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Abstract

Systematic reviews of clinical trials require
analysts to extract attributes that are rarely
stored as ready-made columns. For example,
the drug class of an immunotherapy named
in a regimen, the additional agents combined
with it, or whether a listed endpoint is a pri-
mary or secondary outcome. These attributes
must be inferred from the visible content of
other fields through normalization, classifica-
tion, or structured extraction, and existing ap-
proaches such as direct LLM prompting, text-
to-SQL, and agentic pipelines leave this rea-
soning implicit in a single generation step or
pay a heavy execution cost for limited accu-
racy gains. We propose SCOPE (Structured
Clinical hybrid Planning for Evidence retrieval
in clinical trials), a multi-LLM planner-based
framework that decomposes the task into row
selection, structured planning, and execution.
The planner makes the source field, reasoning
rules, and output constraints explicit before
answer generation, reducing ambiguity rela-
tive to direct prompting. We evaluate SCOPE
on 1,500 hybrid reasoning questions over on-
cology clinical-trial tables against zero-shot,
few-shot, chain-of-thought, TableGPT2, Blend-
SQL, and EHRAgent. Results show that ex-
plicit multi-LLM planning improves accuracy
for reasoning-based questions while offering a
stronger accuracy-efficiency tradeoff than heav-
ier agentic baselines. Our findings position
clinical trial reasoning as a distinct table under-
standing problem and highlight hybrid planner-
based decomposition as an effective solution.

1 Introduction

Clinicians and medical researchers often analyze ta-
bles of clinical trials with structured records where
each row summarizes one study. Many questions
over these tables can be answered by simple lookup:
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Question: For Pembrolizumab trials list additional agents in
the treatment regimen beyond the ICI.

NCTO0203 | Pembrolizumab+Pemetrexed ["pemetrexed"]

NCT0204 Pembrohzumab+l’el'netrexed ["pemetrexed", "carboplatin"]
+Carboplatin

NCT0206 | Pembrolizumab+Platinum ["platinum"]

NCT0207 | Pembrolizumab+Pemetrexed ["pemetrexed"]

Figure 1: Sample exemplar hybrid reasoning question
requiring semantic understanding of regimen structure:
the model must recognize Pembrolizumab as the ICI
named in the question and extract all other treatment
agents from the visible regimen text as the held-out
target field. For instance, in NCT0203, Pembrolizumab
is the ICI and Pemetrexed is the additional agent used
in the treatment regimen

for example, what was the sample size of Pem-
brolizumab drug trials? But many questions re-
quire a deeper set of reasoning and cannot be
answered immediately. For example, a reviewer
studying Pembrolizumab drug trials which uses ad-
ditional agents in the complete treatment regimen
can surmise that, in a trial using Pembrolizumab
+ Pemetrexed, Pemetrexed medication is the ad-
ditional agent in this treatment regimen. In these
cases, the target value is not explicitly stored in a
visible cell and cannot be obtained by simply select-
ing rows or projecting an existing column. Instead,
it must typically be reasoned from row contents
through normalization, classification, extraction,
aggregation, or lightweight domain reasoning. We
study this setting as clinical trial reasoning: given
a question and a partially observed table, the clini-
cians must identify the relevant rows, ground the
visible source field containing the evidence, and ap-
ply the correct row-wise transformation to produce

944

Proceedings of the 25th Workshop on Biomedical Language Processing (BioNLP 2026), pages 944-954
July 3-4, 2026 ©2026 Association for Computational Linguistics


https://coral-asu.github.io/SCoPE/
https://github.com/CoRAL-ASU/SCoPE

Question: In Small Cell Lung trials, classify the ICI
by target class from its generic name as PD-1,

Question/Table
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required for hybrid reasoning (highlighted in green) and removing
columns used for gold answers (highlighted in blue)
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Figure 2: SCOPE for clinical tabular reasoning. Given a question and a copied visible table, SCOPE first prepares
an inference-time table view by retaining the visible evidence columns and withholding the target column used
for evaluation if there are any. The executor identifies the rows relevant to the question, the planner produces a
structured reasoning plan over the selected table, and the executor follows this plan to generate the final row-aligned
predictions. In this example, the method reasons over the Name of ICI column to recover the held-out Class of ICI
field, and the resulting predictions are compared against the omitted ground-truth targets.

a target field that is often absent from the schema
or from the evidence itself. This setting is related
to table question answering and semantic parsing,
but is only partially captured by existing table QA
benchmarks and classical text-to-SQL formulations
(Pasupat and Liang, 2015; Zhong et al., 2017; Yu
et al., 2018; Chen et al., 2019; Nan et al., 2022).

Existing approaches do not fully address this
problem. Text-to-SQL methods assume that the
answer can be recovered through executable oper-
ations over explicit schema values, which is often
not true when the target field is latent rather than
stored (Zhong et al., 2017; Yu et al., 2018; Chowd-
hury et al., 2026). Prompting with large language
models often under-structures the task, typically re-
lying on a single generation step to retrieve rows, in-
fer the evidence-bearing field, apply the transforma-
tion, and format row-aligned answers. More struc-

tured agentic and program-based approaches can
improve reasoning, but can introduce additional ex-
ecution overhead and brittle multi-step traces (Gao
et al., 2023; Cheng et al., 2022; Yao et al., 2022;
Glenn et al., 2024; Shi et al., 2024). So, the main
research question we are trying to address is: How
effective is explicit hybrid planner-based decompo-
sition in improving grounded row-level reasoning
over partially observed clinical-trial tables, and do
the resulting gains appear more clearly in row-level
grounding than in aggregate answer recovery?

To address these limitations, we introduce
SCOPE, a planner-based framework for clinical
querying that explicitly decomposes the task into
row selection, structured planning, and execution.
The executor grounds the question to relevant rows
in the visible table and produces row-aligned out-
puts, while the planner interprets the question as
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a structured transformation over the selected evi-
dence. Concretely, the executor first identifies a
candidate subset of rows, the planner converts the
question into an explicit transformation specifica-
tion, and the executor then applies that specification
to generate aligned predictions. This decomposi-
tion makes the source-field choice, reasoning rules,
and output constraints explicit prior to answer gen-
eration, improving interpretability and reducing
ambiguity compared to direct prompting. By in-
troducing an explicit planning interface between
reasoning and execution, SCOPE better aligns the
model behavior with the compositional structure of
clinical trial querying.

We also construct a benchmark of 1,500 hybrid
reasoning questions over oncology clinical-trial ta-
bles, where target attributes must be inferred from
visible evidence rather than directly retrieved.

Unlike approaches that keep planning implicit in
a single generation step or rely on heavier agentic
pipelines, SCOPE introduces a lightweight plan-
ning interface that separates reasoning specifica-
tion from execution while preserving grounding
in the visible table. We evaluate SCOPE against
zero-shot, few-shot, chain-of-thought, TableGPT?2,
BlendSQL, and EHRAgent, and find that explicit
planning improves reasoning accuracy while of-
fering a better accuracy-efficiency tradeoff than
heavier agentic baselines.

Our main contributions are:

* We introduce SCOPE, a planner-based frame-
work that decomposes clinical trial reason-
ing into row selection, source-field grounding,
and structured execution.

* We formalize clinical trial reasoning as a dis-
tinct table understanding setting requiring in-
ference over visible row evidence rather than
direct cell retrieval.

* We construct a benchmark of 1,500 oncology
clinical-trial questions and show that explicit
planning outperforms prompting baselines
while remaining more efficient than heavier
agentic methods.

The code, scripts, and dataset are available at our
project page.
Problem formulation. Given a question ¢ and a
visible table X = {rq,..., 7} with a hidden tar-
get field, the goal is to recover a set of row-aligned
predictions G = {(r, §j,)} for the subset of rows

relevant to the query. Each ¢, must be derived from
visible evidence in r rather than retrieved directly
from a stored field. Errors may arise from incorrect
row selection, incorrect source-field grounding, or
incorrect transformation of visible evidence, mak-
ing joint reasoning over these steps essential.

2 Related Work

We situate our work at the intersection of clinical
datasets and table reasoning methods, focusing on
settings where answers must be inferred rather than
directly retrieved.

Related Datasets. Clinical datasets such as
MIMIC III & IV (Johnson et al., 2016, 2023) and
the eICU Collaborative Research Database (Pol-
lard et al., 2018) have enabled large-scale mod-
eling over structured and semi-structured medi-
cal records, while 12b2/n2c2 shared tasks (Uzuner
et al., 2011) focus on extracting structured informa-
tion from clinical text. In table reasoning, datasets
such as TabFact (Chen et al., 2019) and FETAQA
(Nan et al., 2022) study fact verification and free-
form question answering over tables, assuming that
answers are grounded in explicit table entries. Our
benchmark construction is also motivated by recent
domain-specific benchmarks that stress-test LLM
capabilities on nuanced domain specific reasoning
tasks (Choudhury et al., 2025, 2026). Given that
and in contrast, our benchmark targets clinical-trial
reasoning, where target attributes are often latent
and must be inferred from visible row evidence
through structured transformations.

Related Methods. Early table reasoning and
semantic parsing approaches, such as Seq2SQL,
TaBERT, and TAPAS (Zhong et al., 2017; Yin et al.,
2020; Herzig et al., 2020), map natural language to
executable queries or learned table representations
and are strongest when the answer is explicitly rep-
resented in the schema. More recent LLM-based
methods, including PAL and ReAct (Gao et al.,
2023; Yao et al., 2022), introduce intermediate rea-
soning and action steps, while TableGPT2, Blend-
SQL, and EHRAgent (Li et al., 2024; Glenn et al.,
2024; Shi et al., 2024) add stronger structure for
reasoning over tables and clinical data. However,
these methods either keep planning implicit within
generation or rely on heavier agentic pipelines with
iterative execution. In contrast, SCOPE explicitly
decomposes the task into row selection, source-
field grounding, and structured execution, making
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the reasoning process more transparent and control-
lable while achieving a better accuracy-efficiency
tradeoff.

3 Dataset

3.1 Dataset Construction

We begin with a seed set of 500 questions authored
by a certified oncology researcher to reflect realistic
evidence-review queries over a structured clinical-
trial table containing bibliographic metadata, dis-
ease labels, treatment regimens, control-arm de-
scriptions, endpoint text, trial phase, sample size,
and follow-up information. Each seed example
is paired with an executable SQLite query, which
serves as a scaffold for generating new questions
and aligned ground truth. We retain the subset of
table-solvable questions that require hybrid reason-
ing rather than simple retrieval, and expand it to
1,500 questions through programmatic augmenta-
tion. For each retained pair (g, s), we generate
a new pair (¢,5) = T'(q,s) by applying a sin-
gle atomic edit to the structured query, such as
modifying the projection, simplifying predicates,
swapping attribute values, relaxing thresholds, or
changing the evidence field while preserving an-
swerability. We keep only read-only variants that
execute successfully and return non-empty results,
then de-duplicate the resulting query patterns and
rewrite each retained structured query into fluent
natural language while preserving its exact seman-
tics.

Ground-Truth Construction. For each final
question ¢, the corresponding query s identifies
a set of relevant rows R = {ry,...,r,} together
with a visible evidence field ¢y used to derive
the hidden target. We then apply a deterministic
row-level reasoning function f to each row to pro-
duce the ground-truth target value y; = f(7;[Csec))
for every r; € R. This function implements the
intended task semantics for normalization, cate-
gorization, boolean interpretation, and structured
extraction, such as mapping an ICI mention to its
class or brand name, determining endpoint role
from endpoint text, bucketing follow-up duration
or publication year, or extracting additional agents,
schedules, regimen components, and control back-
bones from treatment text. To form the benchmark
input, we expose only the visible table copy while
omitting the target values {y;}! ;. The ground
truth is stored separately as the row-aligned pairing

G ={(ri,yi) i1

Clinical-Trial Table Statistic = Value
Rows 159
Columns 32
Unique trials (NCT) 105
Cancer types 19
ICI names 13

Table 1: Statistics of the underlying clinical-trial ta-
ble used to construct the benchmark. The table covers
trial-level oncology evidence, including study metadata,
disease labels, treatment and control regimens, endpoint
descriptions, and follow-up information, spanning 105
unique trials across 19 cancer types and 13 immune
checkpoint inhibitor (ICI) names.

Crucially, each target value is derived from ev-
idence already present in the table rather than au-
thored independently or requiring external domain
knowledge at evaluation time. This design ensures
that the benchmark evaluates hybrid reasoning over
visible evidence: models must infer latent attributes
by interpreting existing table content, rather than
generating plausible but unsupported answers.

3.2 Dataset Guidelines

To create the seed set, a certified clinician authored
questions based on the IOTOX living evidence ta-
ble'. They were asked to write realistic evidence-
review questions while following three guidelines:

* Each question had to be grounded in visible
table evidence.

* The expected answer had to be precise and
structured, typically as a JSON value.

* The answer had to be inferable from the table
itself, without requiring unsupported external
knowledge.

3.3 Dataset Statistics

As shown in Tables 1 and 2, the benchmark is
built from a structured clinical-trial table with 159
records and 32 columns, spanning 105 unique NCT
identifiers, 131 unique PubMed IDs, 95 trial names,
19 cancer types, and 13 ICI names from 2010 to
2021. Although compact, the table is information-
dense: many target outputs are not exposed as
ready-made columns, but must be inferred from reg-
imen text, endpoint descriptions, follow-up fields,
and bibliographic metadata. At the benchmark
level, the dataset contains 1,500 questions with

"https://iotox.living-evidence.com/
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Question Statistic Value
Total questions 1,500
Mean question length (tokens) 21.2
Target fields 31
Answer Types Value
String 957
List 241
Boolean 224
Null-only 78

Table 2: Question and answer-level benchmark statis-
tics. Total questions gives the size of the benchmark;
Mean question length reports the average number of
tokens per natural-language question; Target fields gives
the number of distinct hidden target types covered by
the dataset for reasoning . On the answer side, we re-
port the number of questions whose gold supervision
is primarily string-valued, list-valued, boolean-valued,
or null-only, where null-only questions are those whose
held-out target values are absent for all aligned rows.

an average length of 21.2 tokens and covers 31 dis-
tinct target fields. The answer space is also diverse,
including string-valued, list-valued, boolean, and
null-only outputs, highlighting that the benchmark
evaluates hybrid reasoning across multiple target
types rather than a single narrow form of table
question answering.

4 The SCOPE System & Flow

Given a question ¢ and a visible table copy

X =A{ri,...,rm},

where the answer-bearing target field is omitted but
row identifiers and visible evidence columns are
preserved, SCOPE uses two LLM components: an
executor and a planner. The executor grounds the
question to relevant rows and produces the final
row-level outputs, while the planner interprets the
selected evidence as a structured reasoning prob-
lem. The planner may use the same backbone as
the executor or a different one. We provide the row-
selection, planning, and final-execution prompts in
Appendix A.1.

The method has three steps. First, the executor
identifies a candidate subset of relevant rows from
the full visible table. Second, the planner receives
the question and this candidate table and produces
an explicit reasoning plan. Third, the executor
follows that plan to generate the final row-aligned
output table. In short, the planner determines what
to derive and from which visible evidence, while

the executor determines where that evidence occurs
and returns the final answers.

Executor: Row Selection. The first step grounds
the question ¢ to the visible table X. The executor
selects a candidate subset of rows

R = Escl(dv X) - X.

At this stage, the executor is used only to identify
relevant rows; it does not attempt to derive the final
answer.

Planner: Structured Reasoning. The planner
then receives the question ¢ and the candidate table
R selected by the executor, and predicts a struc-
tured plan

A~

™= P(d, R) = (Csrcacrelapa 0)7

where ¢ denotes the inferred visible source col-
umn that contains the supporting evidence, Cr
denotes the subset of visible columns retained for
downstream execution, p denotes the reasoning
rules needed to transform the source evidence into
the target field, and o denotes the output constraints
that specify the expected answer format.

Executor: Final Table Generation. Given the
planner output 7, the executor operates on the fo-
cused candidate table

X7r = R[Crel}a
and produces the final row-aligned prediction table
é = Eans(q,W7X7r) = {(Tv QT) | re R}

Each predicted value ¢, is keyed by its row r, so
the output remains aligned to the rows in the candi-
date table rather than collapsing the question into a
single free-form answer.

Why Planning Helps. A key advantage of plan-
ning is that it explicitly separates decision points
that are otherwise entangled in single-step gener-
ation. In particular, SCOPE decomposes (i) row
grounding, (ii) source-field identification, and (iii)
transformation into distinct stages, each of which
can fail independently in direct prompting. By ex-
ternalizing these decisions into a structured plan,
the model avoids implicit assumptions about where
evidence resides and how it should be transformed.
This leads to more stable row alignment and re-
duces cascading errors compared to approaches
where these steps are implicitly interleaved.
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5 Experimental Setup

5.1 Baselines

We compare SCOPE against three baseline fami-
lies under the same input setting. Every method
receives the same question ¢ and visible table copy
X, where the target field is omitted at inference
time. When a method produces free text, SQL,
or other intermediate outputs, we normalize its re-
sult programmatically into the shared row-aligned
prediction format

G ={(Fi, i) }i1,
so that all systems are evaluated against the same
held-out ground truth G.

The first family consists of zero-shot, few-shot,
and chain-of-thought prompting (Brown et al.,
2020; Wei et al., 2022), where the model is given
the full visible table X and asked to recover the
omitted target field directly without an explicit plan-
ning stage. The second includes BlendSQL (Glenn
et al., 2024) and EHRAgent (Shi et al., 2024),
which introduce more intermediate tabular struc-
ture reasoning through SQL-like compositional rea-
soning or heavier agentic execution. The third in-
cludes TableGPT2 (Li et al., 2024), a dedicated
tabular reasoning model that jointly consumes the
table and question to predict the hidden target field
directly from the table representation.

5.2 Models and Hyperparameters

We evaluate three LLMs, chosen to span dis-
tinct model families, parameter scales, and post-
training recipes while remaining fully repro-
ducible: Qwen3-30B-A3B-Instruct-2507 (Yang
et al., 2025), gpt-oss-20b (Agarwal et al., 2025),
and Llama-3.3-70B-Instruct (Grattafiori et al.,
2024).  All three are open-weight, general-
purpose instruction-tuned models that are not table-
specialized, which lets us test whether SCoPE’s
gains generalize across model lineages and isolate
the contribution of explicit planning from any table-
specific pretraining. All generations use determin-
istic decoding with temperature 0.0 and top-p 1.0.
Direct prompting baselines are allowed up to 2048
generated tokens per question. For SCOPE, the
planner and executor are chosen from the same
model pool, enabling both same-model and cross-
model configurations. The row-selection step uses
768 tokens, the planner 1024, and the final execu-
tor step 2048, keeping execution lightweight while
reserving more capacity for structured planning.

5.3 Evaluation Metrics

We evaluate each predicted table against the held-
out ground-truth table using three grounded metrics
after one-to-one row alignment. Table F1 is our
primary metric and measures how well a method
recovers the correct hidden target values for the
correct rows, balancing missed and spurious pre-
dictions. Grounded Row Jaccard gives a stricter
overlap-based view by measuring the intersection-
over-union between predicted and gold row-level
outputs. Grounded Fowlkes-Mallows (Fowlkes
and Mallows, 1983) complements these metrics by
summarizing the balance between grounded preci-
sion and recall. Because the target field is omitted
at inference time and restored only in held-out su-
pervision, all three metrics evaluate recovery of
hidden row-level attributes from visible evidence
rather than direct copying.

Impact of row selection errors. Incorrect row se-
lection directly affects all three metrics: missing
relevant rows lowers recall, while selecting spuri-
ous rows lowers precision and overlap. As a result,
the metrics jointly capture both row grounding and
answer correctness.

6 Results and Discussion

6.1 Main Results

Across all backbone families, the most important
result is that SCOPE consistently achieves the
strongest grounded performance while remaining
lightweight relative to heavier structured baselines.
The framework is best overall on GPT-OSS and
Qwen3, and tied on Table F1 while stronger on
grounding metrics for Llama-3.3. The clearest gain
appears for Qwen3, where explicit planning sub-
stantially improves row-aligned reasoning over di-
rect prompting.

RQ1: Does explicit planning improve perfor-
mance over direct prompting and tabular base-
lines? Yes. Table 3 shows that SCOPE is
strongest or tied for strongest across all three
model families on the grounded metrics. It con-
sistently outperforms BlendSQL, EHRAgent, and
TableGPT2, and also improves over the strongest
prompting baselines in most settings. This supports
the central claim of the paper: explicit planning is
more effective than leaving row grounding and rea-
soning implicit inside a single generation step.

RQ2: Are these gains consistent across back-
bone models? Largely yes, although the size of
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Qwen3

Llama-3.3

GPT-0OSS

Method F1(%) RJ(%) FM (%) F1(%) RJ(%) FM (%) F1(%) RJ(%) FM (%)
Tabular Reasoning Methods
BlendSQL 11.56 6.52 20.63 5.60 5.15 5.81 7.30 6.48 7.71
EHRAgent  32.99 29.79 33.74 30.99 28.07 31.69 34.85 31.23 35.65
Prompting Technique Methods
Zero Shot 56.32 44.95 62.73 66.96 54.55 72.04 73.50 61.05 77.47
CoT 55.37 44.65 61.93 70.87 57.83 75.15 74.17 61.77 78.05
Few-Shot 54.74 44.09 61.48 69.38 56.56 74.05 73.99 61.55 77.85
Table Model Method
TableGPT2 F1: 44.03 RJ: 33.78 FM: 50.81
Ours: SCOPE
SCOPE 63.19 52.07 69.45 70.87 60.66 76.12 74.31 62.48 78.27

Table 3: Per-model comparison across baselines and same-backbone SCOPE, where each listed model is used as
both the planner and the executor. We report F1 (Table F1), RJ (Row Jaccard), and FM (Fowlkes-Mallows). Higher
is better for all metrics. Best values are shown in bold green. TableGPT?2 is a table based model which does not
have a Qwen3, Llama-3.3, or GPT-OSS backbone so it is tested individually.

the gain varies by model. For GPT-OSS, SCOPE
improves over the strongest prompting baseline
from 74.17 to 74.31 Table F1 while also yielding
the best grounded overlap scores. For Llama-3.3,
it matches the best prompting Table F1 (70.87) but
improves Row Jaccard and Fowlkes-Mallows, indi-
cating better row alignment. For Qwen3, the gains
are largest, showing that the framework generalizes
across backbones while being especially useful for
weaker implicit reasoners.

RQ3: Which models benefit most from explicit
planning? Qwen3 benefits the most. Its Table
F1 increases from 56.32 under the best prompting
baseline to 63.19 with SCOPE, with correspond-
ing improvements in Row Jaccard and Fowlkes-
Mallows. This suggests that explicit planning is
particularly helpful when the underlying model is
less reliable at performing row grounding and struc-
tured reasoning implicitly.

Note. In addition to Table F1, grounded Row
Jaccard (RJ) complements evaluation by measuring
intersection-over-union over row-aligned outputs,
directly capturing joint correctness of row selection
and target recovery. This is especially relevant here,
where answers must be derived from the correct
subset of rows rather than retrieved from explicit
cells. Empirically, RJ shows stronger grounding
quality: for Llama-3.3, SCOPE matches the best
Table F1 (70.87) while increasing RJ from 57.83
to 60.66; for Qwen3, F1 improves by +6.87 (56.32
— 63.19) with a larger RJ gain of +7.12 (44.95

Executor  Planner F1(%) RJ(%) FM(%)
GPT-OSS  Qwen3 75.07 63.74 79.26
Qwen3 GPT-0OSS 59.59 48.26 66.32
Qwen3 Llama-3.3  62.47 51.40 68.88
GPT-OSS Llama-3.3  75.12 63.88 79.28
Llama-3.3 GPT-OSS 68.01 57.37 73.64
Llama-3.3 Qwen3 71.43 61.33 76.64

Table 4: Cross-model ablation of SCOPE. Rows report
configurations where the executor and planner use differ-
ent backbones. Higher is better. The best cross-model
result in each metric is shown in bold green.

— 52.07); and for GPT-OSS, nearly unchanged F1
(74.17 — 74.31) still yields a consistent RJ increase
(61.77 — 62.48).

6.2 Cross-Model Ablation

We vary the planner and executor backbones to test
whether planning and execution benefit from dif-
ferent model strengths. In particular, this ablation
asks whether a stronger planner can improve per-
formance even when the execution model is held
fixed, and whether these two roles are better treated
as complementary rather than identical.

Table 4 shows that changing the planner can
indeed improve performance. The clearest exam-
ple is GPT-OSS: when used as both planner and
executor in Table 3, SCOPE reaches 74.31 Table
F1, but replacing the planner with Llama-3.3 in-
creases performance to 75.12, with similar gains in
Row Jaccard and Fowlkes-Mallows. This suggests
that the planner benefits from a stronger reasoning
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Coder Model F1(%) RJ(%) FM(%)
GPT-0OSS 1456  11.67 23.39
Qwen3 48.92 37.53 56.01
Llama-3.3 63.40  51.55 69.10

Table 5: Results for the planner-coder baseline across
coder backbones. The same models are used for the
planning and code generation execution stage. Best
results are shown in bold green.

model even when execution remains fixed.

Another example appears in the Llama-3.3 ex-
ecutor family. In the same-backbone setting,
Llama-3.3 reaches 70.87 Table F1, but replacing
the planner with Qwen3 improves performance to
71.43, with corresponding gains in Row Jaccard
and Fowlkes-Mallows. Together with the GPT-OSS
results, this suggests that changing the planner can
improve performance even when the executor is
held fixed.

6.3 Planner-Coder Baseline

We include the planner-coder setting as an ablation
of whether execution should be made more explicit
through programmatic synthesis. The idea is that, if
the planner already produces a structured reasoning
trace, then compiling that trace into deterministic
Python code could make execution more transpar-
ent and reproducible. This tests an alternative to
grounded LLM execution: executing the plan by
first translating it into code.

Table 5 shows that this formulation performs
substantially worse than SCOPE across all back-
bones. The drop is especially large for GPT-OSS
(from 74.21 to 14.56 Table F1) and Qwen3 (from
63.19 to 48.92), while even the best planner-coder
result with Llama-3.3 (63.40) remains below the
strongest same-backbone SCOPE systems. This
suggests that code-generation-based execution is
more brittle: the model must infer the procedure,
translate it into executable code, and ensure that
the code still matches the table context and output
format. Overall, hybrid clinical table reasoning ap-
pears to benefit more from constrained grounded
execution than from open-ended code synthesis.

7 Model Cost Effectiveness Analysis

Figure 3 compares answer quality against token
budget in the Qwen-based setting. Although
TableGPT?2 is not Qwen-based, we include it as a
reference point for cost-effectiveness against a ded-
icated table model. SCOPE lies on the strongest

Qwen: Table F1 vs Token Budget
64 .SCoPE

57 Zero-Shot
® CoT
W 55 Pew-Shot

/
) oTableGPT2
42/ /
33 .EhrAgent
3 /
12 .BIendSQL

n 20k 30k -

Average total tokens / question

90k

Figure 3: Cost-effectiveness comparison for Qwen-
based methods. The x-axis shows average total tokens
per question and the y-axis shows Table F1.

accuracy-cost frontier, achieving the highest Ta-
ble F1 at roughly 63% with only a modestly larger
token budget than direct prompting baselines. Zero-
shot, few-shot, and chain-of-thought prompting
cluster in the 28k-30k token range but remain in
the mid-50% F1 range, while EHRAgent is cheaper
but much less accurate and BlendSQL is both the
most expensive and the weakest. Overall, SCOPE
adds limited planning overhead while yielding the
best accuracy, making it the most favorable cost-
effective choice in this comparison.

8 Conclusion

We introduced SCOPE, a planner-based framework
for clinical trial table reasoning that separates row
grounding, structured planning, & row-level execu-
tion over visible evidence. Across same-backbone
& cross-model settings, explicit planning consis-
tently improves grounded reasoning performance
over direct prompting & stronger structured base-
lines such as BlendSQL, EHRAgent, & TableGPT2.
The gains are especially pronounced for weaker im-
plicit reasoners while remaining competitive for
stronger backbones. These findings position clin-
ical trial reasoning as a distinct table understand-
ing problem & suggest that lightweight planner-
executor decomposition is an effective and cost-
conscious approach for recovering latent clinical
attributes from partially observed oncology tables.

Limitations

Our study has four main limitations. First, we eval-
uate strong open-weight/open-access models but do
not include the latest frontier proprietary systems,
so the measured gains from explicit planning may
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change under stronger closed models. Second, we
analyze same-backbone, cross-model, and planner-
coder settings, but we do not fine-tune planner and
executor roles separately; role-specialized training
could alter the observed tradeoffs. Third, we do not
run a dedicated memorization analysis. Because
the benchmark is derived from a compact table and
programmatically expanded from a seed set, some
patterns may be partially recoverable from prior
exposure rather than purely from visible evidence.
Fourth, the benchmark is limited to a single oncol-
ogy clinical-trial table, so broader validation across
additional clinical domains, schemas, and larger
real-world evidence tables is still needed.

Ethics Statement

This work supports oncology evidence review and
clinical-trial exploration, not patient-specific diag-
nosis or treatment decisions. SCOPE uses public
trial-level records only and does not use patient
notes, PHI, or PII. No human subjects were re-
cruited, and no new patient data were collected or
released.

Because LLM outputs can be incorrect or over-
confident, we emphasize auditability and ground-
ing in visible table evidence. Evaluation is based
on row-aligned recovery of omitted fields, and the
pipeline exposes planning and execution steps for
inspection. We also restrict execution to read-only
operations and apply schema validation and time-
out safeguards. Our benchmark construction keeps
only valid read-only variants, which improves con-
sistency but may bias coverage toward frequent
query patterns.

While the seed questions are authored by veri-
fied clinicians, he benchmark reflects a constrained
setting: a single oncology clinical-trial table, with-
out longitudinal patient records or free-text clinical
narratives.

Performance on this benchmark should not be
interpreted as clinical reliability. Outputs from
SCOPE require expert review before practical use.
Real-world deployment should include access con-
trols, logging, and clear warnings about model lim-
itations and possible hallucinations.
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A Supplementary Material

A.1 Planner Prompts

We provide the three inference-time prompt vari-
ants used by SCOPE below. Together, they imple-
ment the core stages of the pipeline: the selector-
executor prompt identifies the candidate rows rele-
vant to the question, the planner prompt converts
the question and candidate table into an explicit
reasoning plan, and the planner-executor prompt
uses that plan to produce the final row-aligned pre-
dictions. Including these prompts makes clear how
SCOPE externalizes row grounding, source-field
selection, and answer generation rather than leav-
ing them implicit in a single generation step.

More information on error type analsysi and
prompts utilized for the baseline The code are avail-
able at our project code base underneath the appen-
dices tab.

Prompt A: Plan Executor

You are the final executor stage of a clinical-trials
< table reasoning system.

Use the planner plan and the visible candidate table to
— derive the answer for each row.

Return ONLY valid JSON in this exact shape:

{"predictions”:[{"table_row_id": 1, "answer”: ...3}1}

Rules:

- Return one prediction for each row in the candidate
— table.

- Use the integer "rowid” values from the candidate table
— as table row id.
Use the planner’s inferred source column and derivation

< rules when helpful.

- Derive the answer from visible values and visible row
— context.

- Do not assume the answer already appears verbatim in the
— table.

- Follow the planner’s normalization rules whenever
< possible.

- Do not add explanations outside the JSON.

Prompt B: Planner

You are the planner stage of a clinical-trials hybrid
< querying system.

Overall context:
{{overall_context}}

Your job is to understand the essence of the question and
< help another model derive the answer implied by
< the question for each selected row.

The answer may need classification, normalization,
< extraction, boolean inference, or simple
< transformation.

Focus on what must be derived from visible source values
— and row context.

Return ONLY valid JSON in this exact shape:
{
"task_type":
"inferred_source_column":
"derived_field_description”: "...",
"answer_type": "string|boolean|number|list|object”,

"derive_answer_for_selected_rows”,

" "
coo p

954

"relevant_columns”: ["__rowid__", "..."],
"row_filter_restatement”:

W om
"derivation_rules": ["..."”, "...

)

"5

"normalization_rules”: ["...", "..."],
"output_constraints”: ["...", "..."],
"notes”: "..."

3

Guidance:

- ‘inferred_source_column‘ should name the visible column
< that most likely contains the source evidence the
— executor should derive from.

- ‘relevant_columns‘ should be a focused subset of the
< visible headers that the executor needs in the
<~ final step.

- ‘derivation_rules‘ should explain how to derive the
— answer from visible source values and context.

- ‘normalization_rules‘ should specify canonical output
< formatting when relevant.

Question:

{{question}}

Visible headers:
{{headers_json}}

Candidate row count:
{{candidate_row_count}}

Candidate preview JSON:
{{candidate_preview_json}}

Prompt C: Selector-Executor

You are the executor stage of a clinical-trials table
< reasoning system.

Your current job is only to identify which visible rows
< satisfy the question.

Do not derive the final answer yet.

Return ONLY valid JSON in this exact shape:
{"selected_row_ids":[1,2,3], "selection_reason”:"...","
< needs_derivation”:true}

Rules:
- Use only the visible table content.
- Use the integer "__rowid__" values from the table.
- If no rows satisfy the question, return {"
< selected_row_ids":[],"selection_reason”:"...
< needs_derivation”:true}.
- Do not add explanations outside the JSON.

non
)

Question: {{question}}

Visible headers:
{{headers_json}}

Visible table (CSV):
{{table_csv_text}}


https://srchowd3-445.github.io/SCoPE/

