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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 x blood_pressure + 1.5 x 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 Excel [23], [24] offer nine prede ned validation rules. Tri-
risk = TRUE), requiring users to examine relationships acrotxcta [25], Power Bl [26], and Talend [27] support pattern
multiple data elements. It remains a signi cant challenge @nomaly detection for prede ned data types, such as email
effectively support users in the veri cation process of thessddresses. OpenRe ne [28] employs fuzzy-group-by methods
complex rules and their results. to identify spelling errors. Error detection is a well-established
Re ning validation rules to balance rule strictness and research area. Feature-based methods detect outliers by ana-
accuracy. Data validation authoring requires iterative re nelyzing statistical properties, primarily in time series data where
ment of rules through observation of their effects on datasepgtterns help identify anomalies [29]-[33]. Constraint methods
However, intuitively translating the users' assessment on thetect data anomalies by setting conditions to identify errors,
quality of validation rules into data boundary re nement obften validating data across multiple columns [34]—[38], such
these rules remains a challenging task. This re nement process functional dependencies. Semi-automated methods [12],
must balance between the strict rules that may reject valid df§38]-[41] have been devised to validate data. Other approaches
and the inaccurate rules that may miss erroneous data. automatically detect errors and generate validation rules based
To address these challenges, we established a validation pro ling statistical characteristics and tting data distri-
rule classication through expert interviews and literaturdutions [9], [13], [33]. Tu et al. [8] analyze past executions
review [1], [8], [12]-[15]. Following this classi cation, we of data pipelines to automatically generate validation rules.
constructed a rule generation work ow using locally-deploye®icket [42] performs self-supervised data validation for ma-
large language models (LLMs) that generates interpretalslgine learning pipelines. Despite these advancements, existing
validation rules by combining domain knowledge and semantidgorithms for data validation have limitations. Some require
analysis. Drawing inspiration from MatrixWave [16], we demanual rule-setting, while automated algorithms often lack
signed a matrix-based visualization to help users understaggibility and depend on clean datasets for rule generation,
rules and analyze validation results. We also implementéalling to meet user needs. Thus, user involvement remains
various interactions, including natural language interface, exssential in the data validation process [43].
ample speci cation and parameter ne-tuning, to support usersVisual and interactive validation. Visualization and in-
in re ning validation rules exibly. To evaluate RuleScope,teraction techniques assist users in participating in the data
we analyzed the performance of the rule generation work owalidation process. Data visualization enables users to discover
across different domains and evaluated the system through tatent insights and enhance cognitive abilities [44]. Numerous
case studies and a user study. The results demonstrate ka#a management systems [21], [25], [26], [28] and data pro |-
RuleScope improves ef ciency in the validation process. ing tools [43], [45] use visualization to help users understand
Our main contributions are summarized as follows: data distributions, identify trends, and detect anomalies. Early
We propose an LLM-based work ow for generating in-approaches primarily use basic charts to inspect univariate
terpretable validation rules through semantic analysis afistributions, such as bar charts [46]-[48], line charts [49],

domain knowledge; and area charts [45], [50]. For instance, Wrangler [48] employs
We design a matrix-based visualization for facilitating thénteractive bar charts as data quality meters to visualize the dis-
interpretation of validation rules and their results; tribution of valid, invalid, and missing values based on inferred

We implement RuleScope, an interactive tool for authoisemantic roles. Although these conventional visualizations are
ing data validation rules that supports semantic-aware rigasy to interpret, they have limitations in representing complex
generation, veri cation, and re nement. data characteristics and relationships. To examine attribute
relationships, researchers extend these techniques with bivari-
ate and multivariate visualizations. Scatterplots are commonly
o used [43], [51]-[53] to reveal bivariate patterns. Pro ler [43]
A. Data Validation extends this approach with binned scatterplots and scatterplot
Data validation is crucial for ensuring data quality immatrices (SPLOMs) to visualize correlations and highlight
data analysis work ows. Traditionally, users write validatiormultivariate outliers through linked interactions. However,
rules using programming languages such as Python or S@hese techniques primarily depict statistical patterns rather than
However, these general-purpose languages lack specializadoding validation logic. For data streams, multidimensional
features for data validation, which often leads to compledata, and sequential data, prior work has employed visualiza-
implementations and higher development costs. In resporgms such as node-link graphs [54]-[56], parallel coordinates
to these challenges, several companies have developed gbats [57]-[59], and sequence matrices [16], [60] to represent
cialized tools such as Google's TensorFlow Data Validatiotata relationships. However, reliance on visual inspection
(TFDV) [17], [18], Amazon's Deequ [19], [20] and LinkedIn's alone presents signi cant cognitive challenges when analyzing
Data Sentinel [21], [22]. These tools use declarative afarge-scale datasets or complex relationships. Recent work has
proaches for high-level rule speci cation. Nevertheless, thefarther explored interactive visual analytics for diagnosing
tools still necessitate manual rule de nition, and it is dif cultand re ning data quality issues in machine learning work-
for users to de ne appropriate validation rules [11]. ows [61]-[64]. For example, Labellnspect [61] supports the
Error detection algorithm. Error detection algorithms are validation of uncertain labels and unreliable workers through
crucial due to the time-consuming and labor-intensive natureordinated visualizations and iterative feedback propagation.
of manually de ning validation rules. Tools such as MicrosofRelated task-specic systems have also been developed for

II. RELATED WORK
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interactive labeling and annotation correction in specializédr data validation tasks. E1 and E2 are industry practitioners
domains, such as suspicious cluster labeling and action anfrom the business analytics and energy engineering sectors, re-
tation correction [65], [66]. However, these approaches targsgiectively, each with over three years of experience in domain-
speci ¢ machine learning tasks rather than explicit validatiospeci ¢ data cleaning and analysis. Both of them conduct
rule generation, veri cation, and re nement for tabular data.data validation tasks on production data as part of their daily

To address these limitations, we designed RuleScope, rasponsibilities. E3 is a senior researcher in urban computing
interactive system supporting the generation, veri cation, amdith experience in urban data analysis and visualization, while
re nement of data validation rules. RuleScope leverages LLM&4 is a Ph.D. candidate conducting research in sports science.
to analyze data semantics and domain knowledge for riBeth E3 and E4 work with datasets from various sources. Data
generation, employs a matrix-based visualization for rulealidation and error detection constitute critical components of
veri cation, and enables interactive rule re nement. their work ow, 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
~ Large language models (LLMs) have demonstrated signfsperiences. During the interviews, experts described their
icant capabilities, with models such as GPT-5.2 [67] andcenty used datasets, validation procedures, and implemented
Claude-4.5 [68]. Researchers have successfully deployed thgggs Our investigation revealed that experts implement val-
models across numerous tasks, including visualization recopstion rules either programmatically (using Python or Ama-
mendation [69], evaluation [70], color palette design [71], wel,, peequ) or through interactive tools (like Excel or Data
design [72], and data transformation [73]. Building on theigeninel). Rule authoring follows an iterative process where
comprehensive domain knowledge and sophisticated reasgpaerts formulate initial rules based on domain knowledge and
ing capabilities, researchers have increasingly applied thegg, semantics, then re ne them after examining validation
models to exploratory data analysis (EDA) tasks. results. This re nement is necessary as initial rules rarely

Current research leveraging LLMs for EDA can be caljchieve optimal performance without adjustments. Such a
egorized into two primary approaches. The rst approacfia validation work ow presents three major challenges:
improves ef ciency during data exploration. Data Formulae1) formulating validation rules requires signi cant effort
tor [73] employs LLMs to interpret user intent and facilitatg, ynderstand data semantics, examine data characteristics,
data transformation operations, whereas chat2vis [74] enablggy incorporate domain knowledge; (2) interpreting validation
visualization generation through natural language inputs. SOopR&, its demands experts to comprehend rules and assess their
studies [69], [75] decompose this process into multiple sequefpropriateness based on validation results; and (3) re ning

tial steps, incrementally generating visualizations based Riles necessitates context switching between validation results
both data characteristics and natural language queries. The $g rule implementation. Based on these ndings, the goal

ond approach emphasizes enhancing users’ analytical capagilihis study is to develop a visual analytics solution that
ities by discovering data insights. Al Threads [76] implementgyqresses these challenges by providing integrated tools for
progressive data analysis through multi-turn conversationgje formulation, result interpretation, and iterative re nement
and InsightPilot [77] utilizes LLMs as an insight engine tQuithin a unied interface that supports data practitioners in
facilitate insight discovery. However, these approaches Pigeating effective validation rules. To achieve this goal, our re-
dominantly focus on identifying analytical features that re ecearch focuses on two fundamental questions: what to validate
knowledge and facts within the data, while lacking suf cienbng how to validate. The former concerns identifying which
emphasis on data quality analysis and exploration. _data elements, relationships, and properties should be subject
Inspired by these studies, we observe that LLMs" ability, ygjigation. The latter addresses how we can effectively

to help users uncover data insights can be extended 10 Sygpnort data practitioners in authoring validation rules.
tematically identify and address data quality issues. Unlike

previous approaches focused on analytical features, our re- o o
search speci cally targets the challenges in data validatidh Classi cation of Validation Rules
through semantic understanding. Based on this observation, wgo ynderstand what to validate, we rst established a

propose an LLM-based work ow that constructs interpretablg@assi cation of validation rules by analyzing domain experts’
validation rules by analyzing data semantics and leveragipgiidation practices, identifying two primary categories:

B. LLMs for Exploratory Data Analysis

domain knowledge to facilitate validation rule authoring. check individual data values
independently, examining properties such as data types,
Il1. CLASSIFICATION OF RULES AND TASK ABSTRACTION value ranges, and format constraints. These rules are self-

This section presents the background of our study, the contained as they can be validated without referencing

classi cation of validation rules, and the user requirements. ~ any other data cells. _ _
Dependency validation rules de ne relationships be-

tween multiple data cells. For example, these rules may
comprise simple comparisons (e.g., a cell's value must

Over the past year, we collaborated with four domain be less than another) or complex conditional constraints
experts (E1-4) to understand how they author validation rules (e.g., when a cell contains a speci c value, another cell

A. Background
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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.

must satisfy a particular condition). Due to their intrinsic  Statistical examines numerical values in a column against

complexity in generation, verication, and re nement, statistical rules, such as outlier detection and distribution

dependency rules constitute our primary focus. patterns, where age values should follow expected popu-
To further re ne this initial categorization, we reviewed liter- lation distribution.
ature on error detection [12], [13], [78], data quality [1], [14], Difference evaluates adjacent data points, ranging from
[15], [79] and data validation [8], [9], [80]. Building upon this threshold checking (e.g., temperature changes must not
literature review and continued bi-weekly discussions with the exceed 5°C, or price uctuations must stay within 15%)
domain experts, we further divided our initial categorization to distances across multiple dimensions (e.g., in a 3D
of validation rules into 14 detailed subcategories, as illustrated space, successive points;a;z1) and (%;y2;z) have

Fig. 1. The classi cation of validation rules consists of 2 categories, Cell-
level and Dependency, which are further divided into 14 subcategories.

in g. 1. These subcategories are described as follows: reasonable Euclidean distances).
Type ensures data conforms to speci ed types, including Duplicate examines value uniqueness, ranging from in-
character, numeric, and date. dividual columns (e.g., employee ID numbers as primary
Format veri es adherence to specic format require- keys) to multiple column combinations (e.g., in atmo-

ments, such as applying regular expressions to enforce spheric monitoring data, while location and timestamp
character length and pattern, or validating date-time for- may have duplicate values individually, their combination
mats (e.g., yyyy-mm-dd). must be unique, as one location can only have one
Integrity checks for missing or anomalous data, encom- measurement at any given time).

passing both standard missing values (null values, np.nan) Order veri es that consecutive values in a column fol-
and domain-speci c indicators (such as using -1 to denote low a prede ned monotonic direction, such as record

missing value). timestamps appearing in ascending order. In contrast,
Range conrms data values fall within de ned bound- difference rules check the magnitude of change between
aries, such as ensuring PH values remain within the range adjacent values rather than its direction, ensuring it stays
of 0 to 14. within an acceptable threshold.

Comparison relations examines comparative relation-  Sequence examines transitions between data following

ships between values. For numeric or date data, this sequential relations, such as in transaction records where
involves magnitude comparisons, such as PM2.5 PM10 “order placement” should be followed by “payment”.

in atmospheric monitoring data. For character data, thislt is important to note that this classi cation deliberately
involves comparing string lengths or substring relatioremphasizes dependency validation rules over ones,
ships, such as the relationship between email addresgegcting the speci ¢ needs expressed by our domain experts
and email domains, where the email domain must bedaring discussions. Speci cally, our taxonomy prioritizes rule
substring of the email address. semantics and validation purposes over structural disjointness,
Computational relations ensure relationships betweerenabling intuitive rule authoring aligned with experts' mental
columns through direct calculations (e.g., a student's totalodels. While this taxonomy satis es the current requirements
score equals the sum of individual subject scores).  of our collaborators and provides a structured framework for
Logical and condition checks conditional relationshipsthe interactive rule construction method, we acknowledge its
between columns, where certain values act as conditignstential limitations in scope and comprehensiveness. Such a
that impose constraints on other values. When specitaxonomy should be viewed as an evolving framework rather
conditions are met in one column, they trigger validatiothan a de nitive categorization. We encourage future research
rules for related columns. For instance, when age is legs expand, re ne, or restructure this taxonomy as additional
than 18, minarstatus must be True. validation scenarios emerge or as the method is applied across
Mapping and cardinality validates prede ned mappings different domains with unique validation requirements.
between columns. Unlike logical and condition, which

activates a constraint only when a triggering condition is ) )

met in another column, this rule de nes a static structur&t- Reauirement Analysis

association where each value must conform to a referencélo develop an effective interactive system that supports the
set. It covers value-based dependencies where one vadughoring of these validation rules and address the question
determines another (e.g., postal codes must match theow to validate, we conducted weekly meetings with four
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domain experts over three months. We designed a three-phase rule re nement while minimizing context switching.
process to systematically elicit requirements covering the com-
plete rule authoring work ow. In Phase 1 (Rule Initialization, IV. RULESCOPE WORKFLOW

E.’ weeks), we discussed challe_ng_es in m‘?‘”“a' rule ConstruCyyig section presents RuleScope's work ow for validation
tion and explored what semantic information generated rulﬁﬁe generation, implementation, and re nement. Our work-

should .contain. .Through iterative skgtching of exam_ple rulg%w addresses the key challenge of generating interpretable
we chn e.d requwemgnts for automating rule generanon_ Wh"@ idation rules by leveraging domain knowledge, semantics,
ensuring interpretability. In Phase 2 (Rule Comprehension a0fd characteristics of datasets. We achieve this through three

Analy5|s,_€_3 weeks), we d|§cusse_d challenges n understandf @hnical innovations: (1) a taxonomy-driven design that en-
rule de nitions and analyzing validation results, and explore bles generating validation rules in a structured format, (2)

hovy to v |su§1IIy _present them. I.t eratlve. prototyping of alt?rdata preprocessing procedures that prepare raw data into LLM-
native visualizations helped clarify requirements for reveali

. . . mprehensible formats tailored to different rule types, and (3)
rule logic and supporting re?“'t analysis. In Pha;e 3 (R. eprompting strategy that guides LLMs to extract data seman-
Re nement, 3 weeks), we dls_cussed challenge_s n lteratiyg effectively. The work ow consists of three components: an
re nement and context swﬂchmg_between modl_cauon an¢| M-based validation rule recommender (section IV-A), a rule
evaluation. Collaborative exploration and sketching clari e

. X X S plementer (section IV-B), and a rule re ner (section IV-C).

requirements for different rule types while minimizing context

switching. Through these three phases, we identi ed four ke o

user requirements that guided RuleScope's design as follos. Validation Rule Recommender

R1: Generate semantic-aware validation rules. Users need The Validation Rule Recommender ( g. 2A) generates val-
to construct validation rules based on data semantics daddtion rules (R1). Based on expert interviews, we identi ed
domain knowledge, ensuring these rules are semantibat the generation of validation rules should integrate both
aware and aligned with domain expertise. Semantidomain knowledge and data semantics. The recommendation
aware rules capture meaningful data relationships astould consider two key rule types: cell-level rules and de-
re ect real-world constraints, supporting both accuratpendency rules. We adopted LLMs as our solution approach
validation and iterative re nement. However, manualljpecause they effectively encapsulate domain knowledge [81]
constructing these rules is time-consuming and chand possess the ability to understand data semantics [82].
lenging. As E2 emphasized: “Despite having suf cienSeveral studies have applied LLMs to exploratory data analysis
domain knowledge, | still nd it challenging to initialize (EDA) [73], [74], [76], [77] and data management tasks [83],
validation rules.” Therefore, the system should genera{84]. However, applying LLMs to validation rule genera-
semantic-aware validation rules that align with domaition presents two main challenges: effectively representing
expertise, reducing users' burden in the initial phase. complex tabular data and handling diverse rule types with

R2: Reveal validation rule de nitions. Users need to under- distinct reasoning requirements. To address both challenges,
stand both the de nitions and types of validation rulesve optimized tabular data representation and implemented
E4 mentioned: “Before applying validation rules, | need type-speci ¢ rule generation strategy. The Recommender
to verify if these rules actually make sense for my datansists of a two-stage pipeline to generate rules:
and business context, but this veri cation process is time- Tabular data preprocessing. To generate reliable validation
consuming and labor-intensive” The system should praules, LLMs require comprehensive tabular data character-
vide intuitive visualizations of validation rules, helpingistics. However, feeding complete data tables to LLMs is
users comprehend and evaluate rules. infeasible due to token limitations and ef ciency concerns,

R3: Enable data-driven validation result analysis. After potentially degrading rule generation performance. Our pre-
applying rules, users need to analyze how these rulecessing approach (g. 2A1) categorizes columns by data
perform against actual data to determine their approptifpes for subsequent processing. The preprocessing steps
ateness. As E3 noted, “It would be helpful to displajnclude: (1) data compression: merging identical values with
which validation rules are being violated/satis ed by theheir frequencies and proportions, reducing input size for
current data.” The system should enable users to explooategorical data, repetitive values, and datasets with high
compliant and violating data instances, revealing whetheull value density; (2) statistical computation: extracting key
rules need adjustment for being too strict or too lenientetrics from numeric data (mean, median, outlier detection);

R4: Support exible rule re nement. Users need to itera- (3) pattern extraction: analyzing various data patterns, e.g., se-
tively re ne rules by making adjustments and then examguential relationships between consecutive values, to facilitate
ining how these changes affect the validation outcomedsference of underlying data dependencies; (4) domain detec-
requiring frequent shifts in focus between rule editing anibn: analyzing column names and data values semantically to
result assessment. Furthermore, preferred modi catiodentify the speci c data domain, which enables the generation
approaches vary depending on the rule types. For simglecontextually relevant dataset descriptions that enhance the
rules, users prefer direct parameter modi cation, whilerecision of validation rule recommendations. Detailed prepro-
for complex rules such as dependencies, they require neg¢ssing procedures are described in supplementary materials
ural language or other intuitive methods to express thedec. 2.1. The extracted information is structured in JSON
intentions. Therefore, the system should support exibl®rmat for subsequent rule recommendation.



JOURNAL OF BIpX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021 6

Fig. 2. RuleScope work ow. (A) Rule Recommender generates validation rules for the current table, including data preprocessing (Al) and LLM-based
validation rule generation (A2); (B) Rule Implementer converts validation rules into executable functions; (C) Rule Re ner facilitates user re nements to rules
through direct parameter modi cation, example-based demonstration, and natural language instruction.

LLM-based rule recommendation. The second stage im-appropriate model sizes based on task complexity, balancing
plements a type-speci ¢ validation rule generation strateggference accuracy and computational ef ciency for each type
(g. 2A2), where rules are recommended sequentially by rul&f rule generation task (see supplemental material Sec. 3
type. This sequential approach is necessary for two mdor details). We chose local deployment through Ollama [86]
reasons: (1) rule types have distinct data requirements, dod faster communication, enhanced control, and support for
including all table information in a single prompt would exionger context length. We present the evaluation of our rule
ceed the token limitations of LLMs; (2) concurrent generatiorecommendation models in Section VI-A.
of multiple rule types would overload the model's capacity
to maintain logical consistency across different validatiog
patterns. To address these challenges, we construct prompt:
for each type by extracting relevant information from the The Validation Rule Implementer (g. 2B) transforms the
preprocessed data based on speci ¢ requirements. For dep@{idation rule con guration le into executable validation
dency rules, which involve complex relationships requirinfnctions. This con guration le is either generated by the
substantial computation, we adopt a semantic-guided appro&e Recommender (section IV-A) or de ned by users (sec-
instead of exhaustive pairwise analysis. This approach operdig8 1V-C). For each rule, the Implementer identi es its type
in two phases: (1) LLMs identify potentially related variableg@nd invokes the corresponding template function, passing the
through semantic analysis of column names and examinatid#fe’s speci ¢ parameters as function arguments. These param-
of sample data; (2) these candidate relationships unde®f6's describe both the constraints that data must satisfy under
detailed analysis to formulate precise rules. For example, whéis validation rule and the conditions for data preprocessing
generating |ogica| and condition rules, LLMs rst identifybEfOl'e validation, such as Itering and Sorting requirements.
potentially related columns, then analyze their data characteff§ instance, when implementing sequence rules, the param-
tics for rule inference. Ultimately, the Recommender generat@rs specify the sequence constraints the data should follow,
different types of validation rules along with their parameter@s well as the ordering conditions that determine how the
which typically fall into two categories: (1) parameters thaataset should be sorted prior to validation. The template
represent the constraints of the current validation rule; and f@nctions rst apply these preprocessing transformations, then
conditional parameters required before rule execution (sugkecute the validation logic against the preprocessed data. The
as lter, order, etc.). For instance, sequence-type validatidfiplementer ultimately returns the indices of non-compliant
rules require data to be sorted by specic columns prior tdata entries, which are then used for subsequent visualization
validation, thus including order condition parameters. Theg&d analysis of validation results.
generated rules with their respective parameters are then con-
solidated into a JSON con guration le for the current dataset:  \jjigation Rule Re ner
This format enables our system to parse and render each rule ) . ) )
as interpretable descriptions and visualizations, supports tran] h€ requirement gnalysg identi ed the need for exible rule
spilation into executable scripts (e.g., Python), and simpli €& "ément (R4), which motivated the development of the Val-
maintenance as dataset requirements evolve. We implemer@ion Rule Re ner (g. 2C). Based on the re nement needs
our Recommender using Qwen2.5 [85], an open-source motﬂ,ﬂ”t' ed in our requirements analysis and iterative design

family ranging from 7B to 72B parameters. We selecte\e{ith domain experts, we designed three interaction patterns
to support different re nement scenarios: (1) Direct parameter

S}/alidation Rule Implementer
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modi cation for simple re nement, such as True/False settingsiles. It helps users understand both rules and validation
in missing value detection; (2) Example-driven re nementesults, supporting the iterative re nement process.
where experts demonstrate valid/invalid cases by selecting dat&alidation rule visualization. Based on our rule classi ca-
instances; (3) Natural language interaction, where experts tig@ (section IlI-B) and requirements analysis (section IlI-C),
LLMs to adjust complex rule scripts through natural languageie developed a visualization approach inspired by Ma-
For direct parameter modi cations, the Re ner supports editrixWave [16]. The design supports our rule classi cation and
ing the validation rule con guration le directly, while for represents both validation rules and their results. For cell-level
example-driven and natural language re nements, it employgles, we use basic charts (area charts and histograms). For
LLMs to interpret user inputs and generate appropriate ruiependency rules between data cells, we employ a matrix-
modi cations to update the con guration le. The Re ner based visualization with basic charts along the edges ( g. 3A1)
subsequently triggers the Implementer (section IV-B) witand relationship indicators in the matrix body (g. 3A2).
modi ed parameters to re-validate the dataset. The basic charts in our system vary by data type: (1)
Example-driven re nement uses selected data instancearea charts for continuous data (numeric and datetime) with
to modify validation rules, allowing users to re ne rulesfrequencies on the y-axis and values on the x-axis, and (2)
through speci ¢ examples rather than abstract speci cationgistograms for discrete data (character) with categories in
The Re ner identi es target rule types based on selectiolescending frequency order. For cell-level rules, these charts
locations. For instance, it recognizes inter-column rules wheppear as standalone visualizations, with icons integrated for
selections span different columns within the same row. &omic rules (integrity, duplicate, and order), as illustrated in
then evaluates existing rules against the provided valid/invaligl 4A. When visualizing dependency rules, these charts are
examples. For valid examples, it examines satisfying rules utilized as matrix edges ( g. 3A1) in our matrix visualization.
determine if stricter conditions are needed, while analyzing For dependency rules, we employ a matrix-based visual-
non-conforming rules for possible modi cations. For invalidzation. This approach represents the relationships between
examples, it follows similar steps with complementary criterianultiple data cells. The matrix edges consist of basic charts
Finally, the Re ner analyzes example characteristics to assa&epresenting the data involved in the dependency. For column
the need for rule additions or removals. dependencies, different edges represent different columns; for
Natural language re nement enables intuitive rule modi - row dependencies, edges represent the same column but in
cation. The Re ner uses LLMs to parse users' natural languagéferent row contexts (e.g., current row vs. next row values).
descriptions, extracting validation targets and parameters. Adve matrix body encodes the relationships between data
example, in sports event data, a validation rule might speci#ements on the edges. Its visual representation adapts to the
that in the ball_status column, “get pass” cannot be data types: (1) discrete-discrete combinations create distinct
followed by “give pass”. In this rule, the column represents thegions (g. 3A2), (2) continuous-continuous combinations
target and the invalid sequence serves as the parameter. It thgpear as scatter plot-like data points (g. 6B), and (3)
compares these extracted targets and parameters against ekgtrete-continuous combinations display rectangular regions
ing rules, adding, modifying, or deleting rules as appropriatghowing each discrete value's relationship with the continuous
We evaluated the accuracy of this natural language re nemewariable (g. 4A1). For column-to-column dependencies (e.g.,
The evaluation dataset and results are detailed in Sec. 3.61@fpping), the matrix shows relationships between values from
the supplemental material. different columns. In g. 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. g. 3A shows
The visual interface of RuleScope comprises three viewsball_status sequence rule where the highlighted point
(9. 3): (A) The Validate View presents rules and validatiorconnects “give pass” on the left edge to “get pass” on the right
results (R2) and supports rule re nement through interacti@dge, indicating this pattern in consecutive rows. Complex
with visualizations (R4); (B) the Data View presents tabularalidation scenarios may involve dependencies across multiple
data with detailed validation results (R3), allowing rule redata elements. For example, validating Postal Code needs
nement through table-based example selection (R4); (C) theth County and City, as neither alone sufces due to
Detail View displays an overview of currently applied vali-duplicate names or cross-county cities. We connect multiple
dation rules (R2), offering parameter adjustment and naturahtrices through shared edges ( g. 4A2) to help users under-
language interfaces for re ning validation rules (R4). stand dependencies across multiple data elements.
The validation rule visualization employs a consistent color
. encoding: blue represents data that complies with validation
A. Validate View rules, whereas orange indicates rule violations. In g. 3A2,
The Validate View (g. 3A) presents validation rules andorange cells indicate rule-violating sequences between “give
their corresponding results. The upper-right corner contains pass” and “get pass”, while in g. 6B, blue regions show valid
Upload File button for dataset uploading and an Export buttomumerical ranges. Additionally, we use yellow to represent
The Export button allows users to save rules as JSON léstermediate states in multi-variable relationships, where a data
and generate executable Python validation functions. This vigeint connects to both valid and invalid data. For instance,
enables interactive exploration and modi cation of validatiowhen visualizing relationships among County, City, and

V. RULESCOPE INTERFACE
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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 (g. 4A2), a connection point be- agram (g. 4B1) and chord chart (g. 4B2) effectively vi-
tween “bothell” and “snohomish” appears yellow because sualized relationships between variables. For example, they
links to both valid postal codes (e.g., 98021) and invalid onesuld intuitively represent sequence rules by showing clear
(e.g., 98258). For rules represented by icons (integrity, duptlata ow patterns. However, testing with complete datasets
cate, and order), blue icons indicate validation rule presenmed comprehensive rule sets revealed signi cant limitations.
and orange icons show violations ( g. 4A). Overlapping lines and ow bands created excessive visual
Interactions. The Validate View supports interactive ex_clutter, compromising rule visibility and .increasing cog_nitive
ploration and re nement of validation rules. For explorationIoad from multiple variable re_presenta'uons. More_ crl?lcally,
fﬁese methods could not effectively represent all validation rule

users can click on any value along one matrix edge, whid Additionally. th hods inad | i
displays its label and highlights related values on the opposW@_eS' tionally, these methods Inadequately support multi-

edge. These highlights follow the system's color encodin riable d_ependencies (e col Cdepends on col A and col B):
(blue for valid, orange for invalid, yellow for intermediate ankey diagrams and parallel coordinates struggle to encode

states). Additionally, clicking within the matrix body revealscontinuous numerical constraints W.ithOUt binn_ing, While chord
natural language explanations of the validation rules Whi%]‘,"‘rtS cannot represent multi-variable relationships beyond

simultaneously highlighting relevant data entries in the DapRIIWISe c.onnectlo'ns. Considering visualization con§|stency
View. For example, as shown in g. 3A2, clicking a violationand reducing learning overhead, we adopted the matrix-based

region in the ball_status sequence matrix reveals the rule approach with multi-matrix to represent multi-variable depen-

explanation and rule-violating data entries. The Validate Viewenmes, augmented with in-situ explanation capabilities and

also enables rule re nement through several interaction mem;egrated data navigation.
ods. Users can edit rules by modifying the natural language

explanations. Alternatively, they can right-click on speci B. Data View

matrix regions to adjust rule parameters, converting valid dataT
to invalid or vice versa.

he Data View ( g. 3B) displays uploaded datasets and fa-
cilitates data exploration. The upper section ( g. 3B1) presents
Design alternatives. During the design phase, we evaluatedle conditions (e.g., temporal ordering) on the left side, while
multiple approaches to visualize validation rules and their réhe right side features navigation controls that help users track
sults. Through an iterative design process, we assessed paraltel locate invalid data entries. The central component is an
coordinates plots, Sankey diagram, chord chart, and matrinteractive data table ( g. 3B2) with histogram-enhanced col-
based visualizations. Initial analysis showed that Sankey dimn headers showing data distributions. Each column header
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