen2.5-7B attains accuracies of 75.26%
on MedQA, 64.70% on MedMCQA, 85.58% on
MMLU-Med, and 16.04% on MedXpertQA, yield-
ing an average accuracy of 60.40%. Notably,
Med-TIV enables this 7B generator to rival sub-
stantially larger models, even surpassing the base
performance of Qwen2.5-32B despite using a gen-
erator that is approximately 4 x smaller. Compared
to domain-specialized medical reasoning models
of similar scale, Med-TIV outperforms HuatuoGPT-
01-8B and UltraMedical-8B by 3.07% and 2.60%
on MedQA, respectively, demonstrating the effec-
tiveness of our tool-integrated verification. Case
analysis in §D further illustrates how Med-TIV iden-
tifies subtle reasoning errors.

4.3 Analysis

We conducted a series of analyses to investigate key
research questions regarding our proposed frame-
work. In addition, we provide complementary eval-
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Figure 3: Test-time scaling analysis across three medical reasoning benchmarks. Each plot shows accuracy versus
sampling budget N € {1,2, 4,8, 16, 32} for four baselines. Med-TIV consistently outperforms baselines across all

sampling budgets and benchmarks.

uations in §B, covering direct verification classifi-
cation (§B.1), open-ended clinical diagnosis (§B.2),
and an ablation on RL and tool integration (§B.3).

Q1: Does Med-TIV generalize across different
generator models? To evaluate the generalizabil-
ity of the trained verifier, we applied Med-TIV to
guide test-time search across generator models of
varying sizes and capabilities. As shown in Table 2,
when using Qwen2.5-7B as the generator, Hard-
Weighted Self-Consistency yields a relative im-
provement of 23.5% over the base model’s single-
sample accuracy, substantially outperforming the
12.2% gain achieved by standard Self-Consistency.
Notably, the domain-specialized AlphaMed-7B
model also benefits from verifier guidance with
a 6.5% relative improvement, indicating that our
verifier provides complementary verification capa-
bilities beyond domain-specific fine-tuning. The
improvements extend to larger models as well:
Qwen2.5-32B achieves a 3.8% relative gain during
test-time search, demonstrating that a light-weight
8B verifier can effectively guide models that are
significantly larger than itself. This cross-scale
generalization suggests that Med-TIV learns trans-
ferable verification patterns rather than overfitting
to specific generator characteristics.

Q2: How do different test-time search strate-
gies compare under Med-TIV? We then system-
atically compare different test-time search strate-
gies under verifier guidance to identify the most
effective approach for leveraging verification sig-
nals. As shown in Table 2, Hard-Weighted
Self-Consistency consistently achieves the high-
est accuracy across all generators, followed by
Soft-Weighted Self-Consistency and Best-of-N se-
lection. On Qwen2.5-7B, Hard-Weighted Self-
Consistency outperforms Best-of-N by 3% ab-

Table 2: Performance improvements from using
Med-TIV as a verifier on MedQA. For each generator
model, the first row indicates the accuracy over single
sampled trace per question.

Models

MedQA

Qwen2.5-7B
+ Self-Consistency
+ Best-of-N (Med-TIV)
+ Soft Weighted SC (Med-TIV)

60.96
66.38 (+5.42)
72.35 (+11.39)
75.02 (+14.06)

+ Hard Weighted SC (Med-TIV)  75.26 (+14.30)
AlphaMed-7B 71.01

+ Self-Consistency 74.23 (+3.22)

+ Best-of-N (Med-TIV) 75.02 (+4.01)

+ Soft Weighted SC (Med-TIV) 75.33 (+4.32)

+ Hard Weighted SC (Med-TIV)  75.65 (+4.64)
Qwen2.5-32B 73.21

+ Self-Consistency
+ Best-of-N (Med-TIV)
+ Soft Weighted SC (Med-TIV)

75.26 (+2.05)
75.57 (+2.36)
75.96 (+2.75)

+ Hard Weighted SC (Med-TIV)  75.96 (+2.75)

solute accuracy, suggesting that majority voting
among verified traces provides more robust an-
swer selection than simply choosing the highest-
confidence individual trace.

Q3: Can Med-TIV reduce the sampling budget
required to achieve state-of-the-art performance
compared to existing baselines? Next, we inves-
tigated how verification performance scales with
sampling budget, a critical consideration for de-
ployment under varying computational constraints.
As shown in Figure 3, Med-TIV achieves substan-
tial efficiency advantage over existing medical re-
ward models across all three benchmarks. In par-
ticular, Med-TIV matches the performance of base-
lines using only 4 samples, whereas the baselines
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require 32 samples, representing an 8 x reduction
in sampling budget. On MedQA, Med-TIV achieves
72.1% accuracy at N = 4, while Med-PRM re-
quires the full N = 32 budget to reach 70.0% accu-
racy. Since the number of sampled generator traces
scales approximately linearly with generator-side
inference cost, this corresponds to an 8x reduc-
tion in generator sampling budget. We emphasize
that this is a generator-side sampling efficiency
gain rather than a full end-to-end compute reduc-
tion, since verifier generation, retrieval calls, and
retrieved-context processing also contribute to total
system latency. We further analyze verifier-side
generation length in Appendix B.5.

Q4: Does Med-TIV generalize across different
base models? To assess the generality of our pro-
posed framework, we compared verification per-
formance using two distinct verifier backbones:
Llama3.1-8B and Qwen2.5-7B. As shown in Fig-
ure 4, both backbones achieve strong performance
after two training iterations. Llama3.1-8B consis-
tently outperforms Qwen2.5-7B by approximately
3.5% absolute accuracy on MedQA, achieving
75.86% versus 72.35% after 2 iterations of training.
The parallel performance gains observed across
both models indicate that Med-TIV is agnostic to
backbone architectures.

QS5: What is the impact of iterative training?
Figure 4 presents ablation results examining the im-
pact of iterative training with adaptive curriculum
formulation. Llama3.1-8B improves from 60.96%
to 75.26% after iteration 1, with marginal gains to
75.86% at iteration 2. Qwen2.5-7B follows a sim-
ilar pattern, reaching 72.35% after two iterations.
The rapid convergence suggests that the majority of

verification capability is acquired in the first round,
with subsequent iterations refining boundary cases.

5 Related Work

Medical Reasoning Models. The application of
large language models to medical reasoning has
attracted considerable attention. Early efforts fo-
cused on domain-adaptive pretraining and instruc-
tion tuning on medical corpora (Wu et al., 2024;
Singhal et al., 2025; Chen et al., 2023). More re-
cent work has explored reasoning-enhanced med-
ical models. HuatuoGPT-ol (Chen et al., 2024)
incorporates chain-of-thought reasoning with ver-
ification mechanisms, and UltraMedical (Zhang
et al., 2024) combines high-quality instruction data
with preference optimization. AlphaMed (Liu et al.,
2025a) employs RL to improve medical reasoning
capabilities. Despite these advances, most exist-
ing approaches focus on improving the generator
model itself, whereas our work addresses the com-
plementary problem of training a plug-and-play ver-
ifier that can improve any frozen generator through
test-time search.

Tool-Assisted Reward and Judge Models. Stan-
dard LLLM-based judges typically function as pas-
sive scorers limited by parametric knowledge. Re-
cent work addresses this through agentic reward
modeling, equipping verifiers with executable tools.
Themis (Li et al., 2024) established the founda-
tional framework by enabling access to calcula-
tors, search engines, and knowledge bases through
structured tool-calling traces. TIR-Judge (Xu et al.,
2026) advanced this paradigm in the general do-
main by integrating code execution to judge paired
responses. TIM-PRM (Kuang et al., 2025) intro-
duced independent tool queries for multi-modal
verification to eliminate confirmation bias. The
concept has further expanded to the Agent-as-a-
Judge paradigm (You et al., 2026), which employs
dynamic planning, tool augmentation and multi-
agent coordination to decompose complex eval-
uation tasks. Our work instantiates this agentic
paradigm within the medical domain, moving be-
yond static retrieval to iterative, evidence-grounded
clinical verification.

6 Conclusion

We presented Med-TIV, an agentic RL framework
for medical reward modeling. Our approach ad-
dresses key limitations of existing medical reward
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models by offering explicit critique traces and en-
abling dynamic knowledge retrieval during verifi-
cation. Empirical evaluations across four medical
reasoning benchmarks demonstrate that Med-TIV
substantially outperforms prior approaches. More
broadly, Med-TIV introduces a general paradigm
for building agentic reward systems that can be
extended to other high-stakes domains requiring
evidence-grounded evaluation.

Limitations

While Med-TIV demonstrates substantial improve-
ments over existing medical reasoning verification
approaches, several limitations warrant discussion
and suggest directions for future research.

Process Supervision. Our current training
paradigm relies solely on trace-level outcome re-
wards, providing no supervision on intermediate
verification behaviors such as when to search, what
queries to formulate, or how to integrate retrieved
evidence. While this design eliminates the need for
costly step-level annotations, it may lead to subop-
timal search patterns or redundant retrieval opera-
tions. Future work could explore supervision for
the verification task itself, or leverage techniques
such as search behavior cloning from stronger mod-
els to provide denser optimization signals.

Retrieval Corpus and Tool Coverage. Med-
TIV’s verification accuracy is inherently bounded
by the coverage and quality of the underlying med-
ical corpus. Our retrieval system indexes docu-
ments from PubMed abstracts and medical text-
books, which provides broad coverage of estab-
lished medical knowledge but may lack recent find-
ings, rare disease information, or region-specific
clinical guidelines. Verification of reasoning traces
involving cutting-edge treatments or highly spe-
cialized subspecialties may be limited by corpus
gaps. In addition, the current implementation uses
text retrieval as the only external tool and does not
yet incorporate structured clinical decision-support
tools such as drug-interaction checkers, dosage cal-
culators, laboratory reference modules, or guide-
line engines. These tools can be integrated un-
der the same action—observation interface used by
Med-T1V, but evaluating such extensions requires
dedicated clinical validation and is left for future
work.

Language and Domain Scope. All training and
evaluation are conducted on English-language med-

ical reasoning benchmarks. The generalization of
Med-TIV to multilingual medical content or non-
Western medical traditions remains unexplored.
Additionally, while our benchmarks span multiple
medical subdomains, certain specialized areas such
as genomics, radiology interpretation, and surgi-
cal planning may require domain-adapted retrieval
corpora for optimal verification performance.

Ethics Statement

Med-TIV is a research tool for verifying medical
reasoning traces and is not intended for direct
clinical decision-making. All training and eval-
uation data are derived from publicly available,
de-identified benchmarks containing no protected
health information. The use of existing artifacts
is consistent with their intended purposes. While
Med-TIV improves factual grounding through ev-
idence retrieval, it remains susceptible to errors
from corpus gaps or retrieval failures. Any down-
stream application in healthcare settings would re-
quire rigorous validation, regulatory approval, and
appropriate human oversight.

Use of AI Assistants.

We used Al writing assistants only for language
polishing and grammar checking. All scientific
claims, experiments, analyses, and final writing
decisions were made and verified by the authors.
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A Additional Implementation Details
A.1 Hyperparameter Settings

Table 3 provides comprehensive hyperparameter
configurations for Med-TIV training across both
iterations. We maintain mostly consistent settings
between iterations to isolate the effect of iterative
training from hyperparameter tuning.

A.2 Retrieval Setup

We construct our retrieval infrastructure using a
dense retrieval architecture optimized for medical
domain queries. The corpus is derived from the
MedRAG (Zhao et al., 2025) collection, specifi-
cally combining the PubMed and Textbooks sub-
corpora into a unified index. The PubMed subset
contains approximately 23.9 million biomedical
abstracts covering research publications, while the
Textbooks subset includes content from standard
medical textbooks spanning clinical medicine, phar-
macology, pathology, and related disciplines. After
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Table 3: Hyperparameter configurations for Med-TIV
training across iterations.

Hyperparameter Iteration 1 Iteration 2
RL Algorithm Dr.GRPO  Dr.GRPO
Clip ratio ¢; / €, 02/0.3 02/0.3
Learning rate 1x1076 1x1076
Warmup steps 10 10
Training epochs 5 5
Global batch size 256 256
Mini-batch size 256 256
Group size G 5 8
Rollout sampling temperature 1.0 1.0
Rollout top-p 0.95 0.95
Curriculum filtering Enabled Enabled

deduplication and quality filtering, the combined
corpus contains approximately 24 million snippets.

We employ MedCPT (Jin et al., 2023) as our
dense retrieval encoder, specifically the query en-
coder variant for encoding search queries and ar-
ticle encoder for encoding corpus snippets. Docu-
ment embeddings are pre-computed and stored in a
FAISS index using the Flat configuration for maxi-
mum retrieval accuracy, distributed across multiple
GPUs using FAISS’s GPU sharding capability to
enable parallel similarity search. For each search
query, we retrieve the top-3 most relevant docu-
ments for both training and inference.

A.3 Baseline Setup

We describe the configuration of reward model
baselines used in our experiments. For Med-PRM,
which employs static retrieval-augmented gener-
ation, we equip it with the same retrieval corpus,
encoder, and top-k setting as our framework to
ensure a controlled comparison. MedS? does not
support external tool invocation and is therefore
evaluated without retrieval augmentation. For con-
fidence score extraction and inference hyperparam-
eter settings, we follow the configurations specified
in each baseline’s original publication.

A4 Prompt Template

We design a structured prompt template that guides
the verifier through systematic reasoning with ex-
plicit tool invocation syntax. The complete prompt
is shown in Table 4.

A.5 Reward Design Details

We describe the two reward components used for
multi-turn RL training of the verifier.

Table 4: Prompt template.

User Prompt:

You are a reasoning validator for medical
problems. Your task is to think step by step
and evaluate whether the given reasoning
trace of a medical problem contains errors.
First, you must always perform a step-by-step
analysis to examine the entire reasoning pro-
cess. Then, based on your analysis, you will
make a definitive judgment.

- Use 1 if the reasoning trace is free of errors.
- Use 0 if the reasoning trace contains one or
more errors.

Output Instruction:

You must conduct your step-by-step analy-
sis inside <think> and </think> first every
time you get new information. After reason-
ing, if you find you lack some knowledge,
you can call a search engine by <search>
query </search> and it will return the top
searched results between <information>
and </information>. You can search as
many times as you want. If you find no further
external knowledge needed, you can directly
provide the answer inside <answer> and
</answer>, without detailed illustrations.

Medical Problem:
{The full Medical Problem.}

Reasoning Trace:
{The full Reasoning Trace.}

Correctness Reward (R.). This component mea-
sures whether the verifier’s judgment aligns with
the ground-truth label. Let q = (g, 7) denote the
verification prompt and ¢ € {0, 1} the ground-truth
label. We define:

R, = 1(extract(o) = ¢),

where 1(-) is the indicator function and
extract(o) parses the final judgment from
the <answer> tags in the generated trajectory o.
Intuitively, R, = 1 if the verifier’s decision is
correct, and R. = 0 otherwise.

Format Reward (12y). To ensure reliable tool
use and structured outputs, the verifier is required
to adhere to a predefined format. Specifically, rea-
soning steps must be enclosed within <think> tags,

16163



search queries within <search> tags, and the final
judgment within <answer> tags. To discourage
degenerate outputs, we further penalize excessive
tag usage. Specifically, Ry = 1 if the output satis-
fies all formatting constraints and contains no more
than 10 <answer> tag pairs; Ry = 0.25 if the out-
put is correct but exhibits tag overflow; and Ry = 0
otherwise.

The final reward R is defined as the product of
the two components:

R:RCXRf.

B Additional Experiments

We present additional experiments evaluating
Med-TIV beyond the closed-ended multiple-choice
setting examined in the main paper. These ex-
periments assess the generalizability of our ap-
proach across four complementary evaluation di-
mensions: direct verification classification in §B.1,
open-ended clinical diagnosis in §B.2 and an ab-
lation study disentangling the contributions of RL
and tool integration in §B.3.

B.1 Verification as Classification

While the main experiments evaluate verifiers in-
directly through their impact on test-time search
accuracy, we directly assess each verifier’s ability
to classify reasoning traces as correct or incorrect.
For each benchmark, we use the same Qwen2.5-7B
generator traces with 32 samples per question and
treat verification as a binary classification task. We
report four classification metrics including accu-
racy, error-class F1 (Err-F1), correct-class F1 (Cor-
F1) and macro F1 (Mac-F1). We include Qwen?2.5-
7B self-verification (where the generator judges its
own traces without external tools) as an additional
baseline.

Table 5: Verification as classification performance av-
eraged across four benchmarks: MedQA, MedMCQA,
MMLU-Med, and MedXpertQA. Bold indicates the
best result per column.

Verifier Acc  Err-F1 Cor-F1 Mac-F1
MedS? 4730 55.72 26.33 41.02
Qwen-Self 60.79  55.09 54.35 54.70
Med-PRM  62.53 66.40 35.59 51.00
Med-TIV 71.94 66.31 66.68 66.49

As shown in Table 5, Med-TIV achieves the high-
est performance across all metrics, with an average

accuracy of 71.94% and macro F1 of 66.49%. A
critical distinction emerges in the balance between
error detection and correct-trace recognition. Med-
PRM achieves a competitive Err-F1 of 66.40 but
an extremely low Cor-F1 of 35.59, indicating a
strong bias toward classifying all traces as erro-
neous; on MedQA in particular, its correct-class
precision, recall, and F1 all collapse to 0%. Simi-
larly, MedS? exhibits a Cor-F1 of only 26.33, re-
flecting the same default-reject failure mode. In
contrast, Med-TIV maintains balanced performance
across both classes, with Err-F1 of 66.31 and Cor-
F1 of 66.68, demonstrating that tool-integrated
verification enables genuinely discriminative as-
sessment rather than a default-reject strategy. The
Qwen-Self baseline, despite having no access to
external tools, outperforms both MedS? and Med-
PRM in macro F1, suggesting that these specialized
reward models may overfit to error detection at the
expense of recognizing valid reasoning.

B.2 Open-Ended Clinical Diagnosis

To evaluate Med-TIV beyond multiple-choice set-
tings, we conduct experiments on AgentClinic-
MedQA (Schmidgall et al., 2024), a benchmark of
214 open-ended clinical diagnostic cases derived
from OSCE (Objective Structured Clinical Exami-
nation) scenarios. Each case presents detailed pa-
tient information including demographics, history,
physical examination findings, and test results, re-
quiring the model to produce a free-form diagnosis
rather than select from predefined options.

Setup. We sample 32 reasoning traces per case
from Qwen2.5-7B using a structured prompt that
elicits diagnose predictions. We use best-of-V as
test-time search strategy for all reward model base-
lines. Self-consistency serves as the RM-free base-
line. Selected diagnoses are evaluated by GPT-
40, which performs one-pass semantic matching
against the gold-standard diagnosis to determine
correctness. To validate this automatic evalua-
tion, one domain expert labeled 100 randomly
sampled predicted-diagnosis/gold-diagnosis pairs
from AgentClinic-MedQA. GPT-40’s judgments
matched the expert labels in all 100 cases. This
agreement is consistent with the constrained na-
ture of the judging task, which requires semantic-
equivalence matching between predicted and gold
diagnoses rather than open-ended clinical quality
assessment.

As shown in Figure 5, Med-TIV achieves the
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Figure 5: Open-ended diagnostic accuracy (%) on
AgentClinic-MedQA.

highest accuracy of 64.95% with 139 correctly
diagnosed cases, outperforming Self-Consistency
at 63.55%, MedS? at 63.55%, and Med-PRM at
61.21%. Notably, Med-PRM underperforms even
the verifier-free Self-Consistency baseline, suggest-
ing that the error-detection bias observed in §B.1
hurts performance in open-ended settings where
correct diagnoses must be actively recognized
rather than rejected. In contrast, Med-TIV’s bal-
anced verification capability transfers effectively
to free-form diagnostic tasks, demonstrating that
the benefits of tool-integrated verification extend
beyond the closed-ended multiple-choice setting
examined in the main paper.

B.3 Impact of RL and Tool Integration

To disen-  Table 6: Ablation on RL and tool

tangle the integration.
individual
contri- Models MedQA
butions Qwen2.5-7B 60.96
of rein-
+ Med-TIV (RL) 69.60

forcement
learning + Med-TIV (RL + Tool) 70.54
and  tool  AjphaMed-7B 71.01
integration

, +Med-TIV (RL) 76.12
to Med-TIV’s
overall per- + Med-TIV (RL + Tool) 77.14
formance,

we conducted an ablation study comparing three
variants across two distinct generators: (i) the
base model with no verifier guidance, (ii) Med-TIV
trained with RL but without tool access (RL-only),
and (iii) the full Med-TIV framework combining
RL training with tool integration (RL + Tool). For
the RL-only variant, the verifier is trained with

Metric Positive rate
Query—claim alignment 100%
Evidence relevance 94%
Evidence sufficiency 79 %
Critique support 77 %

Table 7: Evidence-level evaluation on MedQA verifica-
tion trajectories.

the same iterative Dr.GRPO procedure but the
search engine is disabled during both training and
inference, forcing the verifier to rely solely on
parametric knowledge.

Table 6 highlights the dual benefits of our frame-
work across two generators. RL training drives
the primary gain, boosting MedQA accuracy of
Qwen2.5-7B by 8.64%, confirming that the verifier
effectively internalizes reasoning patterns. Tool
integration provides a critical secondary boost, fur-
ther elevating accuracy to 70.54%. A similar cumu-
lative trend is observed with AlphaMed-7B. This
demonstrates that while RL anchors logical verifi-
cation, dynamic retrieval is essential for resolving
knowledge-intensive boundary cases beyond the
model’s parametric memory.

B.4 Evidence-Level Evaluation

Downstream QA accuracy alone does not di-
rectly establish whether retrieved evidence is rel-
evant or faithfully used. We therefore conduct
an evidence-level evaluation on 100 randomly se-
lected evidence-bearing verification trajectories
from MedQA. Each selected trajectory contains
at least one search invocation with non-empty re-
trieved evidence. For each trajectory, one do-
main expert manually annotates four binary criteria:
query—claim alignment, evidence relevance, evi-
dence sufficiency, and critique support. These cri-
teria evaluate whether the search query targets the
disputed medical claim, whether the retrieved evi-
dence contains information relevant to that claim,
whether the evidence is sufficient to support or re-
fute the claim, and whether the verifier’s critique is
supported by the retrieved evidence.

As shown in Table 7, Med-TIV’s search queries
are consistently directed at the disputed medical
claims, and the retrieved evidence is usually rele-
vant. Evidence sufficiency and critique support are
lower, indicating that evidence use remains imper-
fect and identifying concrete directions for improv-
ing retrieval and evidence-grounded verification.

To further isolate the contribution of retrieved
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Evidence condition Accuracy
Retrieved evidence available 72.2%
Retrieved evidence masked 47.1%

Table 8: Paired evidence-masking ablation. The candi-
date trace, search query, and all other inputs are kept
unchanged.

Verifier Mean tokens ||  Median tokens | Std. |
Med-PRM 380.4 377 187.8
Med-TIV 151.6 135 95.5

Table 9: Verifier-side reasoning efficiency measured
with identical tokenizer. Lower values indicate shorter
generated verifier reasoning.

content, we perform a paired evidence-masking
ablation. For each trajectory, we run verification
under two conditions: with the retrieved observa-
tion retained and with the retrieved observation
masked. The candidate trace, search query, and
all other inputs are kept unchanged. As shown
in Table 8, masking the retrieved evidence reduces
verification accuracy from 72.2% to 47.1%, indicat-
ing that retrieved content contributes directly to the
verifier’s decisions rather than merely co-occurring
with successful verification.

B.5 Verifier-Side Token Efficiency

To complement the generator-side sampling analy-
sis in Figure 3, we measure verifier-side generated
reasoning length on the same set of 3,200 veri-
fication traces. We use OpenAl’s tiktoken tok-
enizer with c1100k_base for both Med-PRM and
Med-TIV. For Med-PRM, we count the full gen-
erated evaluation output. For Med-TIV, we count
only verifier reasoning tokens and exclude tokens
inside <search> and <information> spans.

As shown in Table 9, Med-TIV uses 60.2% fewer
verifier-generated reasoning tokens than Med-PRM
on average. This analysis measures generated rea-
soning length rather than total end-to-end compute
and does not include retrieval latency or retrieval-
system overhead. Nevertheless, it shows that
Med-TIV produces substantially shorter verifier-
side reasoning generations than the reward-model
baseline under a shared tokenizer and evaluation
set.

C Benchmarks and Baselines

C.1 Benchmarks

We evaluate Med-TIV on four established close-
ended medical reasoning benchmarks that collec-
tively assess verification capability across varying
difficulty levels and medical subdomains.

* MedQA (Jin et al., 2021): A dataset of multiple-
choice questions derived from the United States
Medical Licensing Examination (USMLE), de-
signed to evaluate clinical reasoning and medical
knowledge integration across diverse specialties.

* MedMCQA (Pal et al., 2022): A large-scale
multi-subject benchmark sourced from Indian
medical entrance examinations (AIIMS and
NEET-PG), covering 21 medical subjects with
emphasis on factual knowledge and clinical ap-
plication.

e MMLU-Med (Hendrycks et al., 2020): An
aggregation of medical-related subsets from
the Massive Multitask Language Understand-
ing benchmark, encompassing anatomy, clinical
knowledge, college biology, college medicine,
medical genetics, and professional medicine.

* MedXpertQA (Zuo et al., 2025): An expert-
level benchmark featuring challenging questions
that require multi-step clinical reasoning, differ-
ential diagnosis, and treatment planning at the
level expected of practicing physicians.

C.2 Baselines

We compare Med-TIV against comprehensive
baselines spanning proprietary systems, general-
purpose models, and domain-specialized ap-
proaches.

Proprietary Models.

e GPT-40-mini (Hurst et al., 2024): A compact
variant of OpenAI’s GPT-40 optimized for effi-
ciency while maintaining strong reasoning capa-
bilities across diverse tasks.

* Gemini-2.0-Flash: Google’s efficient multi-
modal model designed for fast inference with
competitive performance on knowledge-intensive
benchmarks.

General Reasoning Models.

* DeepSeek-R1 (Guo et al., 2025): A 671B param-
eter reasoning model trained with RL, represent-
ing the current frontier of open-weight reasoning
capabilities.

¢ R1-Distill-Qwen / R1-Distill-Llama: Distilled
variants of DeepSeek-R1 at 7B and 8B scales
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respectively, designed to transfer reasoning capa-
bilities to smaller architectures.

General Foundation Models.

Qwen2.5 (Qwen, 2025): A family of open-
weight language models with strong multilingual
and reasoning capabilities, evaluated at 7B and
32B parameter scales.

Llama3.1 (Grattafiori et al., 2024): Meta’s open-
source foundation model demonstrating compet-
itive performance across diverse benchmarks,
evaluated at the 8B scale.

Medical Domain Models.

AlphaMed (Liu et al., 2025a): A medical rea-
soning model that employs RL with rule-based
rewards to enhance clinical reasoning without
reliance on distillation from larger models.
UltraMedical (Zhang et al., 2024): A specialized
medical model combining high-quality instruc-
tion tuning on curated biomedical corpora with
preference optimization for improved clinical ac-
curacy.

HuatuoGPT-o01 (Chen et al., 2024): A medical
reasoning model incorporating chain-of-thought
reasoning with internal verification mechanisms
to improve diagnostic accuracy.

Medical Reward Models.

MedS? (Jiang et al., 2026a): A self-evolved soft
dual-sided process supervision framework for
medical reasoning that generates training signals
through iterative self-improvement without exter-
nal annotations.

Med-PRM (Yun et al., 2025): A process reward
model for medical reasoning verification that pro-
vides step-level supervision using static retrieval-
augmented generation with guideline-based veri-
fication.

D Case Analysis

Table 10 presents a complete verification example
illustrating how a Med-TIV trained verifier iden-
tifies reasoning errors through dynamic evidence
retrieval. The case involves a patient with blad-
der cancer who develops ototoxicity following
chemotherapy. The generator’s reasoning trace in-
correctly attributes the symptoms to taxanes based
on their known association with ototoxicity, con-
cluding with answer (B). However, the model re-
trieves evidence establishing that cisplatin—the
standard neoadjuvant therapy for transitional cell
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carcinoma—is the causative agent, and its mecha-
nism involves DNA cross-linking rather than micro-
tubule hyperstabilization. Through iterative search
and reasoning, verifier correctly identifies the error,
demonstrating the value of tool augmentation for
catching subtle medical reasoning mistakes.



Table 10: Complete verification demonstration. Given a medical problem and a reasoning trace, the verifier retrieves
relevant evidence and correctly identifies the reasoning error within the trace.

Medical Problem:

Question: A 67-year-old man with transitional cell carcinoma of the bladder comes to the physician
because of a 2-day history of ringing sensation in his ear. He received this first course of neoadjuvant
chemotherapy 1 week ago. Pure tone audiometry shows a sensorineural hearing loss of 45 dB. The
expected beneficial effect of the drug that caused this patient’s symptoms is most likely due to which
of the following actions?

Options: (A) Inhibition of proteasome (B) Hyperstabilization of microtubules (C) Generation of free
radicals (D) Cross-linking of DNA

Generator Reasoning Trace:

The patient’s presentation of ringing in the ear, known as tinnitus, and a sensorineural hearing loss
of 45 dB, suggest ototoxicity. Ototoxicity is a well-known side effect of certain chemotherapy drugs.
Neoadjuvant chemotherapy refers to the use of chemotherapy before other treatments such as surgery.
The patient has received a course of neoadjuvant chemotherapy 1 week ago, which aligns with
the recent onset of ototoxic symptoms. To determine the cause of ototoxicity from the provided
options, we need to identify which of the options is likely to cause sensorineural hearing loss. Option
(A), Inhibition of proteasome, is associated with drugs like bortezomib (Velcade), which are less
commonly associated with ototoxicity. Option (B), Hyperstabilization of microtubules, is a known
mechanism of taxanes (e.g., paclitaxel, docetaxel). Taxanes are known to cause ototoxicity, making
this a potential candidate. Option (C), Generation of free radicals, is a general mechanism that can
cause cellular damage but is not specifically known to be associated with ototoxicity. Option (D),
Cross-linking of DNA, is a known mechanism of alkylating agents like cyclophosphamide. While
alkylating agents can cause ototoxicity, this mechanism is not as commonly linked to ototoxicity
as other options. Considering the options, the one most commonly associated with ototoxicity
is hyperstabilization of microtubules. Therefore, the drug that most likely caused this patient’s
symptoms is one that hyperstabilizes microtubules. The answer is (B).

Verifier Judgment:

<think> Let’s check the common chemotherapeutic agents used for bladder cancer and their
known side effects. Transitional cell carcinoma of the bladder is often treated with cisplatin-based
chemotherapy as neoadjuvant therapy. We need to determine if any of the options match the known
side effects of these drugs. Let’s search to confirm the side effects of cisplatin and other common
bladder cancer chemotherapy drugs. </think>

<search> common side effects of cisplatin chemotherapy </search>

<information> [Search Results regarding Cisplatin toxicity and mechanisms...] </information>
<think> From the information, cisplatin is known to cause ototoxicity, which aligns with the
patient’s symptoms of sensorineural hearing loss. Now let’s check the mechanisms of action for the
options: Option (A): Inhibition of proteasome - This is associated with drugs like bortezomib and is
not used for bladder cancer. Option (B): Hyperstabilization of microtubules - This is the mechanism
of taxanes (e.g., paclitaxel, docetaxel). Option (C): Generation of free radicals - This is not specific
to a single mechanism and is not commonly associated with ototoxicity. Option (D): Cross-linking
of DNA - This is the mechanism of alkylating agents (e.g., cyclophosphamide). Cisplatin is an
alkylating agent, and its mechanism involves cross-linking of DNA. Therefore, the correct answer
should be (D). </think>

<answer>0</answer>
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