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ABSTRACT

Table union search (TUS) identifies tables that can be meaningfully
combined with a given query table and is a core task in data discov-
ery over data lakes. Yet, what it means for two tables to be “union-
able” is inherently ambiguous: domain experts may disagree even
on seemingly simple cases, and existing benchmarks collapse this
disagreement into binary labels, omitting the behavioral context
behind human decisions. We take a human-centered view of table
unionability and study how humans, traditional TUS methods, and
large language models (LLMs) interact on this task. We introduce
TUNE (Table UNionability with human Evaluation), a benchmark
of 464 expert judgments over 26 table pairs that records binary deci-
sions, confidence scores, decision times, interaction traces, textual
explanations, and post-survey reflections. Using TUNE, we (i) char-
acterize human performance, overconfidence, and metacognitive
quality (calibration and resolution); (ii) benchmark state-of-the-art
TUS methods (Starmie, SANTOS, D3L), revealing complementary
strengths and systematic misalignment with human judgments;
and (iii) evaluate four experimental scenarios that combine human
behavioral signals and TUS features using classical ML models
and LLMs. The best configuration we experimented with reaches
84% accuracy, improving over both human majority vote and the
strong standalone TUS method, while LLMs act as useful second
opinions but are sensitive to conflicting signals. Overall, our results
suggest that unionability labels reflect a structured yet imperfect
human decision process and that hybrid human-model (may it be
traditional classifiers or LLMs) pipelines provide more reliable and
interpretable unionability assessments.
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1 INTRODUCTION

Most analytics tasks do not end with one table. Data scientists
routinely augment their datasets by discovering and combining
relevant external sources. This process is often framed as data
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Figure 1: Ambiguous unionability case from the survey.

discovery [1, 5, 7, 15, 21], a broad retrieval task focused on iden-
tifying potentially useful datasets in large repositories or data
lakes. Within this broader landscape, TUS is a specialized discov-
ery task that identifies candidate tables that can be meaningfully
unioned with a given query table to expand its coverage or complete-
ness [2, 11, 16, 18, 20, 22, 32, 35]. In this paper, we focus specifically
on TUS and the challenges involved in defining, evaluating, and
modeling unionability decisions.

Despite the apparent simplicity of the task, the literature exhibits
diverse interpretations of what “unionable” means [16, 20], and even
domain experts often disagree when assessing the same table pairs
[30]. Different frameworks adopt different criteria, from requiring
identical schemas [37] to accepting domain-level correspondence
[2, 32] to insisting on preserved inter-column relationships[20].
This diversity in definitions raises a question: how do humans ac-
tually make unionability judgments when faced with table pairs?
Studying how humans make unionability decisions, what drives
their judgments, where and why they disagree, and how confident
they feel, can inform benchmarks that capture this complexity.

Current research on TUS faces several reproducibility challenges.
First, existing benchmarks often provide only binary ground-truth
labels without capturing the inherent ambiguity in unionability
decisions [14, 20, 32, 34, 45]. In many cases, two domain experts
may reasonably disagree on whether certain table pairs should be
unioned, yet this disagreement is invisible in current evaluation
frameworks. Second, most evaluation datasets lack the rich contex-
tual information needed to understand why certain judgments are
difficult: Are errors due to subtle schema mismatches? Semantic
ambiguity? Or fundamental disagreement about what “unionable”
means? Third, the human decision-making process is a black box.
We lack systematic data on how people evaluate table pairs and
how confident they are in their judgments.

We began addressing these challenges in our prior workshop
study [30], where we conducted an experimental survey to ana-
lyze how individuals judge unionability. We revealed systematic
behavioral patterns, such as confidence-accuracy gaps, overconfi-
dence, and decision-time effects that influence human performance
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in these complex semantic tasks. We also captured disagreement
even on seemingly straightforward cases, revealing that “ground
truth” itself is often contested. Example 1 shows one table pair from
our survey and disagreement among our users. We provide a clear
comparison in Section 2.4.

ExAMPLE 1.1. REASONABLE EXPERT DISAGREEMENT

Consider the table pair in Figure 1. When 15 human annota-
tors (more details about their qualifications and background
are provided in Section 3) evaluated the pair, they split 8-7 on
unionability with 73% average confidence. The disagreement
reveals two fundamentally different interpretations:
Semantic Equivalence Perspective (8 voted “Yes”): These
experts probably focused on conceptual similarity and over-
lapping domains. One expert with confidence 97% stated:
‘columns in both tables have the same meaning.” Another
with confidence 92% explained: “both tables are union-able
because they have the same type of columns for 2 that is
continent and language. And the third row is country and
city”

SQL UNION Requirements Perspective (7 voted “No”):
These experts seemingly applied strict syntactic criteria from
database operations. One expert with confidence 95% pro-
vided a detailed technical argument: “To perform a union
operation on two tables, the following conditions must be
met: Same Number of Columns, Same Column Names, Com-
patible Data Types. Since the column names and their order
are different between the two tables, they do not meet the cri-
teria for a union operation.” Another expert with confidence
94% emphasized the structural mismatch: “Tables A and B
cannot be union because they have different structures and
incompatible data. table A lists countries and their languages,
while table B lists cities and their languages.”

Despite offering thorough and confident explanations, the
two groups arrived at conflicting decisions. This pattern sug-
gests the importance of benchmarks that reflect not just end
decisions, but also the variability in expert perspectives, con-
fidence, and reasoning.

These preliminary findings motivated the development of TUNE
(Table UNionability with human Evaluation), a benchmark that
extends our workshop study into a comprehensive resource for
reproducible unionability evaluation. TUNE’s primary objective is
to assess human performance on the unionability decision task, estab-
lishing a behavioral baseline for TUS by capturing votes together
with confidence, decision time, interaction traces, and free-text ex-
planations. From this human-centered foundation, we further study
how richer human and algorithmic signals can improve annotation
quality and unionability prediction accuracy. Finally, by releasing
multi-annotator vote distributions, TUNE enables quantifying pair-
level ambiguity and supports ambiguity-aware evaluation; we high-
light this primarily as an opportunity enabled by TUNE for future
work. These objectives support three intended use cases: evaluating
TUS methods with richer human-alignment metrics beyond binary
accuracy, developing human-in-the-loop data discovery pipelines
informed by behavioral evidence and benchmarking LLM-based
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approaches against human baselines. With these use cases in mind,
we address several key questions:

Human Understanding. What cognitive and behavioral factors
drive human judgments of table unionability?

Machine Learning Augmentation. How effectively can ML models
predict or improve human decisions using behavioral and contex-
tual features?

LLM Synergy. To what extent can large language models emulate
or be enhanced by human reasoning in unionability tasks?

Hybrid Intelligence. How can combining human insight with
algorithmic and LLM reasoning improve the robustness and ex-
plainability of data discovery systems?

To answer these questions, we conduct three complementary
investigations using TUNE that bridge human and computational
approaches to unionability assessment. First, we evaluate how state-
of-the-art TUS methods such as SANTOS [20], Starmie [16], and
D3L [2], perform on tasks from the survey, revealing where algo-
rithmic predictions align with or diverge from expert judgments.
Second, we develop ML models that leverage behavioral indica-
tors (confidence, timing, click patterns) to predict judgment quality,
achieving 84% accuracy (+23% over raw human input). Third, we
assess LLMs enhanced with human insights, showing that LLMs
can successfully harness human wisdom to match majority voting
performance. These experiments collectively demonstrate that com-
bining human behavioral patterns with computational methods,
whether through ML classifiers or LLM prompting, yields superior
performance compared to either approach in isolation. In summary,
this work contributes:

(1) TUNE Benchmark: A publicly available human-centered
dataset! for studying table unionability, integrating hu-
man judgments, behavioral metadata, text explanations,
and ground-truth annotations.

Behavioral Analysis: A study of human decision-making
in TUNE, revealing overconfidence, diverse reasoning strate-
gies, and meaningful behavioral signals (decision time, click
patterns, confidence). We show that these cognitive traces
capture ambiguity that binary labels alone cannot repre-
sent.

ML Experimental Studies: An extensive ML study show-
ing how individual behavioral indicators (decision time,
confidence, interaction patterns) and aggregated crowd sig-
nals enhance prediction of unionability correctness. Abla-
tion studies show that decision-time features and aggre-
gated human signals are particularly powerful.

LLM Performance and Human-Model Synergy: A sys-
tematic evaluation of open source LLMs on TUNE, demon-
strating that human-derived signals can enhance model
reliability on difficult unionability decisions.

@
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2 BACKGROUND AND RELATED WORK

In this section, we formalize the unionability decision problem and
situate our work within prior research on table union search and
human-in-the-loop data integration.

!https://github.com/NinaKlimenkova/TUNE_Benchmark/tree/main/data
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2.1 Task Definition

Let 7 be a universe of tables, where each table T € 7 is a relation
with schema Sch(T) (attribute names and types) and instance I(T)
(its rows). Given a query table Ty and a candidate table T.€ 7, the
table unionability task is to decide whether Ty and T can be mean-
ingfully combined by row-wise union under a chosen notion of
“unionability” (e.g., compatible entity type per row and semantically
aligned columns).

In this paper, we do not address the search problem or the chal-
lenge of retrieving candidate tables from large repositories. Our
focus is solely on the decision aspect of TUS: given a specific pair
(Tg: Tc), how well can methods judge whether the tables are union-
able? Accordingly, our benchmark evaluations in Section 3.4 ana-
lyze three widely used TUS methods — Starmie [16], SANTOS [20],
and D3L [2], as decision functions rather than search mechanisms.

For our experiments in Section 4, we assume a ground truth y €
{0, 1} indicating whether (Tg, Tc) is unionable. In our setting, a pair
is labeled unionable when the two tables (generated on the same
topic) contain a set of unionable columns, i.e., semantically similar
columns that can be aligned across the tables. The unionability
decision problem is to learn a function f : 7 x 7 — [0,1] such
that f(Ty, Tc) approximates the unionability score that y = 1. In
the table union search methods setting, the task becomes: given a
query table T; and a candidate set C C 77, produce a ranking over
all T, € C according to their unionability scores f(Ty, T¢), so that
unionable candidates appear higher than non-unionable ones.

Alongside the ground-truth labels, we observe individual hu-
man judgments y(”) for each annotator u and collect associated
behavioral signals. Our goal is to understand how these human-
derived signals relate to unionability outcomes and how they can
improve automated estimates of f(Ty, Tc) within the experimental
frameworks introduced in Section 4.

2.2 Table Union Search Methods

TUS has evolved significantly over the past decade, driven by the
proliferation of data lakes. Despite this progress, the field remains
characterized by diverse and often conflicting approaches to defin-
ing and solving the unionability problem. Below, we review the
state-of-the-art methods, how they define table unionability and
discuss their advantages and limitations in the context of our work.

Early Foundations: Schema-Based Approaches. Traditional
database systems define union operations strictly: two tables Ty
and T, are unionable only if their schemas Sch(Ty) and Sch(T.)
are identical in attribute names, types, and ordering [37]. This
definition ensures syntactic compatibility but proves overly re-
strictive for real-world data discovery, where tables from heteroge-
neous sources rarely share perfectly aligned schemas. Historically,
schema matching can also be applied to identify corresponding
attributes [23, 28, 36, 38, 39, 43].

Relaxing Constraints: Domain-Based Union Search. Narge-
sian et al. [32] proposed a domain-based definition of unionability:
Ty and T, are unionable if their corresponding attributes belong to
the same underlying semantic domain (e.g., both represent countries
even if named differently), representing a more flexible, semantics-
driven interpretation. Building on this, Bogatu et al. [2] introduced
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D3L, which constructs separate LSH indexes for five complementary
evidence types—attribute name similarity, value overlap, format pat-
terns, word embeddings, and domain distributions—and aggregates
them through a learned weighted distance metric.

Semantic Enrichment: Contextual Representations. Fan et
al. [16] advanced the notion of unionability by embedding tables
into a semantic vector space, where the unionability score f(Tg, Tc)
emerges from geometric similarity in the learned embedding space
rather than explicit domain matching. Subsequent work extends this
direction: Hu et al. [18] propose AutoTUS, which jointly captures
local column signals and global table structure, while Qiu et al. [35]
introduce LIFTus, an adaptive multi-aspect column representation
model for TUS that is designed to better handle non-linguistic and
numeric data.

Relationship-Aware Union Search. Khatiwada et al. [20] intro-
duced SANTOS, which requires that unionable tables preserve not
just domain correspondence but also inter-column relationships.
For example, if a table T exhibits a functional dependency such
as Country — Capital, a unionable table T, must respect the same
dependency. Rather than only aligning attributes, SANTOS aligns
semantic constraints within tables using graph-based matching
techniques.

Advantages & Limitations: These four families represent a clear
progression from strict syntactic matching to increasingly flexible
semantic and structural criteria, with each generation capturing
more of what makes tables unionable. Yet all share fundamental
limitations: they produce deterministic scores without modeling
the uncertainty we observe among domain experts, contextual em-
beddings operate as black boxes with limited explainability, and
relationship-aware definitions can be overly restrictive, excluding
tables that humans nevertheless consider unionable (see Example 1).
More broadly, none account for the context-dependent, interpretive
nature of unionability that motivates the human-centered perspec-
tive we advance in this paper. Longer discussion is provided in our
technical report [31].

2.3 Cognitive-aware Data Discovery

Cognitive aspects of human decision-making have been examined
in related data integration tasks [24, 26, 48], most notably in schema
and entity matching, where prior work [25, 40, 41] demonstrates
that humans exhibit overconfidence, inconsistent evaluation strate-
gies, and characteristic decision-time patterns. However, to the best
of our knowledge, no prior work has applied a similar cognitive,
behavior-aware analysis to table unionability itself. This gap is par-
ticularly important because unionability involves interpretation,
context, and semantic reasoning that may vary across individuals,
yet existing systems assume humans serve as reliable validators
without examining the consistency or alignment of their judgments.

Complementary to this cognitive line of work, several recent
papers critically examine TUS benchmarking. Pal et al. [33] propose
a generative framework showing that LLM-generated benchmarks
are substantially more challenging than hand-curated ones; Srinivas
et al. [45] introduce LakeBench, demonstrating that current tabular
foundation models still perform far from satisfactorily; and Boutaleb
et al. [3] show that simple baselines can achieve surprisingly strong
results due to dataset-specific artifacts. While these efforts call



for richer evaluations, they still treat unionability labels as fixed
ground truth and do not analyze the human decision processes that
generate those labels.

2.4 Preliminary Work

Our earlier workshop paper [30] took a first step toward addressing
this gap through an exploratory study of human unionability judg-
ments conducted over the same survey infrastructure described in
Section 3.1. That study focused on initial behavioral observations
and preliminary ML and LLM experiments.

We observed systematic confidence—accuracy mismatches: mean
confidence remained high (around 74%-79%), while actual accuracy
was noticeably lower (59%-66%). Behavioral traces such as decision
time and click patterns emerged as strong predictors of judgment
quality, indicating that humans struggle with certain unionability
decisions and that this struggle is reflected in their interaction pat-
terns. Training traditional ML models on these behavioral features
achieved an average accuracy improvement of roughly 25 percent-
age points over raw human labels, with decision-time features alone
providing much of the gain.

LLMs add another dimension to the study of unionability [17, 27,
29]. ALT-GEN [34] explored LLMs for TUS using natural-language
table representations but did not incorporate human behavior. Our
workshop study found that LLMs alone do not consistently out-
perform humans, yet when provided with human consensus and
metacognitive metrics through in-context learning, LLM accuracy
improved from 59.4% to 75.0%, matching human majority voting.
This suggests that combining human judgment patterns with auto-
mated methods can yield better outcomes than either approach in
isolation, a hypothesis we investigate further in our analysis.

These preliminary findings highlighted the need for a scalable,
behavior-rich benchmark capturing how humans interpret union-
ability, motivating the development of TUNE. The current paper
extends the workshop study by replacing its ad-hoc configurations
with a systematic experimental framework involving 4 Scenarios
and conducting a rigorous LLM evaluation across 8 models with
selection based on calibration and resolution, as we described in
Section 4. We also deepen the behavioral analysis through for-
mal metacognitive metrics and sentiment-based explanation anal-
ysis, benchmark and integrate three TUS methods (Starmie[16],
SANTOS[20], D3L[2]) as features, and formalize the resulting re-
source as the TUNE benchmark with explicit goals, use cases, and
public data artifacts, as described in Section 3. Finally, we broaden
annotator diversity through an additional annotation on Prolific?,
released as TUNE 2.0 that we described in Section 6.

3 THE TUNE BENCHMARK

We introduce TUNE (Table UNionability with human Evaluation),
a benchmark combining human judgment and TUS methods pre-
dictions over table unionability decisions. It enables analysis of
agreement, reasoning patterns, and model-human alignment.

3.1 TUNE Overview

TUNE builds upon the TUS benchmark infrastructure by leverag-
ing 26 table pairs from the UGEN benchmarks [33]. These pairs

Zhttps://www.prolific.com
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Table 1: Key statistics of the TUNE benchmark.

Statistic Value
Table pairs 26
Survey versions 4 (V1-V4)
Unionability questions (per version) 8
Unionability questions 32
Participants 58
Total judgments 464
Judgments per pair (avg.) ~ 14.5
Average accuracy (single human) 61.2%
Average accuracy (majority) 75.2%
Average confidence (per version) 71-80%
Average decision time (per question) 85s
Average click count (per question) 2.2 clicks

represent both unionable and non-unionable configurations and
were strategically selected to ensure balanced difficulty across four
survey versions (V1-V4). This design enables cross-version gener-
alization analysis via leave-one-version-out evaluation while en-
suring each participant sees a manageable number of questions.
We inherit the binary reference labels from UGEN’s ground-truth
files®. In UGEN, a pair is labeled unionable when the two tables
(generated on the same topic) contain a set of unionable columns—
i.e., semantically similar columns that can be aligned across the
tables; non-unionable pairs (often from the same topic) are con-
structed to have no such alignable columns [33]. While this criterion
is consistent with the broader domain/semantic correspondence
view of unionability [32], stricter definitions exist (e.g., schema
identity [37] or relationship preservation [20]). We adopt UGEN’s
labeling criterion to maintain comparability.

We deployed a structured online survey through Qualtrics?, col-
lecting 464 individual assessments from 58 authenticated partici-
pants, all students from our institution with backgrounds in Data
Science, Computer Science, Artificial Intelligence, or related fields.
Each participant was randomly assigned to one survey version and
answered 8 unionability questions, with each question split across
two pages: the first capturing the unionability judgment along with
behavioral metadata (decision time, click patterns), and the second
collecting confidence ratings (0-100 scale via slider) and option to
leave explanations about their choice. Key dataset statistics, includ-
ing counts of tables, judgments, and aggregate human performance,
are summarized in Table 1. After completing the main unionability
questions, participants also answered a short post-survey module
demonstrating their conceptual understanding of unionability (e.g.,
how they would define unionability and which criteria they con-
sidered important). For detailed methodology on survey design,
participant recruitment, quality control procedures, and behavioral
analysis we refer readers to our repository”.

Shttps://github.com/northeastern-datalab/gen/blob/main/data
“https://wpi.qualtrics.com/jfe/form/SV_8jqmFQVI143NcHci
Shttps://github.com/NinaKlimenkova/TUNE_Benchmark
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3.2 TUNE Goal and Use Cases

TUNE’s primary objective is to assess human performance on the
unionability decision task, establishing a behavioral baseline for TUS.
It characterizes how accurately experts judge unionability and how
confidence, decision time, interaction traces, and explanations relate
to judgment reliability and reasoning strategies. Building on this
human-centered foundation, TUNE supports a secondary objective
of improving annotation quality and unionability prediction accuracy
by combining richer human signals with algorithmic evidence, as
we demonstrate in Scenarios S1-S4, Section 4. In addition, while the
final unionability decision is binary, TUNE’s multi-annotator vote
distributions enable a richer, distributional view of ground truth
that supports quantifying pair-level ambiguity. The proportion of
annotators judging a pair as unionable serves as a soft unionabil-
ity score, analogous to graded relevance in information retrieval.
Just as the IR community evolved from binary relevance [8-10, 46]
to graded scales evaluated with NDCG [19, 44], TUS evaluation
can move toward ambiguity-aware metrics that distinguish near-
unanimous consensus from contested decisions. We do not pursue
this direction in the current paper, but we highlight it as a concrete
opportunity that TUNE'’s design affords. These goals can potentially
support three classes of systems. First, TUS method developers can
use TUNE for evaluation beyond binary accuracy. Because each
table pair carries multi-annotator votes and confidence scores, de-
velopers can diagnose whether a method’s errors fall on genuinely
ambiguous pairs or on clear consensus cases, using TUNE’s human
signals as an offline diagnostic lens. Second, designers of human-
in-the-loop data discovery pipelines can use TUNE’s behavioral
metadata to inform routing and aggregation decisions. Such strate-
gies have proven effective in related tasks like schema matching
[40, 41] and crowdsourced entity resolution [24, 25], but do not
yet exist for TUS, partly because no benchmark has provided the
needed behavioral data. TUNE’s decision-time, confidence, and
click-pattern signals can support developing analogous policies,
with our Scenarios S1-54 (Section 4) serving as prototypes. Third,
researchers benchmarking LLMs for data integration can use TUNE
as a controlled testbed, comparing LLM predictions against both
binary ground truth and human judgments, and exploring which
behavioral signals are most effective as in-context evidence.

3.3 TUNE Composition

The TUNE benchmark consolidates unstructured data into a unified,
analysis-ready dataset that captures not only final unionability deci-
sions but also the process by which humans arrive at those decisions.
After explicitly cleaning the exported raw data file from Qualtrics,
we initially had 21 attributes, capturing participant metadata, de-
mographics, behavioral indicators (e.g., click counts, confidence,
decision time, explanations), and question-specific attributes. This
was later extended to 36 attributes through various types of normal-
ization, label encoding, derived metrics, and feature engineering,
including both human-annotated labels and ground truth labels
from prior benchmarks to capture participant behavior and data
discovery task complexity. We provide 3 primary data artifacts: (1) a
dataset that includes tables for our survey including the unionability
setup and ground truth labels, (2) a raw Qualtrics export, containing
all unprocessed responses and metadata, and (3) cleaned dataset
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aligning human decisions with table-level identifiers. In addition,
we include a detailed feature-engineering specification outlining
how behavioral and aggregated human features were derived, along
with the resulting feature-engineered dataset used in our experi-
ments. Full details about the structure of each file are available in
our repository. Together, these resources provide 4 major classes
of information: (1) unionability decisions and confidence scores,
(2) behavioral decision-making signals, (3) qualitative explanations
revealing reasoning processes, and (4) post-survey questionnaire
responses capturing participant metacognitive reflections. Below,
we describe each component.

Unionability decisions and confidence scores. Each survey item
presents a pair of tables and asks participants to judge whether they
are unionable. This binary input forms the core human judgments
for the benchmark. Each question was accompanied by a manda-
tory confidence rating collected via a slider interface initialized at
50 and ranging from 0 to 100. Participants adjusted the slider to
indicate their certainty in their yes/no judgment. The confidence
patterns captured in TUNE provide a uniquely informative dimen-
sion of the benchmark. Across all survey versions, participants
reported consistently high confidence, typically averaging between
74% and 79%, despite achieving only 61% accuracy in their union-
ability judgments. The distribution of confidence scores is heavily
right-skewed, with the upper quartile near 90% and the interquar-
tile range spanning approximately 67%-90%[30]. This systematic
gap between expressed certainty and actual correctness reflects
a stable overconfidence bias, a well-documented phenomenon in
human decision-making[42]. By embedding these metacognitive
signals directly into the benchmark, TUNE enables analyses that
go beyond simple correctness labels. In Section 3.4, we revisit these
confidence-accuracy relationships through calibration and resolu-
tion analysis, providing an initial view of how human confidence
corresponds to the reliability of unionability judgments.

Behavioral decision-making signals. Beyond explicit judgments,
TUNE captures rich behavioral metadata providing proxy mea-
sures for cognitive load, decision difficulty, and reasoning depth.
Each unionability judgment page records multiple time-based and
interaction-based signals, enabling detailed analysis of how partic-
ipants approached the task. These include the raw decision time
for each question, internally scaled decision times (normalized per
participant), and a series of decomposed temporal components such
as initial, mid, and ending decision times reflecting different phases
of the evaluation process. TUNE also logs click behaviors, including
the number of clicks made prior to submission. These data provide
rich behavioral indicators, allowing TUNE to support analyses that
reach beyond accuracy alone.

Qualitative explanations revealing reasoning processes. We
explore the text explanations that accompany participants’ union-
ability judgments as an additional window into their reasoning.
Using a DistilBERT model fine-tuned on SST-27, we find that ex-
planations skew strongly negative (285 vs. 102 positive), and that
sentiment aligns with judgment direction: positive explanations
are more often correct for “yes” judgments (75.4%), while negative

®https://github.com/NinaKlimenkova/TUNE_Benchmark/tree/main/data
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explanations are more often correct for “no” judgments (72.1%).
We also observe that explanations using relational terms (“related”,
“similar”, “overlap”) were more accurate (66.8%) than those relying
on categorical notions such as “concept” or “type” (56.9%), sug-
gesting that attention to structural relationships is a more reliable
reasoning mode for this task. Further details are provided in our
technical report [31].

Post-survey questionnaire response. Participants also reflected
on what makes tables unionable by selecting union-defining criteria
(e.g., common schema, same domain, same concept) for a small set
of example pairs. They were generally accurate on clearly unionable
examples (about 89%) but less so on non-unionable ones (about 62%),
hinting that recognizing valid unions may be easier than ruling out
borderline cases. Among the most frequently selected criteria were
“common schema”, “same domain”, and “same concept”, indicating
that schema alignment and domain-level consistency are salient
cues for respondents.

Having outlined the benchmark components, we now turn from
describing TUNE to examining how humans performed on it. The
next section analyzes raw human performance, including a top-10
human scenario that simulates how the benchmark behaves when
relying only on the strongest individual judgments.

3.4 Understanding Humans in TUNE

To understand human capability within TUNE, we analyze how par-
ticipants performed across versions and how performance changes
under selective participation. We further consider a top-10 human
scenario, where both majority-vote accuracy and individual average
accuracy are computed exclusively from the ten highest-performing
participants in each version. This setup does not aim to identify
individuals, but rather to simulate how the benchmark would be-
have if labels were derived only from a curated subset of strong
human contributors. It therefore provides a practical upper bound
on human annotation quality. Intuitively, across all versions, se-
lective aggregation of strong annotators improves over average
individual performance. Raw single-human accuracy ranges from
58-70%, while restricting to the top 10 individuals raises this to
63.7-80%. Majority voting provides the largest gains: raw majority
accuracy varies from 50-100%, but top-10 majority voting is higher
in all versions except V3, where it is essentially comparable (88% vs.
87.5%), likely due to sampling variability from restricting the vote
to ten annotators. These patterns indicate that carefully selecting
and aggregating high-performing annotators yields a more stable
human upper bound for unionability labels.

Understanding the quality of human confidence is essential for
modeling human reliability in table unionability tasks. Follow-
ing metacognitive measurement frameworks from prior work in
human-in-the-loop data integration [40], we evaluate two key di-
mensions of judgment quality: calibration and resolution.

Calibration measures how well participants’ confidence aligns
with their actual correctness. A well-calibrated participant reports
confidence values that match their empirical accuracy. For example,
consistently being correct 70% of the time when expressing 70% con-
fidence; if the same person were only 60% correct at 70% confidence,
this would indicate overconfidence, whereas 80% correctness would

2104

Table 2: Calibration and resolution metrics by response type.

Survey Calibration Resolution
Version Yes No Yes No
Vi1 0.140 0.110 0.037 0.196
V2 0.205 0.238 0.018 —0.278
V3 0.142 0.118 0.391 —-0.026
V4 0.178 0.194 0.079 0.478

indicate underconfidence. Formally, following [40], we define cali-
bration for a group g (e.g., a survey version) as Cal(g) = ¢4 — Accy,
where ¢ is the mean reported confidence and Accy is the empirical
accuracy. Values near zero indicate better calibration; positive val-
ues indicate overconfidence and negative values underconfidence.

Resolution evaluates how effectively confidence differentiates
between easy and hard items. A participant with higher resolution
tends to report higher confidence on items they answer correctly
and lower confidence on items they answer incorrectly. Follow-
ing [40], we measure resolution for a group g using Goodman-—
Kruskal’s rank correlation: Res(g) = y(cy,y4), Where ¢4 is the
vector of confidence ratings and y, is the corresponding vector of
correctness indicators. Larger positive values indicate that confi-
dence tends to increase with correctness; values near zero indicate
little discrimination, and negative values suggest that higher confi-
dence is, on average, associated with errors.

To examine these properties in TUNE, we compute calibration
and resolution separately for “yes, these tables are unionable” and
“no, these tables are not unionable” responses for each survey ver-
sion. Table 2 summarizes the results. Calibration scores are positive
(0.110-0.238), indicating a general tendency toward overconfidence:
reported confidence is, on average, higher than empirical accuracy
for both positive and negative judgments. This tendency is weakest
for V1 “no” responses (0.110) and somewhat stronger for V2 “no”
responses (0.238).

Resolution values are more heterogeneous. For positive responses,
they range from 0.018 to 0.391; for negative responses, from —0.278
to 0.478. Most conditions exhibit small to moderate positive reso-
lution, suggesting that confidence carries some information about
correctness, with stronger discrimination in V3 “yes” and V4 “no”
responses. At the same time, near-zero and negative values (e.g., V2
“no”) indicate that, in some settings, confidence does not reliably
separate correct from incorrect judgments, particularly for non-
unionable decisions. Overall, these patterns suggest that human
judgments in TUNE provide useful but imperfect reliability signals:
confidence tends to be somewhat higher than warranted by accu-
racy, and its discriminative value varies across versions and answer
types. Having characterized these metacognitive patterns, we next
examine how automated TUS methods behave on the same task.

3.5 Benchmarking TUS Methods over TUNE

After analyzing human input, we asked ourselves: how would state-
of-the-art TUS methods handle the task that we provided for hu-
mans? To answer this question, we evaluated three representative
TUS methods on the same table pairs used in our human survey:
Starmie [16], SANTOS [20], and D3L [2]. These methods represent
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Figure 2: TUS Methods Performance on TUNE. Points rep-
resent average performance across all survey versions.The
x-axis denotes accuracy and the y-axis denotes F1-score.

different approaches to TUS (see Section 2) and by benchmark-
ing these methods on TUNE, we can assess both their absolute
performance and their potential to complement human judgment.

TUS performance on TUNE. To directly compare automated and
human decision-making, we evaluated each TUS method on the
exact table pairs shown to survey participants, holding conditions
constant across all versions. The resulting performance landscape,
illustrated in Figure 2, highlights clear differences in method capabil-
ity. To guide interpretation, we included heuristic “high accuracy”
and “high F1” cutoffs in the plot, chosen solely to illustrate the
relative positioning of the methods within the performance space.

Consistent with the literature, Starmie lies in the upper-right
region (0.72 accuracy, 0.71 F1), indicating relatively strong and
balanced performance. SANTOS occupies a middle position (0.66
accuracy, 0.47 F1) showing reasonable capability, while D3L falls
in the lower-left (0.47 accuracy, 0.20 F1) suggesting that it’s multi-
evidence approach does not translate effectively to this particular
task. In this setting, methods based on contextual semantic represen-
tations (Starmie) appear better aligned with TUNE than approaches
relying mainly on data lake statistics or multi-evidence similarity.
A more detailed analysis of the raw TUS methods performance is
provided in our technical report®.

The variability observed across TUS methods highlights both
their potential and their shortcomings. Motivated by these find-
ings, we enhance TUNE with their similarity scores and proceed
to design a series of human-centered experiments that investigate
how automated signals, human behavior, and LLM reasoning can
be integrated for more robust unionability assessment.

Combining TUS scores with ML models. Given the varying
performance supervised learning could improve prediction beyond
any single method. We trained standard ML classifiers (LR [13],
KNN [12], RF [4], XGB [6]) using TUS scores as input features under
a Leave-One-Version-Out (LOVO) cross-validation strategy (see
Section 4), and conducted ablations over all feature combinations.
As single-feature inputs, Starmie reaches 75% accuracy, SANTOS
66%, and D3L only 44%. Using all three together yields 75%, no

8https://github.com/NinaKlimenkova/TUNE_Benchmark/blob/main/Technical_
Report.pdf
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better than Starmie alone, suggesting the model gains little from
the weaker scores. The best configuration is SANTOS+Starmie at
78%, indicating that SANTOS contributes complementary signal
while D3L tends to dilute performance. Detailed per-version and
model-specific results are provided in our repository®.

4 EXPERIMENTAL METHODOLOGY

Our experimental methodology evaluates how human-generated
judgments and TUS-derived features each contribute to producing
more accurate and reliable unionability labels over TUNE. Building
on the formal decision problem in Section 2, we instantiate four
scenarios (S1-S4), where each scenario specifies which inputs are
provided to a model when predicting the binary unionability label
y € {0,1} for a table pair (Ty, T). We apply both ML classifiers
and LLMs under these configurations and compare their behavior
across scenarios. In this section, we describe experimental design
and each scenario in detail and present the corresponding results.

Human Mgde

@ Single
QG Crowd
25

Figure 3: Experimental unionability evaluation pipeline.

4.1 Experimental Design Overview

Figure 3 presents our experimental unionability evaluation pipeline.
The schema is organized around two binary switches. The TUS
mode switch determines whether scores from benchmarked TUS
methods are available as additional features. The human mode
switch determines whether the model sees a single annotator (an
individual signal with its associated behavioral metadata) or an
aggregated representation of the crowd (question-level aggregates
such as majority vote and correctness-related statistics). Crossing
these switches yields four scenarios: S1 (single human, no TUS),
S2 (single human + TUS), S3 (crowd, no TUS), and S4 (crowd +
TUS). Each scenario thus corresponds to a specific information
configuration for predicting the unionability label of a table pair.

ML Configuration: Classifiers and Features. Operationally, each
row in our dataset corresponds to a human response to one of the
32 unionability questions (8 questions across 4 versions). For the ML
experiments, we start from the feature-engineered TUNE dataset
described in Section 3, where response-level behavioral signals
(decision time, click patterns, confidence), user-level metadata, and
crowd-level aggregates (e.g., majority vote, correctness counts)
have been computed once over the full survey. TUNE is balanced by
design, and in every training split the majority-class baseline attains
50% accuracy, providing a simple lower bound. For a given scenario,

“https://github.com/NinaKlimenkova/TUNE_Benchmark/tree/main/results
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we select the subset of features consistent with the active modes
in Figure 3 (e.g., excluding TUS scores in S1) and train standard
classifiers (LR, KNN, RF, and XGB) on this fixed representation. In
all scenarios, ML models are trained supervised to predict the binary
reference label y for the underlying table pair. For the scenarios
(S1/S2), the same y is associated with each individual response to
that pair, whereas for crowd-level scenarios (S3/54) we train on one
aggregated instance per question/table pair. For each scenario we
run an ablation over feature groups and classifier types and then
we interpret “which signals matter” via drop-group/only group
ablations (performance changes when adding/removing feature
groups); in the main text we report the best-performing model
and feature combination per scenario, while full ablation tables are
available in our public repository.'®

LLM Configuration: Model Selection and Prompting. Despite
growing interest in applying LLMs to data discovery tasks [27, 34],
their ability to make unionability judgments, in particular to uti-
lize rich human behavioral signals, remains largely unexplored.
Prior work such as ALT-GEN [34] evaluates LLMs on TUS using
natural-language table representations, but does not incorporate hu-
man behavioral metadata or study LLM behavior under controlled
human-signal configurations. We include LLMs in our evaluation
as a distinct modeling paradigm: rather than training a classifier on
fixed features, we test whether in-context learning can serve as an
alternative signal-integration mechanism, where human metadata
and TUS scores are provided directly in the prompt. This allows us
to compare how feature-based ML models and prompt-based LLMs
behave under the same information configurations (51-S4), relative
to human performance, without task-specific model training.

For the LLM experiments, we first evaluated eight open-source
models through the Groq API'! on TUNE questions. For each model,
we collected (i) a binary unionability decision and (ii) a self-reported
confidence score on a 0-100 scale, similar to our participants. Based
on accuracy and confidence reliability (calibration and resolution),
we selected Qwen-3-32B [47] as our primary model. We then instan-
tiated the same four information configurations (S1-S4) directly
in prompt form, mirroring the switches in Figure 3. The detailed
prompt templates and prompting procedure are provided in the
technical report. Our goal is not to rank ML classifiers against the
LLM, but to observe how feature-based ML and prompt-based LLMs
behave under the same information scenarios relative to human
performance.

Evaluation protocol and metrics. For both ML and LLM results,
we apply a shared cross-version evaluation protocol (similar to the
k-fold cross validation). For ML models, we use a leave-one-version-
out (LOVO) scheme over the four survey versions (V1-V4): in each
fold, models are trained on three versions and evaluated on the
held-out version. For every table pair in the held-out version, we use
the benchmark unionability label y € {0, 1} defined in Section 2 as
ground truth, and compare model predictions against this label. For
LLMs, each table pair is evaluated with a fresh perspective whether
assessing the responses individually or over the aggregated crowd
version. The same benchmark label y is used to compare predic-
tions against our ground truth. This setup mimics deployment to a

Ohttps://github.com/NinaKlimenkova/TUNE_Benchmark/tree/main/results
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new batch of unionability questions while preserving the natural
grouping induced by the survey design. Final performance metrics,
primarily accuracy and F1, and for some analyses calibration and
resolution are obtained by averaging over the four folds. Formal
definitions of these measures follow the notation in Section 3.4 and
are provided in detail in the technical report.

Note on Scope: Figures 5-11 report accuracies per survey version.
Because each version of TUNE is label-balanced by design (approx-
imately half unionable and half non-unionable questions), micro
and weighted F1 scores are numerically very close to accuracy. For
clarity, we therefore visualize and discuss accuracy for all further
scenarios, noting that the corresponding F1 values follow the same
pattern and are provided in the technical report. In addition, for
each scenario we consider multiple classifiers, feature groups, and
ablation variants. Given space constraints, the main text focuses
on the most informative configurations. Complete per-model, per-
feature, and per-metric results are provided in our technical report.

We now detail the four scenarios S1-S4 induced by this pipeline,
specifying their input configurations in terms of human and TUS
signals and examine how these choices shape models’ performance
and behavior over TUNE.

4.2 Scenario 1: Single Human-in-the-loop

ML setup: In S1, we model the unionability decision using only
the information available from a single annotator at answer time.
Each training instance corresponds to an individual response to a
TUNE question, and the feature space is restricted to per-user behav-
ioral and demographic signals: the annotator’s binary unionability
judgment (SurveyAnswer), response-level timing and interaction
features (e.g., decision time, click counts, click timing), confidence
scores, explanation length, and basic user metadata (age, education,
English proficiency, major, etc). We explicitly exclude TUS-derived
scores, ensuring that the model’s predictions in S1 are driven solely
by the local signal of a single human plus their behavioral traces. On
this feature subset, we train standard classifiers mentioned above
and evaluate them under the LOVO protocol described.

LLM setup: In S1, the LLM is asked to reassess individual human
decisions. Each prompt includes the table-union question, the two
tables, and a single human response together with its associated
metadata (reported confidence, decision time, and click count). This
setup allowed us to observe how the model interprets individual
human decisions and how human confidence and behavior affect
the model’s judgment.

ML Results: For the ML setting (Figure 4), we report a representa-
tive configuration selected from a broader ablation over classifiers
and feature groups, where DecisionTime emerged as the strongest
single-annotator feature group on average (and produced the largest
drop when removed): an XGB classifier trained only on the Deci-
sionTime feature group. This model reaches an average accuracy of
75.0% across versions, compared to 61.2% for raw human input. On
three of the four versions (V1, V3, V4), it substantially improves over
raw human input, with 87.5% accuracy versus human accuracies in
the 58-70% range. On V2, in contrast, the DecisionTime-only model
attains 37.5% while humans achieve 58.0%, indicating that the tem-
poral patterns learned from other versions do not transfer cleanly
to this question set. In the full ablation study, some alternative
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Figure 4: ML Improvement Over Single Human Judgments.
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Figure 5: LLM Evaluation of Single Human Judgments.

configurations perform better on V2. For example, RF models using
only click-based or only confidence features reach about 64% accu-
racy, but these variants perform worse on other versions and yield
lower average accuracy than the DecisionTime-only XGB model.
Across models, removing the DECISIONTIME group produces the
largest drop in average accuracy (down to 62.5%), whereas dropping
other groups (e.g., CLICK, USER-META) has smaller effects and
using them alone leads to near-chance performance. These patterns
point to decision time as the most informative single-annotator
feature in S1. Because the full ablation spans multiple classifiers and
feature-group combinations across four LOVO folds, we summarize
results in the main text by reporting per-version accuracy for a best
representative configuration and describing the key ablation take-
away, while providing full per-version, per-feature, and per-model
ablation tables in the technical report [31].

LLM Results: Across all versions, the model reaches an average
accuracy of 73.1%, improving on the 61.2% raw human input, with
gains observed on each of the four versions. Because in Scenario 1
the LLM is explicitly instructed to output both a binary union-
ability decision and a 0-100 self-reported confidence score, we
can also examine its metacognitive behavior using the calibration
and resolution measures introduced in Section 3.4. At the version
level, calibration error remains in a moderate range (approximately
0.306-0.423), and resolution values indicate only limited separation
between the confidence assigned to correct versus incorrect predic-
tions. In combination with the accuracy results, this suggests that
higher LLM confidence tends to be associated with correctness, but
the model does not fully exploit the available confidence range to
sharply distinguish easy from hard instances.
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Main insights from Scenario 1:

e Time tells truth: Decision-time patterns dominate
predictive power, while static user demographics con-
tribute less. In our case, how long someone deliberates
matters more than who they are.

LLM:s as refiners: Given individual votes and meta-
data, the LLM seemingly improves noisy human judg-
ments with well-calibrated confidence across versions.
Complementary correction: Both ML and LLM act
as effective "second opinions” that boost accuracy over
raw votes, suggesting hybrid human-machine work-
flows outperform either alone.

4.3 Scenario 2: Single Human-in-the-loop + TUS

ML setup: In S2, we build directly on the single-human setup from
S1 but augment the feature space with automated signals from
our benchmarked TUS methods. Each training instance is again an
individual response to a TUNE question, with the same per-user
behavioral and demographic features as in S1. On top of this, we
add three features: the unionability scores produced by Starmie,
SANTOS, and D3L for the corresponding table pair. The model
therefore learns to refine a single annotator’s decision by jointly
exploiting their behavioral traces and the three TUS-derived scores.

LLM setup: In addition to the table-union question, the two ta-
bles, the human decision, and metadata, each prompt also included
similarity scores generated by the strongest TUS signal (the San-
tos+Starmie combination). The LLM was instructed to integrate
both the human inputs and these TUS scores to decide whether
to accept or override the human unionability judgment and to re-
port self-confidence in the same manner. This setup allows us to
evaluate whether combining an individual human decision with
automated TUS signals improves the reliability and accuracy of the
model’s judgments. The full prompt templates and wording used
in this scenario are provided in the technical report.

ML Results: Figures 6 compares S2 to the single-human model
performance in S1. Adding TUS scores in S2 yields a modest in-
crease in average accuracy from 75.0% (best S1 model) to 78.1%.
The version-wise pattern is mixed: accuracies rise on V2 (37.5% —
75.0%) and V3 (87.5% — 100.0%), but drop on V1 (87.5% — 62.5%)
and V4 (87.5% — 75.0%). Overall, performance becomes more even
across versions, with all folds now lying between 62.5% and 100.0%.
The ablation study for S2 shows that the best configuration is a KNN
classifier using only the TUS feature group. Removing TUS fea-
tures (drop_TUS) consistently reduces average accuracy to around
70% across all 4 classifiers, confirming that the improvements over
S1 observed in S2 are largely driven by the additional evidence
provided by Starmie, SANTOS, and D3L scores rather than by the
single-human features alone.

LLM Results: For the LLM (Figure 7), enriching the prompts with
TUS scores yields a small average gain over S1: mean accuracy
increases from 73.1% (S1) to 74.5% (S2). At the version level, the
effect is mixed: accuracy is slightly lower with TUS scores on V1
and V2 (82.0%—78.9% and 70.2%—65.4%), but higher on V3 and
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Figure 6: Scenario 1vs. 2 (ML): Impact of Adding TUS Features
to Single Human Input.
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Figure 7: Scenario 1 vs. 2 (LLM): Impact of Adding TUS Scores
to Single Human Input

V4 (65.0%—71.7% and 75.0%—82.1%). Based on self-reported confi-
dence, the calibration profile remains in a similar range across both
scenarios (approximately 0.30-0.44), while resolution changes more
noticeably: it increases in V1 and V4, indicating better separation
between correct and incorrect predictions when individual human
metadata is combined with TUS scores.

Main Insights from Scenario 2:

e TUS dominates: Once algorithmic scores are avail-
able, they carry most predictive weight, dropping them
cuts accuracy to 70% while removing behavioral fea-
tures has minimal impact.

ML finds the signal: The best ML configuration re-
lies substantially on TUS features (KNN + SANTOS/S-
tarmie/D3L), effectively learning to ignore noisier hu-
man behavioral traces.

LLMs gain selectively: Enriching prompts with TUS
scores yields modest but consistent improvements,
with sharper resolution on some versions suggesting
better confidence calibration when algorithmic evi-
dence supports human judgment.

4.4 Scenario 3: Crowd-in-the-loop

ML setup: In S3, we move fully to a crowd-level representation.

Each training instance now corresponds to each TUNE question
(one row per question), described by aggregates over all human
responses to that question. The feature space consists of 14 crowd
features: vote counts and proportions for “yes” and “no”, the binary
entropy of the vote distribution, aggregated confidence statistics
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Figure 8: ML Evaluation of Crowd Judgements.

(overall mean and standard deviation, plus mean confidence con-
ditioned on the majority “yes” and “no” votes), and corresponding
mean and standard deviation for decision time and click counts.
No TUS-derived scores are included in this scenario. Using these
aggregated descriptors, we train the same set of classifiers.

LLM setup: Similarly to the ML setup, the LLM evaluated the
aggregated human decisions over each question rather than the
individual responses. Each prompt contained the table-union ques-
tion, the tables, and a summary of the human votes, revealing the
majority opinion. This setup enabled us to evaluate the LLM’s abil-
ity to interpret the crowd consensus and how effectively it utilizes
the same to improve its predictions.

ML Results: Figure 8 compares S3 to the human majority-vote
baseline per question. On average, the majority vote reaches 75.2%
accuracy, while the best S3 ML configuration is a LR classifier
trained on all crowd-level aggregate features excluding the CONFI-
DENCE group (drop-CONFIDENCE) achieves 78.1%. Version-wise,
the model remains close to the majority baseline on V1 and V3, but
shows clearer gains on V2 75.0% vs. 50.0% respectively and a small
change on V4 62.5% vs. 63.0%. The ablation patterns suggest that
most of the predictive signal at the crowd level comes from how
votes, times, and clicks are distributed across annotators, whereas
the additional confidence-aggregate features contribute less and
can be omitted without harming performance.

LLM Results: With access only to aggregated crowd features, the
LLM model attains an average accuracy of 75.0%, essentially match-
ing the human majority (75.2%). Version-wise, its behavior closely
tracks the crowd: it reaches 87.5% accuracy on V1 and V3, slightly
below the perfect consensus on V1 (100%) and very close to the
majority on V3 (88.0%). On V4, the model exceeds the majority
baseline (75.0% vs. 63.0%), suggesting that in some cases it can re-
fine noisy or inconsistent crowd judgments. Calibration stays in a
moderate range (about 0.27-0.42). Resolution is higher on V1-V3
(around 0.56-0.71) and lower on V4 (0.24), indicating that confidence
discriminates best between correct and incorrect predictions when
the underlying crowd signal is clearer.

Main Insights from Scenario 3:
e Majority rules, mostly: Crowd aggregates form a
strong 75% baseline. ML refinements exploit disagree-
ment patterns for modest but consistent gains.




— Human Majority Avg: 75.2% - - 53 LLM Avg: 75.0% EQl Majority Human Acc. B8 53 LLM Accuracy ]

ae
.
) o
% i s 4"
100% 7 o & @ &*
Z 80%- & o
s s s =)
5 so%s P
g 0% :
s
d
20%
0% - - -
Vi v2 v3 va
Survey Version
Figure 9: LLM Evaluation of Crowd Judgements.
[ S3 MLAVg: 78.1% -+ 54 ML Avg: 84.4% B S3 ML Accuracy B8 54 ML Accuracy ]
o
o5
so D oo ol
100%+ L% - A8 a®
[ o\“ ou\e L3 S
> 80% 1 2 s B PO
7 2 o RERRR]
E 60% - -
H] o %2
¥ s
& 40%- oo
o
20% - 2 2
0% - . .
Vi v2 v3 va

Survey Version

Figure 10: S3 vs. S4 ML Accuracy across survey versions.

o LLMs mirror the crowd: When prompted with vote
summaries, the LLM essentially tracks majority opin-
ion, occasionally correcting noisy consensus but rarely
overriding clear signals.

e Refinement, not revolution: Both approaches stabi-
lize rather than transform crowd judgments.

4.5 Scenario 4: Crowd-in-the-loop + TUS

ML setup: S4 combines the crowd-level representation from S3
with automated evidence from TUS methods. The resulting feature
vector jointly captures how the crowd responded to a question
and how existing TUS algorithms scored the same pair. Using this
combined representation, we train the same set of classifiers under
the LOVO protocol, and use ablations to compare models that rely
on crowd aggregates, TUS scores, or both.

LLM setup: S4 extended the previous aggregated human setup
from S3 with the addition of the TUS scores. Each prompt included
the table-union question, the tables, a summary of human votes,
and the similarity scores from the TUS methods. This setup enabled
us to evaluate how the model incorporates crowd consensus and
TUS scores, and whether it enhances the model’s judgment.

ML Results: Adding TUS scores to crowd-level features (Figure 10)
yields the strongest performance across all scenarios: a KNN clas-
sifier using all feature groups reaches 84.4% average accuracy, up
from 78.1% in S3, with 100% on V1 and gains on V4 (62.5% — 75.0%).
Ablation results confirm that this gain is driven by the interaction
between TUS scores and crowd vote statistics—removing either
reduces accuracy to about 65.6%—while entropy and confidence
aggregates prove dispensable.
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Figure 11: S3 vs. S$4 LLM Accuracy across survey versions.

LLM Results: As shown in Figure 11, this setup leads to a drop in
average accuracy from 75.0% (S3) to 65.6%. Version-wise, the model
reaches 75.0% on V1 and V4, improves from 50.0% to 62.5% on V2,
but falls from 87.5% to 50.0% on V3, indicating that combining crowd
summaries with TUS scores is not uniformly beneficial. Calibration
remains similar to S3 (around 0.29-0.38), while resolution becomes
more uneven: very low on V1 (0.07), higher on V2 and V4 (0.41
and 0.22), and highest on V3 (0.69). This suggests that TUS signals
sometimes sharpen confidence separation (especially on V2-V3)
but do not consistently translate into accuracy gains.

Main Insights from Scenario 4:

e ML’s peak performance: Combining crowds and
TUS achieves best performance at 84.4%, both vote
distributions and TUS scores are essential, removing
either drops accuracy to mid-60s.

Synergy requires structure: ML models effectively
integrate heterogeneous signals through learned fea-
ture weights; entropy and confidence aggregates prove
surprisingly dispensable.

LLMs struggle with conflict: Adding TUS scores
degrades LLM performance, suggesting prompting-
based approaches lack robust mechanisms for recon-
ciling contradictory evidence.

5 DISCUSSION AND KEY TAKEAWAYS

In this section, we summarize our main findings and highlight their
implications for table unionability and data discovery.

5.1 Key Observations

Our results show that human and TUS signals provide complemen-
tary yet imperfect evidence for unionability. Individual judgments
are informative but noisy. Overconfidence is common and behav-
ioral patterns vary across versions, while majority voting, especially
over stronger annotators, substantially improves reliability. The
four scenarios illustrate how different information configurations
improve labels: single-human behavioral traces serve as useful sec-
ond opinions (S1), TUS scores dominate when available (S2), crowd
aggregates form a strong baseline that ML and LLMs modestly
refine (S3), and combining crowds with TUS yields the strongest
ML performance at 84.4% (S4). However, LLM performance be-
comes more mixed in S4, showing that hybrids straightforward for



feature-based models are not automatically beneficial in prompt-
based setups. Overall, the most reliable unionability assessments
arise when structured human behavior and TUS scores are deliber-
ately combined.

5.2 Limitations

Our study has several limitations. First, TUNE currently focuses on
arelatively small, curated set of table pairs and a single institutional
population of annotators, which may limit the diversity of union-
ability interpretations we observe. Second, we benchmark a specific
set of TUS methods and a specific set of LLM configurations, so
our conclusions about strongest signals are contingent on these
choices and on our particular feature engineering and prompting
designs. Third, we evaluate decision models on pre-selected pairs
rather than in a full retrieval setting over large data lakes, which
means that our results speak to unionability assessment more than
to end-to-end table discovery. These constraints should be kept in
mind when extrapolating our findings to broader deployments.

5.3 Future Directions

The experimental scenarios point to several directions for design-
ing human-centered unionability workflows and data discovery
systems. A natural path forward is to develop hybrid architec-
tures in which feature-based models and TUS scores identify high-
confidence cases, while ambiguous table pairs are routed to LLMs
or human annotators with carefully structured prompts and expla-
nations. Active-learning and adaptive-sampling strategies could
further exploit behavioral signals to focus additional annotation
effort on borderline cases. More broadly, our findings motivate
evaluation protocols that explicitly account for disagreement and
ambiguity, leveraging distributional labels, multi-perspective anno-
tations, and uncertainty-aware measures.

6 TUNE 2.0

To broaden the representativeness of TUNE, we conducted an addi-
tional annotation round using Prolific'?, recruiting 60 new partici-
pants with diverse professional backgrounds, education levels, and
demographics beyond our original institutional setting. We release
the extended dataset as TUNE 2.0. Key statistics are summarized in
Table 3 alongside the original TUNE for comparison.

The TUNE 2.0 sample is substantially more diverse: participants
span five age groups (78.4% between 25-54, vs. TUNE’s 18-30
student cohort), represent fields including Computing/IT, Natural
Sciences (26.7% each), Business/Finance (21.7%), and Engineering
(13.3%), and are highly educated (60% bachelor’s, 35% postgraduate)
with high English proficiency (81.7% native speakers). Both individ-
ual and collective accuracy are higher in TUNE 2.0: single-human
accuracy rises from 61.2% to 67.3% and majority-vote accuracy
from 75.2% to 81.3%, while the approximately 14-point individual-
to-majority gap remains stable, confirming that crowd aggregation
benefits hold regardless of population composition. Calibration and
resolution, computed following Section 3.4, reveal that overcon-
fidence persists but is attenuated: calibration values range from
—0.023 to +0.143 for “Yes” and +0.063 to +0.139 for “No” responses.

2https://www.prolific.com
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Table 3: Key statistics: TUNE vs. TUNE 2.0.

Statistic TUNE TUNE 2.0
Table pairs 26 26
Survey versions 4(V1-V4) 4 (V1-V4)
Unionability questions 32 32
Participants 58 60
Total judgments 464 480
Judgments per pair (avg.) ~14.5 15.0
Accuracy (single human) 61.2% 67.3%
Accuracy (majority vote) 75.2% 81.3%
Confidence (per version) 71-80% 73.6-80.1%
Decision time (per question) 85s 64.7 s
Click count (per question) 2.2 2.04

Resolution remains modest overall, though V4 “Yes” yields a statisti-
cally significant correlation of 0.350 (p < 0.05), the only significant
result across both datasets. The persistence of negative resolution
for some “No” groups confirms that difficulty introspecting on re-
jection correctness is a stable cross-population phenomenon. TUNE
2.0 provides the community with a demographically and profession-
ally heterogeneous counterpart to the original benchmark. This will
enable researchers to study whether unionability patterns general-
ize across annotator populations, to develop and evaluate models
on more representative data, and to investigate how annotator di-
versity affects judgment quality. We will consider these important
directions for future work. The dataset, including raw responses,
behavioral metadata, and computed features, is publicly available.!3

7 CONCLUSION

Table unionability is often treated as if it had clear ground truth.
Our study shows it is inherently interpretive: judgments reflect di-
verse reasoning strategies, varying expertise, and contextual views
of what makes tables unionable. Through TUNE, we provide a
benchmark that captures not only final unionability decisions but
also the cognitive and behavioral context in which those decisions
are made. Across four experimental scenarios, we show that ML
models trained on behavioral features and TUS scores reach up to
84% accuracy in the crowd+TUS setting, improving over both raw
human judgments and standalone TUS methods, while LLMs act
as useful second opinions but are sensitive to conflicting signals.

These findings suggest that data discovery systems should favor
hybrid architectures over purely human- or model-centric designs.
By making behavioral indicators available alongside traditional
labels, TUNE enables researchers to study not just what humans
decide, but how and why. With TUNE 2.0, we further extend this
foundation to a demographically diverse annotator pool, enabling
cross-population generalization studies and supporting more rep-
resentative, human-aligned unionability assessments.
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