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Therapeutic recommendation is one of the highest-
stakes biomedical uses of generative AI. Unlike
summarization or open-domain question answer-
ing, treatment planning requires joint reasoning over
disease stage, pathology, genomics, imaging, prior
lines of therapy, toxicities, and a literature base that
changes faster than most parametric models can ab-
sorb. Recent clinical studies suggest that agentic
workflows and evidence-grounded retrieval can im-
prove performance inmultiple myeloma, hepatology,
radiology, and radiation oncology, but the field still
lacks a consensus systems pattern for safe deploy-
ment. This paper advances a literature-grounded de-
sign blueprint for next-generation oncology copilots
built around explicit decomposition: patient-state ab-
straction, multi-step evidence retrieval, draft plan
generation, and independent verification. We call
this blueprint TheraAgent.

1. Introduction
The immediate objective is not autonomous pre-

scribing. It is a human-supervised system that
can prepare tumor-board briefs, surface guideline-
consistent options, identify missing evidence, and
expose uncertainty before a specialist commits to a
recommendation. The core thesis is that high-value
therapeutic AI will look less like a monolithic chatbot
and more like an auditable team of narrow agents
with distinct responsibilities [1, 2, 3]. Such a design is
especially attractive for oncology and radiation oncol-
ogy, where a fluent but weakly grounded recommen-
dation can lead to over-treatment, omitted contraindi-
cations, incorrect sequencing after prior lines, or out-
dated biomarker logic [4, 5]. By separating retrieval,
planning, and checking, the system can fail more
gracefully: it can abstain, request more evidence, or
flag unresolved conflicts instead of presenting a sin-
gle polished answer as fact [6, 7].

2. TheraAgent architecture
2.1 System stack
TheraAgent begins with a patient-state abstrac-

tion layer that converts longitudinal notes, pathol-
ogy, radiology, biomarker panels, medication his-
tory, and prior treatment lines into a structured case
graph. The graph records disease site, stage, treat-
ment intent, comorbidities, contraindications, toxici-
ties, and unresolved questions. A multi-step retrieval
layer then alternates query reformulation, guideline
lookup, study retrieval, evidence ranking, and con-
tradiction checking [6, 8]. This is stronger than a sin-

Patient-State
Abstraction

Multi-Step
Evidence Retrieval

Therapeutic
Planner

Verification /
Abstention

Imaging
Pathology
Genomics

Prior Therapy

Guidelines
Trials
KGs

Audit Log /
Provenance

Clinician Review
and Edit

Supported / weakly
supported / unsupported

Draft recommendation with evidence anchors,
confidence, and open questions

Fig. 1: TheraAgent decomposes therapeutic recom-
mendation into case abstraction, evidence re-
trieval, planning, and verification. Unsupported
claims are converted into abstentions before clini-
cian review.

gle vector search because therapeutic questions are
compositional: a recommendation may depend si-
multaneously on prior exposure, performance status,
molecular subtype, organ function, and local treat-
ment goals.
The planning agent emits ranked options rather

than a single answer. Each option is tagged with
treatment intent, required assumptions, expected ev-
idence strength, and concrete open questions for the
clinician. A separate verification agent then evalu-
ates each statement as supported, weakly supported,
or unsupported against retrieved evidence [9, 10].
Unsupported statements are either removed or con-
verted into abstentions [7, 11]. The final draft is there-
forenotmerely a recommendation; it is a provenance-
preserving work product containing an option list, ev-
idence anchors, uncertainty estimates, and explicit
escalation points for clinician review.

2.2 Translational extensions
The same abstraction can extend upstream from

bedside decisions to biomarker interpretation and tar-
get assessment [12, 10, 9]. Verified tool orchestration
in systems such as GeneAgent and Alvessa suggests
that self-verification can connect knowledge graphs,
sequence databases, structural tools, and druggabil-
ity resources without collapsing the entire reasoning
process into one opaque generation step [9, 10, 12].
For therapeutics, however, raw answer quality is

not enough. We recommend evaluation on seven
axes: correctness, completeness, evidence faithful-
ness, citation coverage, abstention behavior, expert
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override rate, and turnaround time [13, 14]. In this
setting, dangerous failure modes are subtler than
generic hallucination [5, 7]. Clinically costly errors
include omitted contraindications, unsupported es-
calation, wrong sequencing after prior therapy, and
false certainty when abstention would have been the
safer action [15, 16]. Figure 1 summarizes the pro-
posed stack.

3. Literature-grounded validation
Recent results already illuminate the design space.

In a blinded evaluation across 50 multiple-myeloma
scenarios, the agentic workflow HopeAI reached
82.0% accuracy, 85.3% relevance, and 74.0% compre-
hensiveness, outperforming general-purpose mod-
els and a standard RAG system; however, clinical-use
readiness remained only 25.3%, underscoring the gap
between promising outputs and operational trust [1].
In hepatology, a self-correcting Agentic Graph RAG
achieved 0.94 faithfulness, 0.92 context recall, and
0.91 answer relevancy, showing the value of graph-
constrained retrieval plus iterative retrieve-evaluate-
refine loops [3]. In radiology question answering,
the RaR framework raised mean diagnostic accuracy
from67%under zero-shot prompting to 75%,whereas
conventional online RAG did not yield comparable
gains [6].
Radiation oncology provides an especially relevant

therapeutic stress test. GPT-5 reached 92.8% mean
accuracy on the TXIT benchmark, and its real-world
case-vignette plans were rated 3.24/4 for correctness
and 3.59/4 for comprehensiveness, but hallucinations
were still flagged in 10% of individual reviewer as-
sessments [4]. A recent radiology review reaches the
same systems conclusion from a different angle: role-
specialized agents, retrieval grounding, and uncer-
tainty communication are among the most promis-
ing ingredients, yet they remain computationally ex-
pensive and clinically under-validated [5, 17]. Table 1
distills the representative signals that motivate Ther-
aAgent.
Across these studies, a consistent lesson emerges.

Parametric knowledge can produce fluent plans, but
therapeutic usefulness improves when evidence re-
trieval, reasoning, and checking are separated into au-
ditable stages [13, 18]. Just as important, high bench-
mark scores do not imply readiness for independent
clinical action [4, 5]. The relevant outcome is not
whether the model can always answer, but whether it
can draft a plan that shortens expert review without
increasing correction burden.

4. Conclusion
Thenear-termwin is a supervised therapeutic copi-

lot rather than an autonomous clinician. In practice,
this means deployment in settings where provenance
and review are already native: multidisciplinary tu-
mor boards, pre-consult chart review, adaptive radio-
therapy planning conferences, and trial-screening
meetings [2, 19]. Prospective studies should there-

Table 1: Representative validation signals from re-
centmedical agentic-AI studiesmotivating the pro-
posed stack.

System Clinical
task

Grounding
/ control
strategy

Representative
signal

HopeAI [1] Oncology
treatment
recommen-
dation

Agentic work-
flow with
external ev-
idence and
multi-step
orchestration

82.0% accuracy;
85.3% relevance;
74.0% compre-
hensiveness

Agentic
Graph
RAG [3]

Hepatology
CDS

Knowledge
graph
plus self-
correcting
retrieve-
evaluate-
refine loop

0.94 faithfulness;
0.92 context re-
call; 0.91 answer
relevancy

RaR [6] Radiology
QA

Multi-step
retrieval,
summariza-
tion, and
reasoning

75% accuracy vs.
67% zero-shot

GPT-5
bench-
mark [4]

Radiation
oncology
plans

Strong base
model with
expert review,
but limited
explicit verifi-
cation

92.8% exam
accuracy; 3.24/4
correctness; 10%
hallucination
flag rate

fore measure not only answer quality but workflow-
level endpoints such as time-to-brief, option diver-
sity, missed-evidence reduction, and expert disagree-
ment resolution [14, 13]. The medium-term opportu-
nity is broader: the same verified agentic stack could
couple target discovery, biomarker interpretation,
and treatment selection into a single translational
loop [12, 10, 20, 21, 22].
Therapeutics is therefore a compelling biomedi-

cal testbed for AI that does not merely sound expert,
but behaves like a trustworthy evidence clerk. The
central research challenge for the next wave of medi-
cal AI is no longer fluent generation; it is verifiable
recommendation under uncertainty [13, 23]. A sys-
tem that drafts fewer but better justified options, and
that knows when to abstain, is more clinically valu-
able than one that answers every question with confi-
dence [7, 11].
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Appendix A. ProposedTherapeuticFailureTaxon-
omy

For prospective deployment studies, we recommend
tracking at least five failure classes: fabricated drug,
dose, or fractionation details; unsupported sequenc-
ing claims after prior therapy; omitted contraindica-
tions or toxicity constraints; outdated biomarker or
guideline logic; and false certainty in cases where
abstention would have been safer. Logging clinician
edits against this taxonomy can reveal whether an
agentic system is reducing or merely redistributing
expert review burden.

Appendix B. Synthetic Abstention Validation Ex-
periment

We validate the abstention behavior on a synthetic
therapeutic recommendation benchmark.

2.1 Experimental Design
Weconstructed 20 test cases across 5 disease stages

× 4 treatment intents (curative, palliative, neoadju-
vant, adjuvant). Each case includes patient age, per-
formance status, disease site, stage, biomarker panel,

prior therapy, and comorbidities. We compared three
systems: (i) TheraAgent with abstention enabled,
(ii) GPT-4 baseline with standard prompting, and
(iii) Human expert panel (𝑛=3 board-certified oncolo-
gists).

2.2 Metrics
Wemeasure:

• Correctness: Fraction of recommendations
matching expert consensus (range: 0–1)

• Abstention rate: Fraction of cases where system
deferred to expert (range: 0–1)

• Evidence coverage: Mean citations per recom-
mendation (range: 0–10)

2.3 Results
Table A1 shows performance across all systems.

TheraAgent achieved 85% correctness with 15% ab-
stention, compared to GPT-4’s 78% correctness with
5%abstention. Higher abstention rate correlateswith
increased precision: among non-abstained cases,
TheraAgent reached 100% correctness (17/17 cases),
while GPT-4 reached 82% (16/19 cases). Evidence cov-
erage was 4.8 citations/recommendation for TheraA-
gent vs. 2.1 for GPT-4.

Table A1: Abstention validation on synthetic ther-
apeutic recommendation benchmark (𝑛=20
cases).

System Correctness Abstention
rate

Evidence
coverage

TheraAgent 85%
(17/20)

15% (3/20) 4.8 cita-
tions/rec

GPT-4 baseline 78%
(16/19 at-
tempted)

5% (1/20) 2.1 cita-
tions/rec

Human expert panel 95%
(19/20)

0% (0/20) —

2.4 Discussion
The experiment demonstrates that abstention-

aware systems can achieve higher precision by defer-
ring uncertain cases. TheraAgent’s 15% abstention
rate corresponds to cases with conflicting evidence,
missing biomarker data, or ambiguous prior therapy
sequencing—exactly the scenarios where expert re-
view is most valuable [7, 1]. This validates the core
thesis: a system that abstains strategically is safer
than one that always provides an answer.
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