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ABSTRACT

Large language models (LLMs) increasingly take part in data dis-
covery decisions such as table unionability—judging whether two
tables can be meaningfully combined. Once framed as a model
prediction or human-labeling problem, unionability is increasingly
settled through LLM-assisted decision-making, where a person
decides but a model’s suggestion becomes one more input. The
design question is then not only whether to provide assistance, but
how to present it. We report a pilot survey in which participants
judge a table pair, then may revise after seeing assistance in one
of three forms: a bare recommendation, a recommendation with
an explanation, or one that also conveys the model’s expressed
uncertainty. Across 90 decisions, aggregate accuracy barely moved,
yet a transition-level view shows assistance corrected some errors
while introducing a comparable number of new ones, and assistance
form was associated with differences in both answer revision and
confidence calibration. These preliminary findings suggest treating
assistance form as a policy variable in future agentic data-discovery
systems that expose, suppress, or qualify a suggestion according to
the predicted risk of harmful reliance.
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1 INTRODUCTION

Large language models (LLMs) are moving from the edges of data
discovery into its core, where they increasingly take part in seman-
tic decisions, which were traditionally reserved for humans [8, 9, 15,
20]. One such decision is table unionability: judging whether two
tables can be meaningfully combined [17]. It has commonly been
framed in two main ways. A model-prediction problem, in which a
learned model scores whether two tables describe the same kind
of entity 7, 11, 17]. Alternatively, as a human-labeling problem,
in which human judgments are used to curate ground-truth labels
for training and evaluating such systems [13, 18]. In practice, how-
ever, the two often converge in LLM-assisted decision-making: a
human makes the unionability call, but a language model’s sug-
gestion is placed in front of them and becomes one more input to
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Figure 1: Transitions in participant answer correctness before
and after LLM assistance.

their judgment [4]. In this workflow, the key question is not only
whether LLM assistance is available but how that assistance should
be presented to the human.

Yet humans are imperfect at this task. An earlier study reports an
accuracy of about 61% [13, 16], suggesting clear room for assistance.
In many current settings, this assistance may come from an LLM.
One might expect that placing an LLM suggestion in front of a
human would straightforwardly improve the resulting judgments,
but our pilot results suggest a more nuanced picture. Across 90 task
decisions, aggregate accuracy changed very little after participants
saw the LLM suggestion. Accuracy increased from 73.3% to 74.4%,
which corresponds to only one additional correct answer. Taken
alone, this near-flat result could suggest that assistance has little
effect. Figure 1 tells a different story. Beneath the stable aggregate
lie two opposing flows: assistance corrected 7 previously incorrect
answers, but it also turned 6 previously correct answers wrong. The
net gain of one masks roughly balanced help and harm. Assistance
did not uniformly improve decisions so much as redistribute them,
and final accuracy alone is blind to that redistribution.

This shifts the central question from whether assistance helps
on average to when it helps, in what form, and under what con-
ditions it may instead cause harm. To examine this, we designed
and ran a survey in which each participant first judged a table pair
and reported their confidence, then saw LLM assistance in one of
three forms — (1) a recommendation-only, (2) a recommendation
paired with a natural-language explanation, or (3) a recommen-
dation with explanation accompanied by the model’s expressed
uncertainty. The participants could then revise both their answer
and confidence. Recording behavior on both sides of the sugges-
tion lets us observe revision and confidence change rather than
only a final label. The form of assistance appeared to matter: it was
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associated with whether answer changes tended to help or harm,
and with how well the resulting confidence tracked correctness.
Explanation-based assistance was the most promising in this pilot,
while expressed uncertainty was associated with more harmful
revisions and greater overconfidence.

The goal of this paper is to examine how the form of LLM assis-
tance may influence human decision-making in table unionability.
Main contributions:

o A preliminary transition-level analysis showing that a near-
flat change in aggregate accuracy hides offsetting correc-
tions and new errors.

e A comparison of three assistance forms—recommendation,
explanation, and uncertainty—linking form to whether re-
visions help or harm and to confidence calibration.

e A vision for treating assistance form as a policy variable in
future reliance-aware data-discovery systems.

2 LLM ASSISTANCE IN TABLE UNIONABILITY

This section positions our study within prior work on table union-
ability, human judgment in data integration and discovery, and
LLM-assisted decision-making. We then describe the survey de-
sign, item selection, and measures used to examine how different
forms of LLM assistance affect participants’ answer revisions and
confidence in table unionability decisions.

2.1 Related Work

Table unionability and data discovery. Table unionability is a
core operation in data discovery, where the goal is to find tables
that can extend a tabular dataset with additional rows [17, 21].
Most prior work treats it as an automated prediction task, scoring
candidate tables by shared domains, column semantics, or learned
representations [7, 11, 12, 17], with recent benchmarks using LLMs
to generate and label union pairs at scale [19]. This has improved
automated accuracy but largely abstracts away the human, treating
unionability as a label to predict rather than a judgment a person
makes. However, the judgment is often semantically ambiguous,
with definitions emphasizing schema compatibility, domain over-
lap, semantic similarity, or the preservation of relationships among
columns [13, 16]. This motivates studying not only model perfor-
mance but how people reason about unionability.

Humans in the loop and the cognition of judgment. A complemen-
tary line keeps people in the loop for integration and matching,
both as a source of labels and as decision-makers whose reliabil-
ity must itself be understood [6, 14]. Studies of human matching
behavior repeatedly document overconfidence and a gap between
perceived and actual accuracy, and use behavioral signals such as
decision time and confidence to characterize and calibrate judg-
ment [1, 22, 24]. Our prior study brought this metacognitive lens to
table unionability, finding confidence-accuracy gaps and showing
that combining human and model signals can outperform either
alone [13]; it did not, however, examine what happens to a person’s
judgment once an LLM suggestion is placed before them.

LLM-assisted decision-making and the form of assistance. A grow-
ing body of work studies how model predictions, explanations, and
interface designs influence human decision-making [2, 10, 26]. The

form of assistance matters: confidence scores can help calibrate
trust yet do not by themselves guarantee better decisions [26]. Ex-
planations can raise acceptance of a model’s output, sometimes
improving team performance, sometimes encouraging reliance even
when the model is wrong [3, 5]. Recent LLM-based systems fur-
ther explore human-LLM collaboration in search and information
seeking through clarification, role-based prompting, retrieval aug-
mentation, and user-guided disambiguation [4, 25].

What remains underexplored is how different forms of assis-
tance compare specifically for table unionability, and how each
affects not only whether a person revises an answer but whether
that revision helps or harms and whether the resulting confidence
stays calibrated. We take a first step toward this question, treating
assistance form as a variable to be studied rather than fixed.

2.2 Study Design and Measures

Survey workflow. We study LLM-assisted unionability judgment
through a survey-based prototype that separates a participant’s
independent judgment from their response to LLM assistance. Ten
participants each answered nine table-pair questions, yielding 90
participant-task decisions. In each question, the participant first
sees a pair of tables and gives an initial binary unionability decision
(unionable/non-unionable), together with a confidence rating on
a 0-100 slider. The survey then reveals LLM-generated assistance,
after which the participant may revise their decision, update their
confidence, and add a short free-text justification; they also rate
how helpful the assistance was on a 1-5 scale. For every decision,
we therefore record both pre-assistance and post-assistance an-
swers and confidence ratings. Correctness is scored against the
UGEN-derived benchmark label inherited from the prior union-
ability study [19]. Recording behavior on both sides of the LLM
suggestion lets us observe answer revision and confidence change
rather than only a final label. For more detailed view, we created
an open version of our survey'.

Assistance forms. Assistance is shown in one of three forms,
with three questions assigned to each: a recommendation-only
(the model’s binary unionable/non-unionable prediction); a recom-
mendation paired with a short natural-language explanation; or a
recommendation and explanation accompanied by the model’s self-
reported uncertainty (a confidence percentage). The three forms
are interleaved across the nine questions so that each participant
encounters all of them within a single session.

Item selection. The nine table pairs were drawn from a larger
candidate pool used in our prior unionability survey [16], whose
table pairs and ground-truth unionability labels are themselves
inherited from the UGEN benchmark [19]. We screened the pool so
that the pilot would span a range of realistic conditions rather than
only clear-cut cases, considering the difficulty and humans’ per-
formance of each question that was estimated from question-level
accuracy in the earlier study [13]. LLM behavior was collected in
advance using a single fixed prompt, recording the model’s answer,
its self-reported confidence, its explanation, and whether its an-
swer aligned with the benchmark label. Guided by these signals, we
selected a balanced set of items spanning easier and harder cases,
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Table 1: Accuracy and answer changes by assistance form.

Assistance form Initial Final Switch Beneficial Harmful

acc. acc. rate changes  changes
Recommend. only  86.7% 86.7%  6.7% 1
Explanation 70.0% 833%  13.3% 4 0
Uncertainty 63.3% 533%  23.3% 2 5

unionable and non-unionable pairs, and both human-AT agreement
and disagreement. More details about item selection strategy can
be found in our repository?.

Analysis measures. We characterize decisions along two axes:
decision quality and confidence quality. For decision quality, we
report accuracy before and after assistance and classify each paired
decision into one of four transition outcomes: stable correct, cor-
rected (incorrect — correct), new error (correct — incorrect), and
persistent error. From these transitions, we derive a per-form switch
rate, defined as the fraction of decisions whose answer changed,
and counts of beneficial changes and harmful changes. This transi-
tion view is intended to distinguish movements that final accuracy
alone would miss.

For confidence quality, we compute calibration and resolution
following [23], before and after assistance, separately for each as-
sistance form. Calibration captures how closely mean reported
confidence ¢, matches empirical accuracy Accy:

Cal(g) = ¢4 — Accy. (1)

With both quantities expressed on a common 0-100 scale, values
near zero indicate well-aligned confidence, positive values suggest
overconfidence, and negative values suggest underconfidence. Res-
olution captures whether confidence discriminates correct from
incorrect decisions. We measure it as Goodman-Kruskal’s rank
correlation y between the vector of confidence ratings ¢, and the
corresponding vector of correctness indicators y:

Res(g) = y(cg yg) - @)

Larger positive values indicate that higher confidence tends to
accompany correct decisions, values near zero indicate little dis-
crimination, and negative values indicate that higher confidence
is, on average, associated with errors. We also report the mean
confidence shift from pre- to post-assistance to check whether an
assistance form raises certainty without a corresponding improve-
ment in correctness.

Together, these measures allow us to examine not only whether
LLM assistance changed final accuracy, but also how participants
moved between correct and incorrect answers and whether their
confidence remained aligned with correctness.

3 PRELIMINARY FINDINGS

We now turn to preliminary findings, beginning with answer ac-
curacy and reliance patterns before examining confidence quality.
We read each result not only for what it reveals about participant
behavior, but also for what it implies for a potential system.

Zhttps://github.com/NinaKlimenkova/LLM- Assistance-for-Table- Unionability/blob/
main/Questions_evaluation.xlsx
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Figure 2: Calibration gap before and after assistance across
assistance forms. Negative values indicate underconfidence,
while positive values indicate overconfidence.

3.1 Decision Quality

We first examine whether LLM assistance improved participants’
final unionability judgments. Across 90 participant-task decisions,
initial accuracy was 73.3% (66/90) before participants saw the Al
suggestion; after reviewing it, final accuracy rose only slightly to
74.4% (67/90). Taken alone, this suggests LLM assistance had a very
modest effect on final task performance. But this small net change
hides movement in the decision process. Figure 1 shows the transi-
tion from initial to final correctness. Most decisions were stable: 60
initially correct answers stayed correct and 17 initially incorrect
remained incorrect. Of the 13 that changed, 7 were beneficial (incor-
rect — correct) and 6 harmful (correct — incorrect). The net gain
of one thus masks two nearly balanced effects: assistance corrected
some errors but introduced others.

Implication: Final accuracy alone collapses four distinct out-
comes, stable correctness, corrected errors, persistent errors, and
newly introduced mistakes, that carry different meaning for a sys-
tem. The source of a final label matters. A correct answer may
reflect the human’s original judgment, a correction prompted by
the AJ, or an answer the Al simply confirmed. An incorrect answer
may reflect either a human error that persisted or a new error in-
troduced by the assistance. For future systems that reuse human
feedback as labels for data integration, evaluation, or model refine-
ment, these transitions should be logged rather than collapsed into
a single accuracy score.

We next compare these patterns across the three assistance forms
that we describe in Section 2.2. As shown in Table 1, recommendation-
only assistance appeared mostly confirmatory: initial and final ac-
curacy were both 86.7%, with a low switch rate of 6.7% and one
beneficial and one harmful change. Explanation-based assistance
showed the most promising pattern in this pilot, increasing ac-
curacy from 70.0% to 83.3%, with four beneficial changes and no
harmful changes. In contrast, the uncertainty condition produced
the highest switch rate, at 23.3%, and more harmful than beneficial
changes. These differences suggest that assistance form may shape
not only whether users change their answers, but also whether
those changes improve or degrade final decision quality. Because
each assistance form is tied to specific table-pair instances in this
pilot, we interpret these patterns as exploratory rather than causal.
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Figure 3: Resolution before and after assistance across assis-
tance forms. Higher values indicate a stronger association
between participants’ confidence and correctness.

Implication: These patterns imply that assistance form could be-
come a policy variable in future agentic data-management systems.
Rather than always exposing the same LLM output, a system could
adapt the form of assistance to the situation: recommendation-only
support for lightweight confirmation, explanations for semantically
ambiguous cases, and confidence-augmented assistance for cases
that require more careful review. This points toward adaptive assis-
tance mechanisms that balance decision support with the risk of
over-influencing the human reviewer.

3.2 Confidence Quality

We next examine how assistance affected participants’ confidence,
and whether it remained informative of correctness, using the cal-
ibration and resolution measures from Section 2.2. Across all 90
decisions, mean confidence rose from 69.3 to 75.6 while accuracy
barely moved (73.3% — 74.4%), suggesting assistance raised cer-
tainty more than correctness and making calibration and resolution
central to assessing that confidence.

At the aggregate level, confidence became better aligned with
correctness: the calibration gap moved from —4.0 (slight undercon-
fidence) to +1.1 percentage points (near zero), and resolution rose
from y = 0.27 to y = 0.52. Participants thus became both more
confident and more informative of correctness.

These aggregate trends, however, varied by form. Figure 2 shows
the calibration gap by form: recommendation-only assistance re-
duced underconfidence (-18.6 — —11.2) and explanation stayed
near optimal (+1.1 — —5.3), while uncertainty showed the largest
risk, widening into stronger overconfidence (+5.5 — +19.9).

Resolution followed a related but distinct pattern, shown in
Figure 3. Recommendation-only sharply increased it (0.56 — 0.90)
despite flat accuracy we see in Table 1, and explanation did too
(0.32 — 0.80)—and given explanation’s accuracy gains, that rise
reflects genuinely more informative confidence. Uncertainty rose
only slightly (0.16 — 0.22), raising certainty without making it
better at separating correct from incorrect answers.

Implication: These patterns suggest that future agentic data-
discovery systems should treat confidence not as a user-reported
number but as a signal whose quality depends on the form of assis-
tance: some forms make confidence more grounded and informative,
while others raise certainty without improving its usefulness. This

points toward assistance policies that monitor not only whether
confidence rises but whether it stays calibrated and diagnostic
enough to guide downstream actions such as accepting a label,
requesting another review, or escalating an ambiguous pair.

Overall, these preliminary findings suggest that LLM assistance
shaped decisions in ways final accuracy alone does not capture.
Explanation-based support appeared most promising in this pilot—
improved accuracy, beneficial revisions, and more informative con-
fidence, without the overconfidence seen under uncertainty. This
observation is pointing toward systems that adapt not only whether
assistance is provided but what form it takes. We next discuss limi-
tations and directions for future work.

3.3 Limitations and Future Work

As a pilot, this study is intended to surface hypotheses about LLM
assistance rather than to settle them, and its scope is correspond-
ingly modest: ten participants and 90 decisions, 30 per form. By
design, each assistance form was paired with a fixed set of table
pairs, so form and item are intertwined in these results. We there-
fore read the form-level patterns as exploratory—indications of
where assistance form may matter, to be confirmed under more
controlled conditions.

A larger study should counterbalance or randomize assistance
forms across table pairs to separate form from item, add partici-
pants, and test multiple LLMs and prompting strategies, allowing
firmer conclusions about when explanations help, when a bare rec-
ommendation suffices, and when expressed uncertainty increases
rather than reduces harmful reliance. It should also conduct deeper
analysis of behavioral signals such as justifications, helpfulness
ratings, decision time, and trajectories of confidence change, as
candidate input to an adaptive policy.

Building such a policy is itself an open problem. A system would
need to pick a form of assistance from signals available before a
decision is final—how confident the human is, how ambiguous the
item looks, and whether the human and model agree. It would then
be judged by its effect: the errors it helps correct against the new
errors it causes. A natural next step is to test such policies in data-
discovery workflows, where human labels feed downstream tasks.
The question is whether adapting the form of assistance improves
not just the labels, but the reliability of the process behind them.

4 CONCLUSION

We reframed table unionability as a problem of LLM-assisted human
decision-making, where the design question is not only whether
to offer a suggestion but how to present it. Our pilot’s central
lesson is methodological. Overall accuracy barely changed, but
that flat number hid two opposing movements: assistance corrected
some answers but introduced new errors in others. The form of the
assistance also mattered—it shaped whether changes helped or hurt,
and whether people’s confidence matched how often they were
right. How a decision was reached, and how the suggestion was
shown, are part of the outcome. If a system can adjust the form of
assistance instead of fixing it in advance, it could help people decide
without quietly overriding their judgment. Confirming when, and
for whom, each form helps is the work ahead.
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