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Figure 1: Design space for the critical validation of LLM-generated tabular data. The x-dimension describes the analysis granularity, rang-
ing from within attributes to across attributes. The y-dimension structures approaches by the data used for validation, including generated
values, explanations, ground truth data, and their combinations. Visual representations per cell exemplify numerical data use, while the
design space is generalizable for mixed data. Lower right: validations across attributes including explanations are so far uncharted.

Abstract
LLM-generated tabular data is creating new opportunities for data-driven applications in academia, business, and society. To
leverage benefits like missing value imputation, labeling, and enrichment with context-aware attributes, LLM-generated data
needs a critical validation process. The number of pioneering approaches is increasing fast, opening a promising validation
space that, so far, remains unstructured. We present a design space for the critical validation of LLM-generated tabular data
with two dimensions: First, the Analysis Granularity dimension–from within-attribute (single-item and multi-item) to across-
attribute perspectives (1× 1, 1×m, and n× n). Second, the Data Source dimension–differentiating between LLM-generated
values, ground truth values, explanations, and their combinations. We discuss analysis tasks for each dimension cross-cut, map
19 existing validation approaches, and discuss the characteristics of two approaches in detail, demonstrating descriptive power.

1. Introduction

Large language models (LLMs) have evolved from simple text
prediction to generating context-aware output across diverse data
types, with data-generation qualities comparable to state-of-the-art
deep learning methods [MS24]. LLMs are increasingly used to en-
rich tabular datasets with contextually relevant values for items and

attributes, and create new items relevant to analytical needs. Com-
mon LLM-based data enrichment methods include imputing miss-
ing values, labeling data items, and adding semantically rich at-
tributes [FXT∗24]. However, critical validation is essential to en-
sure the usability, plausibility, and reliability of LLM-generated
tabular data. Key problem areas in LLM-generated data include
subjective quality [KLS∗24], lack of reproducibility [CHM∗24],
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factuality hallucinations (e.g., inconsistency with real-world facts),
faithfulness hallucinations (e.g., deviating from intended prompt),
epistemic opacity (black-box nature), biases, and adoption of hu-
man misconceptions [MKB24]. Further challenges include incon-
sistencies in attribute relationships appearing as logical contradic-
tions, or inconsistencies in logical reasoning steps [LGL∗24]. Re-
search also identified LLM biases in choice preferences (e.g., fa-
voring first position, favoring style of input data (e.g., preferring
longer responses), and egocentric bias (e.g., favoring their own re-
sponses) [LPD23]. Without critical validation, integrating such data
into analytical workflows risks propagating errors, which misin-
forms decision-making processes [PPD∗24].

Validation methods differ in their degree of human and com-
putational involvement, creating opportunities for visual ana-
lytics (VA) research. Fully automated methods, like statistical
measures [SWS24] and self-validating techniques like Retrieval-
Augmented Generation (RAG) [AWW∗23], offer scalability but
reduce transparency. Mixed-initiative methods, such as LLM-as-
a-Judge [ZCS∗23] and human-calibrated evaluations [SZPH∗24,
KTP∗24], combine automation with human feedback. Direct hu-
man evaluation maximizes interpretability, but is resource-intensive
and less scalable [CL23].

While validation is well-established for unstructured tex-
tual data [LWX∗24], recent work increasingly targets tabu-
lar data, showing high heterogeneity in methods. Validation
strategies include the statistical alignment with benchmark data
[SWS24], LLM-as-a-Judge [ZCS∗23], explanation-based meth-
ods [HMJ∗23], and ground truth comparisons [WKR∗24]. Ground
truth may be human-labeled or from external datasets [WKR∗24].
Human-labeled data is often used in mixed-initiative approaches
[KLS∗24, KTP∗24, SZPH∗24]. Approaches operate at different
analysis granularities, trading accuracy for scalability, ranging from
fine-grained single-item assessments [KLS∗24], multi-item or en-
tire attributes for aggregated metrics [CFB∗23, CE23], to coarse
assessments across attributes [TWB∗20]. Some provide textual
explanations for single items [HMJ∗23], or multiple items to
show systematic biases [KTP∗24]. Approaches also differ across
workflow phases: LLM-based data generation (prompt engineer-
ing) [MS24], core validation (output assessments) [KTP∗24], and
evaluating LLM outputs in domain-specific downstream applica-
tions [CE23]. Contextual factors such as the LLM model, applica-
tion domain, and user group introduce further variations.

To understand this emerging and multifaceted validation space,
several challenges must be addressed. Existing approaches operate
in an unstructured space without an overarching perspective, leav-
ing key characteristics implicit. No comprehensive meta-analysis
compares validation methods, leaving differences and commonali-
ties unexplored. The lack of structured analysis prevents easy iden-
tification of gaps and the guided selection of appropriate strategies.
A unified framework is needed to organize methods, identify gaps,
and guide future research.

We introduce a design space that systematically structures vali-
dation approaches for LLM-generated tabular mixed data. Derived
from a systematic literature review, it is defined along two key
dimensions: The Item and Attribute Granularity Dimension cap-
tures the validation granularity, within and across attributes. The
Data Source Dimension covers core validation data sources: LLM-
generated values, ground truth, LLM-explanations, and their com-

binations. At the intersection of these dimensions, we identify es-
sential validation tasks that guide validation methods for LLM-
generated tabular data. Our contributions are:

1. A design space for the critical validation of LLM-generated
structured tabular data. It structures and describes methods by
their commonalities and differences, and guides designers and
developers toward novel validation strategies.

2. A mapping of existing validation approaches onto this design
space, demonstrating its descriptive power. It offers a systematic
characterization of approaches and the identification of gaps.

3. A discussion on key insights based on critical reflection, in-
cluding identified patterns, uncharted subspaces, and additional
structural characteristics to inform future research.

Our design space maps the validation landscape to support re-
search into robust, scalable, and interpretable validation methods.
It aims to enhance the plausibility, reliability, and utility of LLM-
generated tabular data in data analysis and decision-making work-
flows, accounting for different types of human and algorithmic in-
volvement. It supports researchers, system designers, and tool de-
velopers to build VA interfaces for critical data validation.

2. Design Space

2.1. Methodology and Overview

We conducted a systematic literature search, analysed the identi-
fied related work, and discussed it among the authors. Three au-
thors identified and categorized validation approaches for LLM-
generated tabular data via Google Scholar search with the terms
‘LLM tabular data validation’, ‘LLM human-in-the-loop vali-
dation’, ‘Explanation LLM-generated tabular data’, ‘Explainable
LLM interactive visualizations’ and ‘LLM scoring’, followed by
a forward and backward search, with a focus on the papers
EvalLM [KLS∗24], LLM Comparator [KTP∗24], and two surveys
by Brasoveanu et al. [BSNA24] and Long et al. [LWX∗24]. We
excluded works published before 2017 (prior to transformer-based
LLM architectures), those not written in English, mentioning vali-
dation only superficially, or addressing only textual data (like Eval-
Gen [SZPH∗24]). Borderline cases were discussed to reach consen-
sus. In total, we identified 19 relevant works as the basis for design
space ideation; we refer to the supplemental material for their char-
acterization. The main visualizations used by existing approaches
are bar charts (6), followed by scatter plots (3) and heat maps (3).

We aimed to support the systematic study of existing approaches
and the identify gaps and opportunities, in both numerical and cate-
gorical tabular data. We chose a 2D structure for spatialization, us-
ing expressive, independent dimensions that reveal validation tasks
supported by VA. Both dimensions are discrete to allow systematic
cross-cuts and clear mapping of approaches in a table.

Our design space structures validation methods for LLM-
generated tabular data by two key dimensions: Data Source, and
Item and Attribute Granularity, reflecting what and why experts
analyze [Mun14]. The Data Source dimension spans data types
serving as inputs essential for validation reasoning, consisting of
(combinations of) LLM-generated data, explanations, and (human)
ground truth. The Item and Attribute Granularity dimension distin-
guishes approaches by analysis granularity, from fine-grained item-
based validations and coarse attribute-based assessments, offering
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different trade-offs between accuracy and scalability. Figure 1 il-
lustrates the design space with important analysis tasks for cross-
cutting dimensions. Each task reflects the need for specific visual
reasoning, depending on Data Source and analysis granularity. For
most tasks, existing approaches already indicate the need for inter-
active human judgment enabled through VA support. We exemplify
the design space with visual identifiers for numerical data due to its
intuitiveness, while the space is mixed-data capable. Table 1 dis-
plays the mapping of existing approaches onto the design space.

2.2. Design Space Dimension: Data Source

The Data Source dimension refers to the input data used for vali-
dation tasks. We use visual encodings for the three types of Data
Sources: LLM-generated values ( V ), ground truth values ( Vg )

and LLM-generated explanations ( E ), and their combinations.

• Data Value V : is the most granular information unit requested
from the LLM. Data values belong to an item and have an at-
tribute type defined by its associated attribute schema.

• Ground truth Value Vg : represents a data value for an item
that is known or assumed to be true. This can be provided by pre-
existing data or elicited from human externalized knowledge.

• Explanations E : are textual justifications provided by an LLM
about its generated data values. This explanation spectrum en-
ables to contextualize data values or assess their semantic mean-
ing with VA relation-discovery, per item or more condensed.

A key observation from many approaches highlight a key distinc-
tion: value-based validation ( V , Vg ) relies on measurable data,
statistical reasoning, and alignment checks, while explanation-
based ( E ) validation requires subjective judgments of plausibility,
consistency, and bias. This distinction directly impacts the types of
visualization tasks and the design of VA solutions.

2.3. Design Space Dimension: Item and Attribute Granularity

This dimension characterizes the validation granularity, in a spec-
trum from fine-grained Item-based validations within an attribute,
to more coarse Attribute-based validation, across attributes.

• 1 Item : the most atomic granularity of validation is for a single
item (and attribute), preferring accuracy over scalability.

• m Items : multiple items are taken into account for a single at-
tribute. This includes the assessment of summaries and aggre-
gates, and the comparative analysis between item values.

• 1×1 Attribute : raising the granularity to an across-attributes
perspective, one class of validation approaches is on relation dis-
covery tasks between an attribute pair.

• 1×m Attributes : for some validation tasks, users take multiple
attributes into account, e.g., to assess the strengths of relations
of attributes to a focus attribute.

• m×m Attributes : the coarsest granularity is the brute-force as-
sessment of all relations between all attributes at scale.

2.4. Validation Tasks at the Crosscut of Dimensions

The systematic combination of the Data Source and the Item and
Attribute Granularity dimension opens the perspective of discrete

cells of the design space. For each cell, we present the domi-
nating validation task, according to existing approaches (see Ta-
ble 1). Blank cells at the lower right indicate non-allocated re-
gions (e.g., aggregating explanations across (multiple) attributes
simultaneously.) Figure 1 provides detailed task descriptions and
visual exemplifications, to align validation tasks with abstract anal-
ysis/visualization tasks, e.g., "Show LLM value for a single item"
supports Lookup whereas "Compare multiple attributes by relation"
supports Compare. For each cross-cut, we include expected analy-
sis outcomes and example analysis questions.

2.4.1. 1 Item Focus

Expected analysis outcome: identify and clarify discrepancies be-
tween human-expected and LLM-generated values for a single
item. Example analysis question: “Is the LLM-generated happiness
index for the city of Luxembourg plausible?”

V × 1 Item : Show LLM value: The isolated inspection of a
single LLM-generated value enables users to assess its plausibil-
ity and relevance. Single-value assessment is often supported in the
context of value distributions, e.g., to enable comparative analysis.
Vg × 1 Item : Show ground truth value: Allows users to create,

inspect, or refine a ground truth value, which can be later used for
comparative assessment with LLM-generated values.
V × Vg × 1 Item : Compare LLM value and ground

truth value: Users can compare the LLM-generated value with
the ground truth value, enabling the assessment of value align-
ment/deviation.
E × 1 Item : Show LLM explanation: Users can engage with ex-

planations for a single LLM-generated value. This can potentially
show flaws in the LLM’s reasoning or justification.
E × V × 1 Item : Contextualize LLM explanation with LLM

value: Displaying the LLM-generated value and its explanation
helps assess its justification and reveal inconsistencies. This pairing
offers insight into the LLM’s logic, indicating whether it considers
relevant factors. It also highlights weaknesses when explanations
are vague, uncertain, or misaligned with generated values.
Vg × E × 1 Item : Contextualize ground truth value with

LLM explanation: This task enables the assessment of the LLM-
generated explanation by using the ground truth value as a trusted
frame of reference, e.g., to shed light on the reasoning of the LLM.

2.4.2. m Items Focus

Expected analysis outcome: identify and clarify discrepancies be-
tween human-expected and LLM-generated value distributions for
multiple items. Example analysis question: “Are LLM-generated
unemployment rates biased toward a specific range?”

V × m Items : Show LLM value distribution: Displaying the
distribution of LLM-generated values, possibly in comparison to
the entire item value distribution, can reveal subset characteristics,
like potential biases or a lack of diversity.
Vg × m Items : Show ground truth value distribution: Show

ground truth value distribution to reveal subset patterns and poten-
tial shifts from the overall distribution, helping to assess biases.
E × m Items : Overview of LLM explanations: Understanding

explanation patterns occurring across multiple items helps to cross-
validate explanations, understand rationales that drive LLMs when
generating values, and helps to assess the LLM’s consistency.
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Item/Attribute Granularity Dimension
1 Item m Items 1×1 Attribute 1×m Attributes m×m Attributes

D
at

a
So

ur
ce

D
im

en
si

on Values V Show LLM value for a single
item [KTP∗24, KLS∗24, CZC∗24,
TWB∗20, CE23]

Show LLM value
distribution [KTP∗24, PAD∗24,
KLS∗24, CFB∗23, CZC∗24,
TWB∗20, CE23]

Relate two attributes
(LLM) [KTP∗24,
KLS∗24, TWB∗20]

Compare multiple
attributes by relation
(LLM)

Overview of multiple
attribute relations
(LLM) [TWB∗20]

Ground
Truth Vg

Show ground truth value for a single
item [PAD∗24, TWB∗20]

Show ground truth value
distribution [CHM∗24, TWB∗20]

Relate two attributes
(ground
truth) [CHM∗24,
TWB∗20]

Compare multiple
attributes by relation
(ground truth)

Overview of multiple
attribute
relations [TWB∗20]

Value :
Ground
Truth
V : Vg

Compare LLM and ground truth
value [PAD∗24, SWS∗22, MDS∗25,
CFB∗23, ZZH∗23, HBL∗23, FSM24,
SLA∗24, GCM∗25, TWB∗20,
CHM∗24]

Compare LLM and ground truth
value
distributions [CHM∗24, PAD∗24,
SWS∗22, MDS∗25, CFB∗23,
ZQH∗23, BSL∗22, TWB∗20]

Compare two attribute
relations (LLM vs.
ground truth) [FSM24,
BSL∗22, TWB∗20]

Compare multiple
attribute relations (LLM
vs. ground
truth) [FSM24, BSL∗22]

Compare relation
overviews (LLM vs.
ground truth)

Explanations
E

Show LLM explanation for a single
item

Overview of LLM explanations

Value :
Explanations
V : E

Contextualize LLM explanation with
LLM
value [KTP∗24, CHM∗24, PAD∗24,
KLS∗24, SWS∗22, MDS∗25,
CZC∗24, BS24, SJZ25, TWB∗20]

Relate LLM values with LLM
explanations [KTP∗24, BS24]

Ground Tr. :
Explanations
Vg : E

Contextualize ground truth value with
LLM explanation [BS24, TWB∗20]

Relate ground truth values with
LLM explanations [BS24]

Table 1: Design space tasks across Item and Attribute Granularity and Data Source Dimension. While the design space accommodates
values across all item-attribute granularities, explanations are primarily effective when applied to an item granularity.

V × E × m Items : Relate LLM values with LLM expla-
nations: Relating multiple LLM-generated values with explana-
tions assesses justification consistency, reveals discrepancies across
items, and identifies potential pitfalls or biases in the reasoning.
V × Vg × m Items : Compare LLM and ground truth value

distributions: Assessing the alignment of these two value distribu-
tions provides statistical insights, revealing discrepancies, potential
biases, or failures in LLM’s understanding of key aspects.
Vg × E × m Items : Relate ground truth values with LLM ex-

planations: This relation-discovery task allows users to assess the
general alignment between ground truth and LLM explanations for
the identification of potential pitfalls or biases in the reasoning.

2.4.3. 1×1 Attribute Focus

Expected analysis outcome: clarity and plausibility of a LLM-
generated attribute, in relation to an existing attribute. Example
analysis question: “Are happiness scores generated by the LLM
positively correlated with my income attribute?”

V × 1×1 Attribute : Relate two attributes (LLM-
generated): Relation-discovery between two attributes, e.g.,
a LLM-generated and an existing attribute to show interesting
dependencies.
Vg × 1×1 Attribute : Relate two attributes (ground truth):

Relation-discovery between two ground truth attributes, e.g., to
identify dependencies or redundancies for feature selection.
Vg × V × 1×1 Attribute : Compare two attribute relations

(ground truth with LLM-generated): Relate ground truth and
LLM-generated attributes to assess alignment and agreement. This
helps to gain trust in whether LLMs can reproduce what is already
known.

2.4.4. 1×m Attributes Focus

Expected analysis outcome: clarity about the relation between the
LLM-generated attribute and other (existing) attributes. Example
analysis question: “Which attributes are most positively/negatively
correlated with the LLM-generated happiness index?”

V × 1×m Attributes : Compare multiple LLM-generated
attributes by relation: Relation-discovery between LLM-
generated attributes can, e.g., put one LLM-generated attribute
in focus, allowing for ranking other attributes by their relation
strength.
Vg × 1×m Attributes : Compare multiple ground truth at-

tributes by relation: Relation-discovery between ground truth at-
tributes can, e.g., put one attribute in focus, allowing for ranking
other attributes by their relation strength.
V × Vg × 1×m Attributes : Compare multiple attribute re-

lations (LLM vs ground truth): Users compare the relation-
discovery outcomes of LLM-generated attributes with those for
ground truth attributes to identify discrepancies and biases.

2.4.5. m×m Attributes Focus

Expected analysis outcome: clarity on the relations between all
LLM-generated attributes and all existing attributes. Example anal-
ysis question: “Do relations in LLM-generated data align with the
ground truth and do they enrich existing data for downstream use?”

V × m×m Attributes : Overview of multiple LLM-
generated attributes and their relations: This relation-discovery
task applies a brute-force approach to relate all attributes to each
other, typically leading to a matrix display of relations.
Vg × m×m Attributes : Overview of multiple ground truth at-

tributes and their relations: This task provides users with the full
overview of all relations between ground truth attributes.
V × Vg × m×m Attributes : Compare relation overviews

(LLM with ground truth): This task compares all relations of
LLM-generated attribute pairs with all relations of ground truth at-
tribute pairs to gain an understanding of their agreement.

3. Validation Examples

We demonstrate the descriptive power of the design space by map-
ping tasks from two existing approaches and show how their work-
flows map into the design space. Arrows between tasks illustrate
the workflows described in these approaches (see Figure 3).
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Figure 2: Mapping the supported tasks and user workflows of two
existing validation approaches to our design space. Purple: iScore
[CHM∗24], Yellow: LLM Comparator [KTP∗24]

Figure 3: Screenshot with marked validation steps of iScore re-
produced from Coscia et al. [CHM∗24] with permission (left) and
LLM Comparator [KTP∗24] with permission (right)

iScore [CHM∗24] is an LLM-based tool for scoring summaries
on attributes, such as objectivity and coherence. A scatter plot
displays ground truth data for two scoring attributes, providing
an overview of expected trends and correlations (1) . A bar chart
alongside the scatter plot further clarifies value distributions (2) .
Users provide summaries which the LLM scores and visualizes, on
the same scatter plot in a different color. Overlaying these plots al-
lows direct comparison of trends between LLM scores and ground
truth values (3) . To explore individual relationships, users can se-
lect a ground truth value, load the corresponding summary, and
have it scored by the LLM for direct attribute comparison (4) . For
deeper insight into how a score was derived, users can visualize the
LLM’s attention and receive a non-textual explanation (5) .

LLM Comparator [KTP∗24] compares the output quality of
different LLMs and identifies trends across models. Despite its
primary focus on LLM-generated text, LLM Comparator uses an
LLM-as-a-judge approach, based on pairwise comparisons, which
generates a categorical gradation. Users select an item, view its
prompt and two generated outputs, and examine individual com-
parison results (1) . To understand why one output is preferred, tex-
tual explanations are collected during the LLM-as-a-judge process
(2) . For a broader perspective, users can analyze the distribution
of aggregated scores to detect patterns in LLM preferences (3) .
Performance contextualization is possible through bar graphs link-
ing explanations–such as ”is more engaging”–to output preferences
(4) . In the final step, users explore how LLM preferences relate
to collected output metrics, such as word count, moving beyond
within-attribute analysis to uncover relations and trends (5) . This
structured comparison allows users to assess LLM performance,
understand decision rationales, and detect potential biases or in-
consistencies in model outputs.

4. Limitations and Discussion

Data Source Mapping: When validation approaches use two
Data Source Dimension elements (values, ground truth, explana-
tions), we currently map them only to the combined cell rather than
separately, leading to empty explanation-only cells never occurring
in isolation. This reduces redundancy, but affects the descriptive na-
ture of our mapping strategy, which we plan to investigate further.

Item/Attribute Granularity Mapping: Some validation ap-
proaches support both fine-grained and coarse analysis in one view.
For example, scatter plots enable per-item, multi-item, and 1:1 at-
tribute validation [CHM∗24]. Our mapping prioritizes the coarser
cell to reduce redundancy, but this may impact the descriptiveness
of the design space, requiring further investigation.

Human Knowledge Externalization: A key validation strategy
compares LLM-generated data with human-provided ground truth,
leveraging domain knowledge for representative subsets. However,
this approach faces scalability challenges, as human knowledge ex-
ternalization is labor-intensive. Addressing these limitations will be
crucial for making human-in-the-loop validation feasible at scale.

Generation-Validation-Application as a Process: We iden-
tify a structured process-oriented perspective for validating LLM-
generated tabular data, with three key phases: data generation (in-
cluding prompt engineering), validation (as studied), and down-
stream applications. Expanding the design space could distinguish
validation for upstream generation and downstream application,
forming a unified framework adaptable to specific domains.

Numeric vs. Categorical Values: While our design space
is attribute-type agnostic, our illustrations focus on numerical
representations of LLM-generated data values, and their rela-
tions [SBKB23]. Future work may explore illustrative support for
categorical relation discovery [BSW∗14] and develop idioms to an
equal status, to ease the ideation of solutions for categorical data.

Role of Visual Analytics: Most pioneering validation ap-
proaches included VA building blocks to cope with the complexity
of validation challenges. This motivates a deeper study of forms of
human involvement in combination with possibilities for compu-
tational support. Future work includes the extension of the design
space with a systematic focus on human-model collaboration pat-
terns, studied in relation to the two existing dimensions.

5. Conclusion

We introduced a structured design space for the critical validation
of LLM-generated tabular data. The design space systematically
characterizes validation approaches, enabling their comparison and
guiding developers in identifying validation strategies. We mapped
existing approaches onto the design space to identify their char-
acteristics and discussed two approaches in detail to validate the
descriptive power. Our work makes a case for VA as a critical layer
in the LLM data generation. While automated solutions are valu-
able, interactive visual validation tools are indispensable for ensur-
ing trust and reliability in validating synthetic tabular data. This de-
sign space provides a potential foundation for building such tools.
Future work may explore extensions of the design space with fur-
ther dimensions that could enrich validation approaches. The de-
sign space can also be expanded by formulating a unified process
framework, distinguishing validation methods for data generation
and application.
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