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Abstract—Data validation is a crucial step in data analytics
workflows that assesses and ensures the reliability of data
flowing into analytical processes. One common approach to
data validation involves defining validation rules, which provide
explicit constraints and conditions that data must satisfy. How-
ever, creating accurate and effective validation rules remains
challenging for many practitioners. This challenge stems from
the need for practitioners to understand both data structures
and their domain-specific semantic relationships. Recent studies
have proposed automated approaches to generate validation
rules by deriving patterns from data properties. However, these
approaches generate rules with limited interpretability and lack
support for rule verification and modification, making the rules
difficult to understand and adapt. To address these limitations
in current validation rule authoring approaches, we present
RuleScope, an interactive system for authoring data validation
rules through semantic-aware rule generation, visualization, and
refinement. RuleScope employs an LLM-based workflow to
generate interpretable rules by analyzing data semantics and
incorporating domain knowledge. To facilitate rule comprehen-
sion, we design a matrix-based visualization that helps users
understand rules and analyze validation results. Additionally,
RuleScope enables users to interactively refine rules. We evaluate
the LLM-based workflow through model evaluation on datasets
from different domains and assess RuleScope’s usability and
effectiveness through two case studies and a user study.

Index Terms—data validation, data quality, visualization, in-
teractive tool.

I. INTRODUCTION

Increased data accessibility allows organizations to derive
significant value from its analysis, enabling informed decision-
making and improved strategic planning [1], [2]. However, the
accuracy of data analysis and the reliability of subsequent de-
cisions can be compromised by data errors [1], [3], potentially
leading to considerable financial consequences [4]–[7].

Data validation serves as a critical step for improving data
quality in data analytics workflows, aiming to identify errors
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and ensure the correctness and validity of input data. A
common data validation approach is to detect erroneous data
by defining validation rules. For example, a typical validation
rule that checks whether a high-risk blood pressure dataset
is correct might be expressed as: blood_pressure >
140 mmHg AND age > 60. These validation rules serve
to encapsulate knowledge about the semantic correctness of
data, thereby facilitating the effective monitoring and cleaning
of subsequently acquired data.

However, manually authoring these rules remains challeng-
ing for practitioners. First, effective rule creation requires ana-
lyzing data characteristics combined with domain knowledge,
while working with massive, complex datasets remains diffi-
cult and time-consuming. Second, practitioners must translate
conceptual rules into executable implementations by defining
detection functions and parameters. Furthermore, this process
typically requires iterative refinement based on validation
results. Recent studies have employed machine learning ap-
proaches [8]–[11] to generate validation rules from data based
on statistical patterns. However, the generated rules typically
lack interpretable semantic meaning that aligns with domain
knowledge, thereby impeding human understanding and the
ability to refine and optimize these rules effectively. Moreover,
existing approaches focus on rule generation while neglecting
subsequent verification and refinement. This oversight neces-
sitates intuitive visualizations to assist users in interpreting di-
verse rules and their effects on data, while supporting iterative
refinement through interactive exploration and modification.

Motivated by the limitations of prior studies, we collabo-
rated with four domain experts to design RuleScope, an in-
teractive system that supports the generation, verification, and
refinement of data validation rules based on data semantics.
Developing such a system poses three research challenges:

Generating interpretable validation rules based on data
semantics. The first challenge lies in improving the inter-
pretability of the generated rules by aligning rules and data
semantics. The current approaches mainly rely on profiling
statistical characteristics and fitting data distributions, resulting
in complicated rules like “0.67×blood pressure+1.5×age >
183.8” for the high-risk blood pressure scenario. The inter-
pretability of these rules is crucial in facilitating subsequent
human-in-the-loop rule verification and refinement.

Verifying complex validation rules based on their re-
sults. Users need to verify both validation rules and their
results to ensure rule effectiveness. However, this verification
process is complicated by diverse rule types and complex
rules involving data relations and conditional dependencies
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(e.g., If blood pressure > 140 AND age > 60 THEN high
risk = TRUE), requiring users to examine relationships across
multiple data elements. It remains a significant challenge to
effectively support users in the verification process of these
complex rules and their results.

Refining validation rules to balance rule strictness and
accuracy. Data validation authoring requires iterative refine-
ment of rules through observation of their effects on datasets.
However, intuitively translating the users’ assessment on the
quality of validation rules into data boundary refinement of
these rules remains a challenging task. This refinement process
must balance between the strict rules that may reject valid data
and the inaccurate rules that may miss erroneous data.

To address these challenges, we established a validation
rule classification through expert interviews and literature
review [1], [8], [12]–[15]. Following this classification, we
constructed a rule generation workflow using locally-deployed
large language models (LLMs) that generates interpretable
validation rules by combining domain knowledge and semantic
analysis. Drawing inspiration from MatrixWave [16], we de-
signed a matrix-based visualization to help users understand
rules and analyze validation results. We also implemented
various interactions, including natural language interface, ex-
ample specification and parameter fine-tuning, to support users
in refining validation rules flexibly. To evaluate RuleScope,
we analyzed the performance of the rule generation workflow
across different domains and evaluated the system through two
case studies and a user study. The results demonstrate how
RuleScope improves efficiency in the validation process.

Our main contributions are summarized as follows:
• We propose an LLM-based workflow for generating in-

terpretable validation rules through semantic analysis and
domain knowledge;

• We design a matrix-based visualization for facilitating the
interpretation of validation rules and their results;

• We implement RuleScope, an interactive tool for author-
ing data validation rules that supports semantic-aware rule
generation, verification, and refinement.

II. RELATED WORK

A. Data Validation

Data validation is crucial for ensuring data quality in
data analysis workflows. Traditionally, users write validation
rules using programming languages such as Python or SQL.
However, these general-purpose languages lack specialized
features for data validation, which often leads to complex
implementations and higher development costs. In response
to these challenges, several companies have developed spe-
cialized tools such as Google’s TensorFlow Data Validation
(TFDV) [17], [18], Amazon’s Deequ [19], [20] and LinkedIn’s
Data Sentinel [21], [22]. These tools use declarative ap-
proaches for high-level rule specification. Nevertheless, these
tools still necessitate manual rule definition, and it is difficult
for users to define appropriate validation rules [11].

Error detection algorithm. Error detection algorithms are
crucial due to the time-consuming and labor-intensive nature
of manually defining validation rules. Tools such as Microsoft

Excel [23], [24] offer nine predefined validation rules. Tri-
facta [25], Power BI [26], and Talend [27] support pattern
anomaly detection for predefined data types, such as email
addresses. OpenRefine [28] employs fuzzy-group-by methods
to identify spelling errors. Error detection is a well-established
research area. Feature-based methods detect outliers by ana-
lyzing statistical properties, primarily in time series data where
patterns help identify anomalies [29]–[33]. Constraint methods
detect data anomalies by setting conditions to identify errors,
often validating data across multiple columns [34]–[38], such
as functional dependencies. Semi-automated methods [12],
[39]–[41] have been devised to validate data. Other approaches
automatically detect errors and generate validation rules based
on profiling statistical characteristics and fitting data distri-
butions [9], [13], [33]. Tu et al. [8] analyze past executions
of data pipelines to automatically generate validation rules.
Picket [42] performs self-supervised data validation for ma-
chine learning pipelines. Despite these advancements, existing
algorithms for data validation have limitations. Some require
manual rule-setting, while automated algorithms often lack
flexibility and depend on clean datasets for rule generation,
failing to meet user needs. Thus, user involvement remains
essential in the data validation process [43].

Visual and interactive validation. Visualization and in-
teraction techniques assist users in participating in the data
validation process. Data visualization enables users to discover
latent insights and enhance cognitive abilities [44]. Numerous
data management systems [21], [25], [26], [28] and data profil-
ing tools [43], [45] use visualization to help users understand
data distributions, identify trends, and detect anomalies. Early
approaches primarily use basic charts to inspect univariate
distributions, such as bar charts [46]–[48], line charts [49],
and area charts [45], [50]. For instance, Wrangler [48] employs
interactive bar charts as data quality meters to visualize the dis-
tribution of valid, invalid, and missing values based on inferred
semantic roles. Although these conventional visualizations are
easy to interpret, they have limitations in representing complex
data characteristics and relationships. To examine attribute
relationships, researchers extend these techniques with bivari-
ate and multivariate visualizations. Scatterplots are commonly
used [43], [51]–[53] to reveal bivariate patterns. Profiler [43]
extends this approach with binned scatterplots and scatterplot
matrices (SPLOMs) to visualize correlations and highlight
multivariate outliers through linked interactions. However,
these techniques primarily depict statistical patterns rather than
encoding validation logic. For data streams, multidimensional
data, and sequential data, prior work has employed visualiza-
tions such as node-link graphs [54]–[56], parallel coordinates
plots [57]–[59], and sequence matrices [16], [60] to represent
data relationships. However, reliance on visual inspection
alone presents significant cognitive challenges when analyzing
large-scale datasets or complex relationships. Recent work has
further explored interactive visual analytics for diagnosing
and refining data quality issues in machine learning work-
flows [61]–[64]. For example, LabelInspect [61] supports the
validation of uncertain labels and unreliable workers through
coordinated visualizations and iterative feedback propagation.
Related task-specific systems have also been developed for
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interactive labeling and annotation correction in specialized
domains, such as suspicious cluster labeling and action anno-
tation correction [65], [66]. However, these approaches target
specific machine learning tasks rather than explicit validation
rule generation, verification, and refinement for tabular data.

To address these limitations, we designed RuleScope, an
interactive system supporting the generation, verification, and
refinement of data validation rules. RuleScope leverages LLMs
to analyze data semantics and domain knowledge for rule
generation, employs a matrix-based visualization for rule
verification, and enables interactive rule refinement.

B. LLMs for Exploratory Data Analysis

Large language models (LLMs) have demonstrated signif-
icant capabilities, with models such as GPT-5.2 [67] and
Claude-4.5 [68]. Researchers have successfully deployed these
models across numerous tasks, including visualization recom-
mendation [69], evaluation [70], color palette design [71], web
design [72], and data transformation [73]. Building on their
comprehensive domain knowledge and sophisticated reason-
ing capabilities, researchers have increasingly applied these
models to exploratory data analysis (EDA) tasks.

Current research leveraging LLMs for EDA can be cat-
egorized into two primary approaches. The first approach
improves efficiency during data exploration. Data Formula-
tor [73] employs LLMs to interpret user intent and facilitate
data transformation operations, whereas chat2vis [74] enables
visualization generation through natural language inputs. Some
studies [69], [75] decompose this process into multiple sequen-
tial steps, incrementally generating visualizations based on
both data characteristics and natural language queries. The sec-
ond approach emphasizes enhancing users’ analytical capabil-
ities by discovering data insights. AI Threads [76] implements
progressive data analysis through multi-turn conversations,
and InsightPilot [77] utilizes LLMs as an insight engine to
facilitate insight discovery. However, these approaches pre-
dominantly focus on identifying analytical features that reflect
knowledge and facts within the data, while lacking sufficient
emphasis on data quality analysis and exploration.

Inspired by these studies, we observe that LLMs’ ability
to help users uncover data insights can be extended to sys-
tematically identify and address data quality issues. Unlike
previous approaches focused on analytical features, our re-
search specifically targets the challenges in data validation
through semantic understanding. Based on this observation, we
propose an LLM-based workflow that constructs interpretable
validation rules by analyzing data semantics and leveraging
domain knowledge to facilitate validation rule authoring.

III. CLASSIFICATION OF RULES AND TASK ABSTRACTION

This section presents the background of our study, the
classification of validation rules, and the user requirements.

A. Background

Over the past year, we collaborated with four domain
experts (E1-4) to understand how they author validation rules

for data validation tasks. E1 and E2 are industry practitioners
from the business analytics and energy engineering sectors, re-
spectively, each with over three years of experience in domain-
specific data cleaning and analysis. Both of them conduct
data validation tasks on production data as part of their daily
responsibilities. E3 is a senior researcher in urban computing
with experience in urban data analysis and visualization, while
E4 is a Ph.D. candidate conducting research in sports science.
Both E3 and E4 work with datasets from various sources. Data
validation and error detection constitute critical components of
their workflow, directly impacting the accuracy of their visual
analytics and model training processes.

To understand data validation processes and challenges
in practice, we interviewed experts about their validation
experiences. During the interviews, experts described their
recently used datasets, validation procedures, and implemented
rules. Our investigation revealed that experts implement val-
idation rules either programmatically (using Python or Ama-
zon Deequ) or through interactive tools (like Excel or Data
Sentinel). Rule authoring follows an iterative process where
experts formulate initial rules based on domain knowledge and
data semantics, then refine them after examining validation
results. This refinement is necessary as initial rules rarely
achieve optimal performance without adjustments. Such a
data validation workflow presents three major challenges:
(1) formulating validation rules requires significant effort
to understand data semantics, examine data characteristics,
and incorporate domain knowledge; (2) interpreting validation
results demands experts to comprehend rules and assess their
appropriateness based on validation results; and (3) refining
rules necessitates context switching between validation results
and rule implementation. Based on these findings, the goal
of this study is to develop a visual analytics solution that
addresses these challenges by providing integrated tools for
rule formulation, result interpretation, and iterative refinement
within a unified interface that supports data practitioners in
creating effective validation rules. To achieve this goal, our re-
search focuses on two fundamental questions: what to validate
and how to validate. The former concerns identifying which
data elements, relationships, and properties should be subject
to validation. The latter addresses how we can effectively
support data practitioners in authoring validation rules.

B. Classification of Validation Rules

To understand what to validate, we first established a
classification of validation rules by analyzing domain experts’
validation practices, identifying two primary categories:

• Cell-level validation rules check individual data values
independently, examining properties such as data types,
value ranges, and format constraints. These rules are self-
contained as they can be validated without referencing
any other data cells.

• Dependency validation rules define relationships be-
tween multiple data cells. For example, these rules may
comprise simple comparisons (e.g., a cell’s value must
be less than another) or complex conditional constraints
(e.g., when a cell contains a specific value, another cell
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Fig. 1. The classification of validation rules consists of 2 categories, Cell-
level and Dependency, which are further divided into 14 subcategories.

must satisfy a particular condition). Due to their intrinsic
complexity in generation, verification, and refinement,
dependency rules constitute our primary focus.

To further refine this initial categorization, we reviewed liter-
ature on error detection [12], [13], [78], data quality [1], [14],
[15], [79] and data validation [8], [9], [80]. Building upon this
literature review and continued bi-weekly discussions with the
domain experts, we further divided our initial categorization
of validation rules into 14 detailed subcategories, as illustrated
in fig. 1. These subcategories are described as follows:

Type ensures data conforms to specified types, including
character, numeric, and date.
Format verifies adherence to specific format require-
ments, such as applying regular expressions to enforce
character length and pattern, or validating date-time for-
mats (e.g., yyyy-mm-dd).
Integrity checks for missing or anomalous data, encom-
passing both standard missing values (null values, np.nan)
and domain-specific indicators (such as using -1 to denote
missing value).
Range confirms data values fall within defined bound-
aries, such as ensuring PH values remain within the range
of 0 to 14.
Comparison relations examines comparative relation-
ships between values. For numeric or date data, this
involves magnitude comparisons, such as PM2.5 ≤ PM10
in atmospheric monitoring data. For character data, this
involves comparing string lengths or substring relation-
ships, such as the relationship between email addresses
and email domains, where the email domain must be a
substring of the email address.
Computational relations ensure relationships between
columns through direct calculations (e.g., a student’s total
score equals the sum of individual subject scores).
Logical and condition checks conditional relationships
between columns, where certain values act as conditions
that impose constraints on other values. When specific
conditions are met in one column, they trigger validation
rules for related columns. For instance, when age is less
than 18, minor status must be True.
Mapping and cardinality validates predefined mappings
between columns. Unlike logical and condition, which
activates a constraint only when a triggering condition is
met in another column, this rule defines a static structural
association where each value must conform to a reference
set. It covers value-based dependencies where one value
determines another (e.g., postal codes must match their

designated geographic regions), as well as cardinality
constraints such as one-to-many relationships (e.g., one
department maps to multiple courses).
Domain consistency validates the semantic appropriate-
ness of column values. It checks that values belong to the
correct category (e.g., no country names in a city column)
and that the same entity is represented consistently (e.g.,
“New York” rather than “NY”). As a semantic-level
validation, it concerns the meaning of values within
their column context, whereas range validates numerical
boundaries and format enforces syntactic patterns.
Statistical examines numerical values in a column against
statistical rules, such as outlier detection and distribution
patterns, where age values should follow expected popu-
lation distribution.
Difference evaluates adjacent data points, ranging from
threshold checking (e.g., temperature changes must not
exceed 5°C, or price fluctuations must stay within 15%)
to distances across multiple dimensions (e.g., in a 3D
space, successive points (x1,y1,z1) and (x2,y2,z2) have
reasonable Euclidean distances).
Duplicate examines value uniqueness, ranging from in-
dividual columns (e.g., employee ID numbers as primary
keys) to multiple column combinations (e.g., in atmo-
spheric monitoring data, while location and timestamp
may have duplicate values individually, their combination
must be unique, as one location can only have one
measurement at any given time).
Order verifies that consecutive values in a column fol-
low a predefined monotonic direction, such as record
timestamps appearing in ascending order. In contrast,
difference rules check the magnitude of change between
adjacent values rather than its direction, ensuring it stays
within an acceptable threshold.
Sequence examines transitions between data following
sequential relations, such as in transaction records where
“order placement” should be followed by “payment”.

It is important to note that this classification deliberately
emphasizes dependency validation rules over cell-level ones,
reflecting the specific needs expressed by our domain experts
during discussions. Specifically, our taxonomy prioritizes rule
semantics and validation purposes over structural disjointness,
enabling intuitive rule authoring aligned with experts’ mental
models. While this taxonomy satisfies the current requirements
of our collaborators and provides a structured framework for
the interactive rule construction method, we acknowledge its
potential limitations in scope and comprehensiveness. Such a
taxonomy should be viewed as an evolving framework rather
than a definitive categorization. We encourage future research
to expand, refine, or restructure this taxonomy as additional
validation scenarios emerge or as the method is applied across
different domains with unique validation requirements.

C. Requirement Analysis

To develop an effective interactive system that supports the
authoring of these validation rules and address the question
how to validate, we conducted weekly meetings with four
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domain experts over three months. We designed a three-phase
process to systematically elicit requirements covering the com-
plete rule authoring workflow. In Phase 1 (Rule Initialization,
5 weeks), we discussed challenges in manual rule construc-
tion and explored what semantic information generated rules
should contain. Through iterative sketching of example rules,
we clarified requirements for automating rule generation while
ensuring interpretability. In Phase 2 (Rule Comprehension and
Analysis, 6 weeks), we discussed challenges in understanding
rule definitions and analyzing validation results, and explored
how to visually present them. Iterative prototyping of alter-
native visualizations helped clarify requirements for revealing
rule logic and supporting result analysis. In Phase 3 (Rule
Refinement, 3 weeks), we discussed challenges in iterative
refinement and context switching between modification and
evaluation. Collaborative exploration and sketching clarified
requirements for different rule types while minimizing context
switching. Through these three phases, we identified four key
user requirements that guided RuleScope’s design as follows.
R1: Generate semantic-aware validation rules. Users need

to construct validation rules based on data semantics and
domain knowledge, ensuring these rules are semantic-
aware and aligned with domain expertise. Semantic-
aware rules capture meaningful data relationships and
reflect real-world constraints, supporting both accurate
validation and iterative refinement. However, manually
constructing these rules is time-consuming and chal-
lenging. As E2 emphasized: “Despite having sufficient
domain knowledge, I still find it challenging to initialize
validation rules.” Therefore, the system should generate
semantic-aware validation rules that align with domain
expertise, reducing users’ burden in the initial phase.

R2: Reveal validation rule definitions. Users need to under-
stand both the definitions and types of validation rules.
E4 mentioned: “Before applying validation rules, I need
to verify if these rules actually make sense for my data
and business context, but this verification process is time-
consuming and labor-intensive.” The system should pro-
vide intuitive visualizations of validation rules, helping
users comprehend and evaluate rules.

R3: Enable data-driven validation result analysis. After
applying rules, users need to analyze how these rules
perform against actual data to determine their appropri-
ateness. As E3 noted, “It would be helpful to display
which validation rules are being violated/satisfied by the
current data.” The system should enable users to explore
compliant and violating data instances, revealing whether
rules need adjustment for being too strict or too lenient.

R4: Support flexible rule refinement. Users need to itera-
tively refine rules by making adjustments and then exam-
ining how these changes affect the validation outcomes,
requiring frequent shifts in focus between rule editing and
result assessment. Furthermore, preferred modification
approaches vary depending on the rule types. For simple
rules, users prefer direct parameter modification, while
for complex rules such as dependencies, they require nat-
ural language or other intuitive methods to express their
intentions. Therefore, the system should support flexible

rule refinement while minimizing context switching.

IV. RULESCOPE WORKFLOW

This section presents RuleScope’s workflow for validation
rule generation, implementation, and refinement. Our work-
flow addresses the key challenge of generating interpretable
validation rules by leveraging domain knowledge, semantics,
and characteristics of datasets. We achieve this through three
technical innovations: (1) a taxonomy-driven design that en-
ables generating validation rules in a structured format, (2)
data preprocessing procedures that prepare raw data into LLM-
comprehensible formats tailored to different rule types, and (3)
a prompting strategy that guides LLMs to extract data seman-
tics effectively. The workflow consists of three components: an
LLM-based validation rule recommender (section IV-A), a rule
implementer (section IV-B), and a rule refiner (section IV-C).

A. Validation Rule Recommender

The Validation Rule Recommender (fig. 2A) generates val-
idation rules (R1). Based on expert interviews, we identified
that the generation of validation rules should integrate both
domain knowledge and data semantics. The recommendation
should consider two key rule types: cell-level rules and de-
pendency rules. We adopted LLMs as our solution approach
because they effectively encapsulate domain knowledge [81]
and possess the ability to understand data semantics [82].
Several studies have applied LLMs to exploratory data analysis
(EDA) [73], [74], [76], [77] and data management tasks [83],
[84]. However, applying LLMs to validation rule genera-
tion presents two main challenges: effectively representing
complex tabular data and handling diverse rule types with
distinct reasoning requirements. To address both challenges,
we optimized tabular data representation and implemented
a type-specific rule generation strategy. The Recommender
consists of a two-stage pipeline to generate rules:

Tabular data preprocessing. To generate reliable validation
rules, LLMs require comprehensive tabular data character-
istics. However, feeding complete data tables to LLMs is
infeasible due to token limitations and efficiency concerns,
potentially degrading rule generation performance. Our pre-
processing approach (fig. 2A1) categorizes columns by data
types for subsequent processing. The preprocessing steps
include: (1) data compression: merging identical values with
their frequencies and proportions, reducing input size for
categorical data, repetitive values, and datasets with high
null value density; (2) statistical computation: extracting key
metrics from numeric data (mean, median, outlier detection);
(3) pattern extraction: analyzing various data patterns, e.g., se-
quential relationships between consecutive values, to facilitate
inference of underlying data dependencies; (4) domain detec-
tion: analyzing column names and data values semantically to
identify the specific data domain, which enables the generation
of contextually relevant dataset descriptions that enhance the
precision of validation rule recommendations. Detailed prepro-
cessing procedures are described in supplementary materials
Sec. 2.1. The extracted information is structured in JSON
format for subsequent rule recommendation.
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Fig. 2. RuleScope workflow. (A) Rule Recommender generates validation rules for the current table, including data preprocessing (A1) and LLM-based
validation rule generation (A2); (B) Rule Implementer converts validation rules into executable functions; (C) Rule Refiner facilitates user refinements to rules
through direct parameter modification, example-based demonstration, and natural language instruction.

LLM-based rule recommendation. The second stage im-
plements a type-specific validation rule generation strategy
(fig. 2A2), where rules are recommended sequentially by rule
type. This sequential approach is necessary for two main
reasons: (1) rule types have distinct data requirements, and
including all table information in a single prompt would ex-
ceed the token limitations of LLMs; (2) concurrent generation
of multiple rule types would overload the model’s capacity
to maintain logical consistency across different validation
patterns. To address these challenges, we construct prompts
for each type by extracting relevant information from the
preprocessed data based on specific requirements. For depen-
dency rules, which involve complex relationships requiring
substantial computation, we adopt a semantic-guided approach
instead of exhaustive pairwise analysis. This approach operates
in two phases: (1) LLMs identify potentially related variables
through semantic analysis of column names and examination
of sample data; (2) these candidate relationships undergo
detailed analysis to formulate precise rules. For example, when
generating logical and condition rules, LLMs first identify
potentially related columns, then analyze their data characteris-
tics for rule inference. Ultimately, the Recommender generates
different types of validation rules along with their parameters,
which typically fall into two categories: (1) parameters that
represent the constraints of the current validation rule; and (2)
conditional parameters required before rule execution (such
as filter, order, etc.). For instance, sequence-type validation
rules require data to be sorted by specific columns prior to
validation, thus including order condition parameters. These
generated rules with their respective parameters are then con-
solidated into a JSON configuration file for the current dataset.
This format enables our system to parse and render each rule
as interpretable descriptions and visualizations, supports tran-
spilation into executable scripts (e.g., Python), and simplifies
maintenance as dataset requirements evolve. We implemented
our Recommender using Qwen2.5 [85], an open-source model
family ranging from 7B to 72B parameters. We selected

appropriate model sizes based on task complexity, balancing
inference accuracy and computational efficiency for each type
of rule generation task (see supplemental material Sec. 3
for details). We chose local deployment through Ollama [86]
for faster communication, enhanced control, and support for
longer context length. We present the evaluation of our rule
recommendation models in Section VI-A.

B. Validation Rule Implementer

The Validation Rule Implementer (fig. 2B) transforms the
validation rule configuration file into executable validation
functions. This configuration file is either generated by the
Rule Recommender (section IV-A) or defined by users (sec-
tion IV-C). For each rule, the Implementer identifies its type
and invokes the corresponding template function, passing the
rule’s specific parameters as function arguments. These param-
eters describe both the constraints that data must satisfy under
this validation rule and the conditions for data preprocessing
before validation, such as filtering and sorting requirements.
For instance, when implementing sequence rules, the param-
eters specify the sequence constraints the data should follow,
as well as the ordering conditions that determine how the
dataset should be sorted prior to validation. The template
functions first apply these preprocessing transformations, then
execute the validation logic against the preprocessed data. The
Implementer ultimately returns the indices of non-compliant
data entries, which are then used for subsequent visualization
and analysis of validation results.

C. Validation Rule Refiner

The requirement analysis identified the need for flexible rule
refinement (R4), which motivated the development of the Val-
idation Rule Refiner (fig. 2C). Based on the refinement needs
identified in our requirements analysis and iterative design
with domain experts, we designed three interaction patterns
to support different refinement scenarios: (1) Direct parameter
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modification for simple refinement, such as True/False settings
in missing value detection; (2) Example-driven refinement,
where experts demonstrate valid/invalid cases by selecting data
instances; (3) Natural language interaction, where experts use
LLMs to adjust complex rule scripts through natural language.
For direct parameter modifications, the Refiner supports edit-
ing the validation rule configuration file directly, while for
example-driven and natural language refinements, it employs
LLMs to interpret user inputs and generate appropriate rule
modifications to update the configuration file. The Refiner
subsequently triggers the Implementer (section IV-B) with
modified parameters to re-validate the dataset.

Example-driven refinement uses selected data instances
to modify validation rules, allowing users to refine rules
through specific examples rather than abstract specifications.
The Refiner identifies target rule types based on selection
locations. For instance, it recognizes inter-column rules when
selections span different columns within the same row. It
then evaluates existing rules against the provided valid/invalid
examples. For valid examples, it examines satisfying rules to
determine if stricter conditions are needed, while analyzing
non-conforming rules for possible modifications. For invalid
examples, it follows similar steps with complementary criteria.
Finally, the Refiner analyzes example characteristics to assess
the need for rule additions or removals.

Natural language refinement enables intuitive rule modifi-
cation. The Refiner uses LLMs to parse users’ natural language
descriptions, extracting validation targets and parameters. For
example, in sports event data, a validation rule might specify
that in the ball_status column, “get pass” cannot be
followed by “give pass”. In this rule, the column represents the
target and the invalid sequence serves as the parameter. It then
compares these extracted targets and parameters against exist-
ing rules, adding, modifying, or deleting rules as appropriate.
We evaluated the accuracy of this natural language refinement.
The evaluation dataset and results are detailed in Sec. 3.6 of
the supplemental material.

V. RULESCOPE INTERFACE

The visual interface of RuleScope comprises three views
(fig. 3): (A) The Validate View presents rules and validation
results (R2) and supports rule refinement through interaction
with visualizations (R4); (B) the Data View presents tabular
data with detailed validation results (R3), allowing rule re-
finement through table-based example selection (R4); (C) the
Detail View displays an overview of currently applied vali-
dation rules (R2), offering parameter adjustment and natural
language interfaces for refining validation rules (R4).

A. Validate View

The Validate View (fig. 3A) presents validation rules and
their corresponding results. The upper-right corner contains an
Upload File button for dataset uploading and an Export button.
The Export button allows users to save rules as JSON files
and generate executable Python validation functions. This view
enables interactive exploration and modification of validation

rules. It helps users understand both rules and validation
results, supporting the iterative refinement process.

Validation rule visualization. Based on our rule classifica-
tion (section III-B) and requirements analysis (section III-C),
we developed a visualization approach inspired by Ma-
trixWave [16]. The design supports our rule classification and
represents both validation rules and their results. For cell-level
rules, we use basic charts (area charts and histograms). For
dependency rules between data cells, we employ a matrix-
based visualization with basic charts along the edges (fig. 3A1)
and relationship indicators in the matrix body (fig. 3A2).

The basic charts in our system vary by data type: (1)
area charts for continuous data (numeric and datetime) with
frequencies on the y-axis and values on the x-axis, and (2)
histograms for discrete data (character) with categories in
descending frequency order. For cell-level rules, these charts
appear as standalone visualizations, with icons integrated for
atomic rules (integrity, duplicate, and order), as illustrated in
fig. 4A. When visualizing dependency rules, these charts are
utilized as matrix edges (fig. 3A1) in our matrix visualization.

For dependency rules, we employ a matrix-based visual-
ization. This approach represents the relationships between
multiple data cells. The matrix edges consist of basic charts
representing the data involved in the dependency. For column
dependencies, different edges represent different columns; for
row dependencies, edges represent the same column but in
different row contexts (e.g., current row vs. next row values).
The matrix body encodes the relationships between data
elements on the edges. Its visual representation adapts to the
data types: (1) discrete-discrete combinations create distinct
regions (fig. 3A2), (2) continuous-continuous combinations
appear as scatter plot-like data points (fig. 6B), and (3)
discrete-continuous combinations display rectangular regions
showing each discrete value’s relationship with the continuous
variable (fig. 4A1). For column-to-column dependencies (e.g.,
mapping), the matrix shows relationships between values from
different columns. In fig. 5A, the highlighted region repre-
sents entries with “king” county and “bothell” city. For row-
to-row dependencies (e.g., sequence), the matrix represents
consecutive row relationships within a column. fig. 3A shows
a ball_status sequence rule where the highlighted point
connects “give pass” on the left edge to “get pass” on the right
edge, indicating this pattern in consecutive rows. Complex
validation scenarios may involve dependencies across multiple
data elements. For example, validating Postal Code needs
both County and City, as neither alone suffices due to
duplicate names or cross-county cities. We connect multiple
matrices through shared edges (fig. 4A2) to help users under-
stand dependencies across multiple data elements.

The validation rule visualization employs a consistent color
encoding: blue represents data that complies with validation
rules, whereas orange indicates rule violations. In fig. 3A2,
orange cells indicate rule-violating sequences between “give
pass” and “get pass”, while in fig. 6B, blue regions show valid
numerical ranges. Additionally, we use yellow to represent
intermediate states in multi-variable relationships, where a data
point connects to both valid and invalid data. For instance,
when visualizing relationships among County, City, and
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Fig. 3. The interface of RuleScope. (A) Validate View contains a matrix-based visualization of validation rules and their results; (B) Data View displays
detailed data and corresponding validation results; (C) Detail View includes a setting panel for validation rules (C1), validation card panel that presents an
overview of validation rules (C2), and natural language interaction interface (C3).

Postal Code columns (fig. 4A2), a connection point be-
tween “bothell” and “snohomish” appears yellow because it
links to both valid postal codes (e.g., 98021) and invalid ones
(e.g., 98258). For rules represented by icons (integrity, dupli-
cate, and order), blue icons indicate validation rule presence
and orange icons show violations (fig. 4A).

Interactions. The Validate View supports interactive ex-
ploration and refinement of validation rules. For exploration,
users can click on any value along one matrix edge, which
displays its label and highlights related values on the opposite
edge. These highlights follow the system’s color encoding
(blue for valid, orange for invalid, yellow for intermediate
states). Additionally, clicking within the matrix body reveals
natural language explanations of the validation rules while
simultaneously highlighting relevant data entries in the Data
View. For example, as shown in fig. 3A2, clicking a violation
region in the ball_status sequence matrix reveals the rule
explanation and rule-violating data entries. The Validate View
also enables rule refinement through several interaction meth-
ods. Users can edit rules by modifying the natural language
explanations. Alternatively, they can right-click on specific
matrix regions to adjust rule parameters, converting valid data
to invalid or vice versa.

Design alternatives. During the design phase, we evaluated
multiple approaches to visualize validation rules and their re-
sults. Through an iterative design process, we assessed parallel
coordinates plots, Sankey diagram, chord chart, and matrix-
based visualizations. Initial analysis showed that Sankey di-

agram (fig. 4B1) and chord chart (fig. 4B2) effectively vi-
sualized relationships between variables. For example, they
could intuitively represent sequence rules by showing clear
data flow patterns. However, testing with complete datasets
and comprehensive rule sets revealed significant limitations.
Overlapping lines and flow bands created excessive visual
clutter, compromising rule visibility and increasing cognitive
load from multiple variable representations. More critically,
these methods could not effectively represent all validation rule
types. Additionally, these methods inadequately support multi-
variable dependencies (e.g., col C depends on col A and col B):
Sankey diagrams and parallel coordinates struggle to encode
continuous numerical constraints without binning, while chord
charts cannot represent multi-variable relationships beyond
pairwise connections. Considering visualization consistency
and reducing learning overhead, we adopted the matrix-based
approach with multi-matrix to represent multi-variable depen-
dencies, augmented with in-situ explanation capabilities and
integrated data navigation.

B. Data View

The Data View (fig. 3B) displays uploaded datasets and fa-
cilitates data exploration. The upper section (fig. 3B1) presents
rule conditions (e.g., temporal ordering) on the left side, while
the right side features navigation controls that help users track
and locate invalid data entries. The central component is an
interactive data table (fig. 3B2) with histogram-enhanced col-
umn headers showing data distributions. Each column header
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Fig. 4. Part of the visual design (A) and design alternatives (B) of RuleScope. (A) Matrix visualizations and icons representing atomic rules: a matrix
composed of discrete-continuous edges (A1); multi-matrix visualization for validation rules involving multiple columns (A2). (B) Design alternatives: Sankey
diagram (B1) and Chord chart (B2) as design alternatives for representing validation rules during our design process.

also indicates the number of rule violations associated with
that column on its left side. The table highlights and provides
navigation to relevant data through coordination with the
Validate View and Detail View. The lower section (fig. 3B3)
provides column selection indicators and pagination controls.

Interactions. Users can click column headers to filter rules
relevant to specific data attributes. The Detail View then shows
only rules associated with selected columns, while unrelated
columns become grayed out and unselectable. Users can
deselect columns by clicking headers again or by modifying
the selection indicators. For data filtering, users can right-click
histogram bars in column headers to filter data to the selected
range. When a validation rule is selected in the Detail View,
its conditions appear in the upper-left area with an edit option,
while the table content is automatically sorted based on these
conditions. The upper-right area shows the number of invalid
data detected by the rule and provides navigation controls to
locate these invalid data.

Users can select data regions in the data table and mark
them as valid or invalid examples to refine validation rules. The
Validation Rule Refiner (section IV-C) analyzes both selection
patterns (cell, inter-row, inter-column, or multi-dimensional)
and data characteristics to generate refinement options. Rule-
Scope then presents applicable validation rules through a
Refine Panel (fig. 3D). For example, a user marks adjacent
“give pass” and “get pass” cells as valid (fig. 3B4), the Refine
Panel displays the corresponding rules for refinement.

Refine Panel. The Refine Panel (fig. 3D) facilitates rule re-
finement by presenting analysis results based on user-selected
data. The panel consists of three sections: the upper-left
displays selected data patterns, the lower-left presents related
validation rules, and the right section categorizes available
refinements. The right section categorizes refinements as add,
modify, or delete operations, helping users understand poten-
tial rule changes. To implement refinements, users can select
desired changes and apply them through the submit button.

C. Detail View

The Detail View (fig. 3C) enables users to examine and
modify validation rules through three integrated panels. The
setting panel (fig. 3C1) displays parameters of selected val-
idation rules and enables direct modification. The validation
card panel (fig. 3C2) provides an overview of all rules and
their validation status. The natural language panel (fig. 3C3)
supports rule refinement through natural language input.

Validation card. Each validation card is divided into two
sections. The upper section displays a rule type icon and
column names on the left, with the rule type on the right.
The lower section presents rule explanation and valid data
samples. As shown in fig. 3C2, this validation card represents
a sequence rule for the ball_status column. A color indi-
cator along the card’s left edge signals rule compliance. Blue
shows all data conforms to the rule, while orange indicates
violations, with darker shades reflecting higher percentages of
invalid data. Upon detection of violations, validation cards are
positioned at the top of the panel and sorted in descending
order of violation percentage.

Interactions. Users can inspect rule details by clicking on
validation cards, which triggers three coordinated actions: the
Validate View displays the rule’s visualization, the Data View
highlights invalid data in orange, and the setting panel shows
the current rule parameters. For multi-matrix layouts, users can
drag-and-drop the column list in the setting panel to reorder
elements and examine different pairwise relationships. For rule
refinement, users can modify parameters through the setting
panel, or leverage the natural language interface, where the
LLM translates descriptions into validation rules.

VI. EVALUATION

In this section, we evaluate the LLM-based workflow
through model evaluation (section VI-A) and assess Rule-
Scope’s usability and effectiveness through two case studies
(section VI-B) and a user study (section VI-D).
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A. Model Evaluation

This section evaluates the LLM-based workflow (section IV)
to examine whether the generated rules can effectively assist
users in establishing initial validation rule sets. We adopted a
non-comparative evaluation for two reasons. First, we focus
on the workflow’s utility rather than comparing performance
across methods. Second, existing rule generation algorithms
vary significantly in supported rule types, granularity, repre-
sentation formats, and data requirements, making comparison
difficult (see Sec. 3.1 of supplementary materials for details).

The evaluation was conducted on 10 datasets collected
from four domains, with descriptions and sources provided
in the supplemental material. These datasets varied in size
(Rows: 1,320–1,048,575; Cols: 6–23). To establish a ground
truth for evaluation, we invited domain experts to formulate
validation rules for the datasets. This process yielded a total
of 413 validation rules, comprising 322 cell-level rules and 91
dependency rules (see Sec. 3.2 of supplementary materials for
construction details).

We assessed our approach using three metrics averaged
across 10 rounds: rule type precision and recall, parameter
coverage, and rule generation time (see Suppl. Sec. 2.3 for
setup). First, rule type precision and recall measured the
ability to identify correct rules against ground truth (e.g.,
identifying sequence validation for ball_status). Our
workflow achieved an overall precision of 85.5% (SD=0.83%)
and recall of 91.8% (SD=0.95%). Specifically, cell-level rules
achieved a precision of 94.7% (SD=0.84%) and a recall of
93.0% (SD=1.24%). Dependency rules achieved a precision
of 62.7% (SD=2.32%) and a recall of 87.7% (SD=1.45%).
Second, parameter coverage quantified overlap with ground
truth parameters. For instance, in a sequence rule for the
ball_status column, a parameter might specify that “give
pass” must be followed by “passing” or “out of control”. The
overall parameters coverage rate was 90.6% (SD = 1.06%),
with cell-level rules achieving 93.2% (SD = 0.86%) and depen-
dency rules reaching 80.8% (SD = 2.01%). Finally, the average
rule generation time was 8.199s (SD=0.928s). Specifically, the
generation time was 3.393s (SD=0.145s) for cell-level rules
and 20.117s (SD=2.942s) for dependency rules. We further
analyzed these metrics to understand the workflow’s behavior
(see Sec. 3.4 of supplementary materials for details).

In summary, our LLM-based workflow effectively gener-
ates initial validation rules by leveraging data semantics and
domain knowledge. However, results show that LLMs still
struggle with certain scenarios. These limitations highlight
that validation rules still require expert review and refinement.
Visualization is needed to represent rules and results for
expert comprehension, while flexible interactions are required
to support efficient rule refinement for accurate data validation.

B. Case Study

To evaluate the effectiveness and usability of RuleScope in
data validation tasks, we conducted two case studies with four
experts (E2, E4, E5, E6). While E2 and E4 were experts we
collaborated with in our requirement analysis (section III-C),
E5 and E6 were newly recruited for these case studies. The
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Fig. 5. Case 1 validation process: (A) Incorrect rules misidentify correct data
as errors; (B) User refines rules to properly detect special missing values; (C)
Rules detected data records with incorrectly marked EV Type.

four experts consisted of two data analysts (E2, E5) and
two PhD candidates (E4, E6), each with over three years
of professional experience in their domains. The case studies
demonstrated RuleScope’s capability in validation rule author-
ing for data validation tasks with data from different domains.

1) Data and procedure: We prepared two datasets from
different domains. Case 1 employed a U.S. electric vehicle
(EV) registration dataset with attributes such as manufacturer,
model, production year, and region. Case 2 utilized a basket-
ball event dataset containing game information such as ball
position, ball status, events, and associated players, derived
from video frames captured at 0.04-second intervals.

The case studies were structured in three phases, totaling 50
minutes. The first phase (10 minutes) consisted of a tutorial
session where experts learned how to read validation rule
visualizations and refine rules through different interactions.
In the second phase (20 minutes), based on their domain
expertise, E2 and E5 validated the EV registration dataset
(Case 1), while E4 and E6 worked on the basketball event
dataset (Case 2). As all experts produced similar validation
rules, due to space limitations, we document the processes of
E4, E5 as representatives of their respective cases. The final
phase (20 minutes) consisted of semi-structured interviews to
collect experts’ feedback.

2) Validating the Electric Vehicle Dataset: After RuleScope
generated and applied the validation rules to the dataset, E5
noticed alerts in the Data View indicating issues in the City
column. Since the subsequent analysis would involve exam-
ining EV registrations by location, E5 decided to investigate
these violations by selecting the City column to examine
the underlying validation rules. The Detail View then revealed
a violation in the City-County mapping validation rule.
By clicking the validation card, the Validate View displayed
the matrix visualization of the rule (fig. 5A), which showed
that “bothell” was mapped to both “king” and “snohomish”
counties in the dataset, while the rule only allowed mapping
to “snohomish”. The data was actually correct, as “bothell” is
a cross-county city, indicating that the validation rule required
refinement. E5 selected the violating data in the Data View
and marked them as valid examples, as these entries accurately
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reflected the cross-county nature of “bothell”. Based on Rule-
Scope’s recommendations, she updated the mapping rule by
adding “bothell” to the “king” county mapping configuration.

Subsequently, E5 noticed alerts indicating violations in the
Electric Range column, a critical metric for analyzing
vehicle models and their range performance. She clicked on
the validation card for the range validation rule (constraining
values between 1 and 400 miles), which flagged several
violating entries. Upon inspection, these values were predom-
inantly -1, which were coded as missing data during vehicle
registration. However, the missing value validation rule for the
Electric Range had failed to detect them. To address this
issue, she configured the missing value validation rule through
the Setting Panel in the Detail View to designate -1 as a special
missing value (fig. 5B), enabling proper validation.

Finally, E5 examined the rules for the relationship between
electric range values and vehicle types (BEV and PHEV),
which would be essential for her subsequent analysis. In the
Detail View, she identified a logic and condition rule validating
the dependency between EV Type and Electric Range,
which flagged several violating entries. This rule detected
multiple violations in the current dataset. Through the matrix
visualization, E5 discovered several PHEV vehicles exceeding
the expected range limit of 1-130 miles for PHEVs. E5 clicked
on the orange-highlighted area in the matrix, which displayed
the corresponding entries in the Data View. Examining these
highlighted violations revealed a specific pattern: several 2020
BMW I3 models were recorded with 153-mile ranges (fig. 5C).
This classification was confirmed to be incorrect, as BMW had
discontinued the range-extender (PHEV) variant of the I3 by
2020, indicating that these vehicles should have been correctly
classified as BEV models. The validation rule thus helped E5
identify these classification errors in the data.

3) Validating the Basketball Event Dataset: After Rule-
Scope performed the initial validation on the dataset, E4
reviewed the validation cards in Detail View and identified
multiple rule violations. As the subsequent analysis tasks
focused on basketball event data, E4 first filtered the validation
rules by clicking the ball_status column in Data View,
and then examined these rules in detail.

E4 identified a sequence validation rule detecting non-
compliant data in Detail View. Upon clicking the validation
card, a matrix visualization displaying sequence rules appeared
in Validate View. E4 clicked matrix regions to view rule

descriptions, then refined rules by modifying descriptions or
right-clicking on matrix areas. During this refinement process,
he noticed that a “give pass” was directly followed by a “get
pass”, which violated the expected pattern where a “passing”
or “out of control” state should occur between them. E4
clicked the invalid region in matrix (fig. 3A2) and the related
data were highlighted in Data View. Analysis of these rows
revealed a consistent temporal progression in game_clock,
with continuous changes in ball position (ball_x, ball_y,
ball_z). These patterns indicated a special case of hand-
to-hand passing. Recognizing this as a valid exception, E4
selected the data and marked it as “valid example” (fig. 3B4).
RuleScope generated refined rules in Refine Panel (fig. 3D),
then E4 selected the appropriate refinement and submitted it.

During sequence error inspection, E4 identified another
invalid sequence where “passing” followed “out of control”.
Investigating these records in the Data View, E4 discovered
alternating “out of control” and “passing” (fig. 6A1). Analy-
sis of game_clock and period showed duplicate records
with different ball states at identical timestamps. As each
timestamp should typically correspond to a single record, E4
clicked game_clock and found a validation rule requiring
that the combination of game_clock and period should
be unique across records. By clicking the validation card and
reviewing invalid data, he identified two distinct scenarios:
the previously detected duplicate records and a special case
where the game_clock stops during “out of possession”
(fig. 6A2). Since the latter represented valid situations, E4
deleted this inapplicable rule.

Since the subsequent analysis would require basketball
movement trajectory data. E4 examined the basketball’s ve-
locity constraints by checking the differences between con-
secutive positions along the x, y, and z axes. He observed that
rule violations were concentrated above and below the valid
range band, while showing sparse occurrences at the matrix
edges, indicating potentially over-restrictive validation rules.
To verify this hypothesis, E4 clicked on invalid data points and
examined them in the Data View alongside related columns.
After confirming the rules were indeed too strict, E4 refined
the difference-type validation rule for ball_x by selecting
valid and invalid examples in the Data View, achieving a
better balance between rule strictness and accuracy. During
this refinement process, he discovered a distinct pattern in
the matrix visualization of the ball_x column: a vertical
concentration of rule violations near the court’s centerline,
demonstrating abrupt shifts along x-axes (fig. 6B). Investi-
gation in the Data View showed these violations originated
from dataset preprocessing. The preprocessing had removed
all backcourt data, causing the ball to suddenly appear at
the centerline. Understanding this dataset characteristic, E4
decided to segment the dataset by shot clock periods before
conducting event sequence analysis.

C. Expert Interview
After the experts completed the rule authoring tasks, we

conducted semi-structured interviews to gather their feedback
on the system’s effectiveness, usability, and improvements, as
well as comparisons with their existing validation approaches.



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021 12

Comparison with existing approaches. All experts agreed
that RuleScope was more efficient than their existing tools,
and noted that it reduced context-switching costs, as their prior
workflows often required moving between multiple tools. Ex-
perts using interactive tools such as Excel (E2, E5) highlighted
the contrast in workflow. E5 noted, “With Excel, I have to
create charts to visualize the data and then write formulas
separately for validation. With RuleScope, I can inspect and
refine validation rules with much less effort.” E2 also noted
that “RuleScope supports rule import and export, making it
easy to reuse previous rules when validating similar datasets.”
Experts relying on scripting-based validation (E2, E4, E6)
found the process time-consuming, as rules had to be coded
individually and results reviewed from lengthy outputs. E4
noted that RuleScope’s visual presentation of rules alongside
validation results reduced much of the effort in data validation.
E4 also stated, “when refining rules, I can directly select
data instances from the table, which is more convenient than
modifying parameters in code.” However, several experts noted
a learning curve due to the number of available features.
Nonetheless, all experts agreed that the efficiency gains in their
actual workflows justified the initial learning effort.

Effectiveness and system design. All experts agreed that
RuleScope improved their efficiency in data validation tasks.
They found the majority of recommended rules aligned with
their validation requirements, reducing the difficulty of creat-
ing rules from scratch. E2 and E5 mentioned that reviewing
rule correctness stimulated their deeper thinking about vali-
dation rules, inspiring rule improvements for the dataset. E5
and E6 praised the effectiveness of the matrix design and
natural language interaction. E5 stated, “The matrix provides
me with an initial overview of validation rules, while the nat-
ural language explanations enable me to understand them in
detail.” Experts appreciated RuleScope’s multiple interaction
modes for rule refinement. When they had specific modi-
fication requirements, they could interact with visualization
or modify natural language descriptions, “... after reading
the rule descriptions, directly modifying rules through editing
these descriptions is seamless, which aligns perfectly with my
workflow” as E6 mentioned. For uncertain cases requiring
data pattern examination, they could refine rules by selecting
data instances. Experts highlighted RuleScope’s functionality
covered their entire data validation workflow, eliminating the
need to switch between different tools.

Usability and improvements. Experts agreed on Rule-
Scope’s high usability, supporting their validation workflow,
provided “intuitive” visualizations of rules and validation
results, and offered “convenient” rule refinement. However,
some experts suggested improvements to the rule generation
process. E4 noted that “some recommended rules are non-
existent, and I have to spend extra time reviewing them.”
He suggested adding a feature to adjust the diversity of
rule recommendations, similar to the temperature parameter
in LLMs, enabling adaptations to different phases of data
validation. Regarding rule exploration, E2 and E6 suggested
adding a zoom-in feature for matrices with continuous values,
where areas with small coverage are difficult to analyze. This
would allow users to select and magnify specific regions for

better data exploration. E4 suggested implementing a search
feature where users could express their validation requirements
in natural language and directly locate the corresponding rules.
For the refinement process, E5 pointed out, “The current
modification granularity is relatively fine-grained, allowing
changes to only one rule or specific rule parameters at a
time.” She suggested supporting the upload of data specifi-
cation documents to generate modifications for multiple rules
simultaneously. She also recommended providing detailed
comparisons of rules before and after modifications to help
users understand the differences.

D. User Study
We conducted a task-based user study to evaluate Rule-

Scope’s usability, measuring task completion time and suc-
cess rates. We adopted a non-comparative evaluation for two
reasons. First, to the best of our knowledge, no existing data
validation tools adequately support validation rule authoring,
especially for dependency rules. These tools lack capabilities
for generating, visualizing, and refining rules (see Sec. 4.1 of
the supplementary material for details). Second, our partici-
pants came from diverse professional domains with varying
technical backgrounds, ranging from interactive spreadsheet
tools to script-based approaches. This heterogeneity made it
difficult to identify a suitable baseline tool for comparison.

1) User Study Settings: (1) Participants and Data. We
recruited 16 participants (P1-P16) with a gender distribution of
6 females and 10 males from diverse academic backgrounds:
Computer Science (9), Sports Training (2), Education (1),
Digital Media (1), Management (1), Mathematics (1), and
Business (1). All participants had prior experience in data
validation, and none have been involved in the development
of RuleScope. In this study, we used the same datasets (EV
dataset and basketball dataset) from our case studies (see
section VI-B). (2) Procedure and Tasks. The user study
consisted of three phases and lasted approximately 60 minutes.
Phase 1 was a 20-minute training session where participants
learned about RuleScope’s validation rule types, visualization,
interaction, and domain knowledge for the study datasets.
Phase 2 required participants to complete 12 tasks (please
refer to supplementary material for details), with 6 tasks for
each dataset. Following the data validation workflow, these
tasks were divided into three stages (two tasks per stage) to
evaluate different RuleScope functionalities: (1) understanding
validation rules and results (R2); (2) analyzing validation
results through detailed data examination (R3); and (3) refining
validation rules (R4). Task completion times and performance
were recorded. In Phase 3, participants completed a System
Usability Scale (SUS) [87] questionnaire using a 5-point Likert
scale and follow-up interviews for qualitative feedback. This
user study has received approval from State Key Lab of
CAD&CG, Zhejiang University.

2) Quantitative Results: We evaluated user performance
with RuleScope by measuring task completion duration and
success rates. Task success was determined based on appro-
priate operations in the system and correct answers.

The study reached a 0.99 task success rate, with only
two recorded failures in T11. This task required examin-



JOURNAL OF LATEX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021 13

SUS ResultsB 0 1 2 3 4

Q1

Q2

Q3

Q4

Q5

Q6

Q7

Q8

Q9

Q10

0 2 4 6 8 10 12 14 16

Completion TimeA

T1 T2 T3 T4 T5 T6 T7 T8 T9 T10 T11 T12
0

40

80

120

160 Time/s

Fig. 7. Quantitative results of the user study: Distribution of completion times
across tasks; (B) Distribution of SUS usability ratings.

ing logic and condition rules validating the relationship be-
tween ball_status and event_result in the basketball
dataset, evaluating these rules against domain knowledge, and
modifying them. P2 and P3 failed for different reasons. P2
correctly identified and fixed invalid rules but introduced new
errors by modifying initially correct rules. P3 failed to identify
any rule errors due to misunderstanding the provided do-
main knowledge. For successfully completed tasks, completion
times ranged from 20 to 141 seconds, averaging 53 seconds
per task and 10.4 minutes per participant (see fig. 7A). No-
tably, T9-T11 exhibited longer completion times with greater
variance, as these tasks required through analysis combining
validation results and domain knowledge. Participants gave
a SUS score of 85.9, exceeding the top 10% threshold of
80.3 [87]. Further analysis of SUS factors [88] revealed a
usability score (Q1-Q3, Q5-Q9) of 87.9 and a learnability
score (Q4 and Q10) of 78.1. The details of the participants’
scores are shown in fig. 7B. User feedback helped explain
these scores. The high usability score was attributed to the
intuitive matrix visualization, while the lower learnability
score reflected challenges with multiple interaction for refining
validation rules. To address these challenges, future iterations
will focus on improving interaction guidance. Overall, partici-
pants found RuleScope effective and expressed willingness to
use it in their work.

3) Qualitative Results: This section presents a detailed
analysis of participant feedback, revealing key insights about
RuleScope’s effectiveness in supporting data validation tasks
and opportunities for improvement.

RuleScope effectively supported understanding of val-
idation rules and results (R2). Most (13/16) participants
emphasized how the matrix visualization facilitated their un-
derstanding of rules (10/16) and results (8/16). For example,
participants mentioned that the matrix visualization provided
“clear natural language explanation of rules” (P1, P3, P5,
P10), helped them “discover patterns in rules” (P7, P11),
and understand “the proportion of invalid data” (P1, P4, P5,
P14) in the current dataset. The Detail View’s validation cards
provided effective rule overview and context-specific informa-
tion. P7 mentioned that “The validation card is intuitive, I
can understand the rule after reading it.” While participants
generally found the matrix visualization approachable, several
noted a learning curve in interpreting its visual elements. P9,
P12 and P15 reported needing initial effort to comprehend

different rule types’ visual representations. As P9 explained:
“Different validation rules show distinct matrix visualizations,
and it took some time at first to understand these variations.”
They suggested incorporating more in-situ guidance to help
users learn the visual encodings.

RuleScope effectively supports the analysis of validation
rules and results (R3). Participants (11/16) confirmed that
the detailed data and statistical information in the Data View
enabled them to effectively analyze both validation rules and
results. During the discussion of the Data View, P10 noted:
“When analyzing rule appropriateness, I need to examine the
full context of the data entry rather than isolated values,
especially for corner cases...” P13 suggested improvements
regarding the Data View’s current limitation of examining
invalid data for only one validation rule at a time, which
reduced their analysis efficiency. He recommended implement-
ing functionality to simultaneously display validation results
for multiple user-selected rules, enabling efficient comparison
and identification of both validation rule and quality issues.

RuleScope’s flexible interactions facilitate effective rule
refinement (R4). Participants demonstrated distinct prefer-
ences for rule refinement methods, reflecting different mental
models and workflows. Some participants (P1, P5, P12) fa-
vored natural language refinement, typically approaching rule
modifications from a semantic perspective. Another group of
participants (P4, P7, P10) preferred the by-example approach,
relying on data analysis to guide their rule modifications.
Other participants (P11, P14, P16) opted for direct parameter
modification in the Setting Panel, finding it analogous to
familiar tools, which enhanced their confidence during the
modification process. Participants also highlighted areas for
improvement. Regarding natural language, P8 expressed con-
cerns that “The system’s interpretation of user intent might be
incorrect, increasing refinement time.” She suggested that “A
confirmation step comparing original and modified rules could
address this issue.” For the by-example, participants familiar
with spreadsheet tools expressed concerns about the interac-
tion paradigm. As P16 noted, “The data selection operation
made me feel like I needed to modify the data rather than
refine the rules.” The diversity of refinement methods, while
providing flexibility, introduced cognitive challenges. P6 and
P9 noted that multiple methods increased learning burden and
caused decision paralysis, suggesting context-aware guidance
based on interaction views or rule types.

VII. DISCUSSION

In this section, we discuss the implications, scalability,
generalizability, limitations and future work of RuleScope.

Implications. This study presents a semantic-aware ap-
proach to data validation rule authoring through rule gen-
eration, verification, and interactive refinement. RuleScope
implements validation rule generation powered by LLMs
based on data semantics and domain knowledge, integrating
data preprocessing at multiple granularity levels with targeted
prompt engineering to guide LLMs in applying appropriate
reasoning for different rule types. The matrix-based visual-
izations reveal patterns in both validation rules and results,
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helping practitioners understand and refine rules. Our eval-
uation examines human-LLM collaboration in data validation
tasks, analyzing how this collaborative approach inspires users
and offering insights for enhancing human-AI cooperation in
rule authoring. This integrated approach of LLMs, interactive
visualizations, and collaborative workflows provides insights
for developing more effective data validation systems.

Scalability. Our model evaluation demonstrates Rule-
Scope’s capability to support validation rule generation for
tables with millions of rows and its adaptability to datasets
from diverse domains. For visualization, our matrix-based
approach effectively represents dependency rules compared
to alternatives like Sankey diagrams, supporting users in
exploring validation rules from overview to detail across
multiple data entities. However, with large datasets, especially
those with character columns containing many distinct values,
matrix visualization density increases, making interpretation
challenging. Although zooming functionality helps mitigate
this issue, zooming into the matrix often loses contextual
information at the edges, requiring repeated zoom adjustments.
For future work, we propose local magnification through
brush-selection to balance focus and context.

Generalizability. Validation rules authored in RuleScope
can be effectively transferred to other tools and systems,
enhancing cross-platform compatibility. Users can leverage the
export functionality in the interface to obtain validation rules
in JSON format or data validation functions in Python. For
instance, in data cleaning workflows, developers can utilize
RuleScope-exported Python functions to identify data entries
that violate validation rules, facilitating targeted cleaning and
transformation operations to meet downstream requirements.
However, the current export options are limited to JSON and
Python formats. Beyond export compatibility, RuleScope cur-
rently operates on tabular data. Semi-structured formats such
as JSON can be partially accommodated by converting them
into tabular form prior to upload. However, this conversion
does not preserve hierarchical relationships in deeply nested
structures, which the current system does not support. Future
work could support user-defined templates for exporting rules
and validation functions to better align with integration needs,
and extend the validation workflow to natively accommodate
semi-structured data across diverse formats.

Model Considerations. RuleScope is implemented with
Qwen2.5 [85] for local deployment and supports different
LLMs through API interfaces. However, rule quality may vary
across models. Future work should leverage user refinement
feedback to improve cross-model consistency. Regarding eth-
ical considerations, we minimize the temperature parameter,
carefully design prompts, and rely on robust ethical safeguards
built into modern LLMs [85], [89]–[91]. Future work should
introduce explicit ethical verification mechanisms to prevent
potentially problematic validation logic.

Limitations and future work. We identified four main
limitations in RuleScope. First, although the LLM-based
workflow facilitates the generation of initial validation rules,
these generated rules are not perfect and necessitate human
intervention for refinement. In future work, we plan to enhance
the overall rule generation process through several directions.

To improve generation quality, we will optimize data feature
extraction techniques. We also plan to implement mechanisms
that enable users to provide dataset descriptions and validation
requirements prior to rule generation. To help users identify
potentially problematic rules, we plan to introduce cross-
evaluation across multiple LLMs to estimate a confidence
score for each generated rule. This mechanism will guide users
toward low-confidence rules that warrant closer inspection, re-
ducing review effort and enhancing overall trust in RuleScope.
Second, the current rule verification and refinement process
requires manual inspection of individual rules, which becomes
labor-intensive when dealing with a large number of validation
rules. To improve efficiency, we plan to introduce automated
mechanisms that retrieve and suggest potential modifications
for rules with similar patterns based on user refinement op-
erations. Third, the system focuses on detection rather than
integrated data cleaning, as the appropriate cleaning method
depends on external factors like the underlying error causes
and analytical task requirements. We plan to enable users to
express cleaning intentions concurrently with rule authoring,
utilizing these inputs to drive semantic-based algorithms that
recommend appropriate correction methods to resolve invalid
data. Fourth, our matrix visualization is limited in revealing all
pairwise relationships when dealing with multiple columns. In
future work, we plan to support automatic sorting to facilitate
multi-column exploration.

VIII. CONCLUSION

This study presents RuleScope, an interactive system for
authoring validation rules through semantic-aware rule gen-
eration, visualization, and refinement. RuleScope leverages
an LLM-based workflow to generate interpretable validation
rules by analyzing data semantics and incorporating domain
knowledge. The system incorporates a novel matrix-based
visualization for comprehension of validation rules and re-
sults, and supports interactive rule refinement. The evaluation
demonstrates that RuleScope is effective in facilitating valida-
tion rule authoring across different domains, thereby enabling
efficient data validation.
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