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Abstract. Data quality research has produced extensive catalogs of data error
types and data quality problems. However, gaps remain when contrasting clas-
sical taxonomies with recent consolidated surveys. This paper identifies three
categories of data errors that are insufficiently captured in both foundational
and contemporary works: ambiguous abbreviation values, intra-tuple depen-
dency violations based on reference semantics, and cross-source unit incon-
sistencies. We provide formal definitions for each error type, illustrate them
with representative examples, and discuss practical considerations for their de-
tection in real-world scenarios. Our contributions help bridge classical data
quality literature with modern data integration challenges, supporting a more
comprehensive assessment of data quality in heterogeneous environments.

1. Introduction

The systematic identification of data errors has long been recognized as a fundamen-
tal prerequisite for effective data cleaning and data quality assessment. Over the past
two decades, several taxonomies have been proposed to characterize and organize data
quality problems. Early contributions presented in [Rahm and Do 2000, Kim et al. 2003,
Miiller and Freytag 2005] established foundational classifications of dirty data, distin-
guishing between schema-level and instance-level issues, as well as syntactic, seman-
tic, and coverage-related anomalies. Subsequently, the authors of [Oliveira et al. 2005a,
Oliveira et al. 2005b] advanced the field by introducing formally defined data qua-
lity problems organized across multiple granularity levels. More recently, the work
[Bhadauria et al. 2026] consolidated a broad set of error types and indicators into a unified
catalog, reflecting contemporary data quality concerns.

Despite these advances, important gaps remain when contrasting classical taxo-
nomies with recent consolidated surveys. Classical works tend to emphasize issues such
as lexical ambiguity, semantic consistency within tuples, and heterogeneities arising from
data integration scenarios. In contrast, modern catalogs focus on phenomena such as dis-
guised missing values, bias, and distributional anomalies, which are particularly relevant
in large-scale and machine learning-driven applications. As a result, no single framework
currently provides comprehensive coverage of both classical and contemporary data er-
ror categories. This fragmentation poses practical challenges for practitioners, who often
need to combine multiple taxonomies to achieve adequate coverage in real-world data
quality assessments.

In this paper, we revisit this gap and identify three categories of data errors that
remain insufficiently captured across both foundational and recent works: ambiguous
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abbreviation values, intra-tuple dependency violations grounded in reference semantics,
and cross-source unit inconsistencies. For each category, we provide formal definitions,
illustrative examples, and discuss practical considerations for their detection. Finally, we
analyze how these error types can be integrated into existing data profiling and quality
assessment workflows, particularly in heterogeneous and data integration settings.

2. Related Work

Data quality research has developed along multiple complementary directions, inclu-
ding error taxonomies, formal definitions, quality dimensions, and detection techni-
ques. Early work by Rahm and Do [Rahm and Do 2000] provided one of the first sys-
tematic overviews of data cleaning problems, distinguishing between single-source and
multi-source scenarios, as well as schema-level and instance-level errors. Kim et al.
[Kim et al. 2003] further refined this perspective by organizing dirty data into hierarchical
categories such as missing [Nascimento et al. 2025], wrong, and unusable values. Simi-
larly, the authors of [Miiller and Freytag 2005] classified data anomalies into syntactic,
semantic, and coverage-related issues, highlighting the diversity of data quality problems
encountered in practice.

A significant step toward formalization was made by Oliveira et al.
[Oliveira et al. 2005a, Oliveira et al. 2005b], who introduced mathematically grounded
definitions for data quality problems organized across different granularity levels. Their
work distinguishes itself from prior taxonomies by providing precise criteria for iden-
tifying errors such as imprecise values, meaningless values, and structural inconsistencies,
enabling more rigorous analysis and potential automation. In parallel, research has also
focused on higher-level data quality dimensions and assessment methodologies. Batini
et al. [Batini et al. 2009] and the extended treatment in [Batini and Scannapieco 2024]
synthesize core dimensions such as completeness, accuracy, consistency, and timeliness,
and describe methodologies for measuring and improving data quality. These works
emphasize how low-level data errors impact aggregate quality indicators, but they do not
aim to provide exhaustive catalogs of fine-grained error types.

More recent efforts have sought to consolidate and systematize existing kno-
wledge. The survey presented in [Ehrlinger and W68 2022] reviews tools for data quality
measurement and monitoring, highlighting the growing importance of automated detec-
tion techniques. Complementing this perspective, Bhadauria et al. [Bhadauria et al. 2026]
propose a comprehensive catalog of data errors and indicators, covering a wide range of
issues including disguised missing values, out-of-vocabulary words, and bias-related ano-
malies.

Despite these advances, the literature remains fragmented across different pers-
pectives. Classical taxonomies emphasize semantic ambiguity, intra-tuple consistency,
and heterogeneities arising from data integration, while recent catalogs tend to focus
on indicators relevant to large-scale and machine learning-driven settings. Furthermore,
detection-oriented research, including recent approaches based on large language models
[Zhang et al. 2025], has expanded the range of detectable issues without necessarily revi-
siting the completeness of underlying error taxonomies. As a result, certain categories of
data errors remain insufficiently captured across both classical and modern frameworks.
In the next section, we identify and formalize three such categories.
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3. Problem Definition

We identify three categories of data errors that are only partially captured in both classi-
cal taxonomies and recent consolidated catalogs. Each category reflects a distinct aspect
of data quality that remains insufficiently formalized in existing error classification fra-
meworks, particularly in data integration and heterogeneous environments.

The first category concerns ambiguous abbreviation values. Classical work by
Oliveira et al. [Oliveira et al. 2005a] characterizes imprecise values as those in which ab-
breviations or acronyms admit multiple valid interpretations. For example, the value Ant.
in a customer-related attribute may correspond to Anthony, Antonia, or Antonio. This
type of ambiguity differs from general semantic ambiguity [Bhadauria et al. 2026] in that
it arises from lexical compression rather than from uncertainty in entity reference or con-
text. While interpretability is recognized as a data quality dimension [Batini et al. 2009],
current catalogs do not explicitly isolate abbreviation-induced ambiguity as a distinct and
formally characterized error type.

The second category involves dependency violations observable within a single
tuple when evaluated against reference semantics. Classical functional dependency the-
ory [Date 2005] defines dependencies at the relation level, requiring comparisons across
multiple tuples. However, in many practical settings, domain knowledge is externali-
zed in reference data (e.g., code tables or master data), allowing inconsistencies to be
identified even in isolated tuples. For example, consider a tuple where CountryCode
= PT” and CountryName = Spain”. Given a reference mapping in which PT” corres-
ponds uniquely to Portugal”, this tuple violates the intended dependency between code
and name. Such inconsistencies are not detectable through standard FD violation checks
[Bhadauria et al. 2026], which rely solely on co-occurrence patterns within the observed
dataset.

The third category concerns unit inconsistencies across data sources. Classical
taxonomies [Rahm and Do 2000, Oliveira et al. 2005b] recognize heterogeneity in mea-
surement units as a common issue in data integration scenarios. However, recent ca-
talogs [Bhadauria et al. 2026] primarily address incorrect or inconsistent units within a
single dataset. In practice, different data sources may represent semantically equiva-
lent attributes using distinct units, such as salaries expressed in euros in one source
and in dollars in another. When such data are integrated without proper normaliza-
tion, the resulting dataset becomes semantically inconsistent, even if each source is inter-
nally coherent. Although data integration challenges are acknowledged in the literature
[Batini and Scannapieco 2024], the explicit characterization of cross-source unit incon-
sistencies remains limited.

4. Proposed Error Definitions

We now present formal definitions for three data error types. Each definition follows
the notation established in [Oliveira et al. 2005a] and extended in [Bhadauria et al. 2026].
Let r denote a relation instance, t € r a tuple, A the set of attributes, a € A an attribute,
and v(t, a) the value of attribute « in tuple ¢. For a set of attributes X C A, we denote
by v(t, X) the tuple of values corresponding to attributes in X. Let Dom(a) denote the
domain of attribute a.

836



Proceedings of the 41** Brazilian Symposium on Data Bases September 2026 — Sao Carlos, SP, Brazil

4.1. Ambiguous Abbreviation Value

Let w be a token occurring in a string value v(¢, a), where type(a) = string. Let M (a)
be the set of permissible full-form values for attribute a, and let expand(w) C M (a)
be a function that returns the set of possible full-form expansions of w according to a
domain-specific abbreviation dictionary.

Definition 1. Given a tuple ¢t € r, an attribute a with type(a) = string, and a token
w € tokens(v(t,a)), we say that w is a potentially ambiguous abbreviation if:

lexpand(w)| > 1

Let C(t,w) C expand(w) denote the subset of expansions that are consistent

with the remaining attribute values in ¢t. The ambiguity status of w in ¢ is defined as
follows: it is considered resolved ambiguity when |C(¢,w)| = 1; unresolved ambiguity
when |C (¢, w)| > 1; and inconsistency when |C(¢,w)| = 0.
Example 1. Consider a Customer relation where the attribute ContactMethod contains
the value “Call Ant.”. The abbreviation “Ant.” may expand to Anthony or Antonia.
Since |expand(“Ant.”)| = 2, the abbreviation is potentially ambiguous. If no additi-
onal attribute (e.g., Gender or Title) restricts the set of consistent interpretations, then
C(t,“Ant.”) = {Anthony, Antonia}, and the ambiguity remains unresolved. Each expan-
sion is individually valid, and the issue arises from the multiplicity of admissible inter-
pretations rather than from semantic invalidity.

4.2. Reference-Based Dependency Violation

Let X C Aand Y C A be sets of attributes such that a dependency X — Y is expected
to hold based on domain knowledge. Let 7,..; be a reference relation encoding valid
mappings between values of X and Y.

Definition 2. A tuple ¢ € r violates a reference-based dependency X — Y if:

v(t,Y) & Ty (0x—u(t,x)(Tref))

where v(t, X') denotes the value of attributes X in tuple ¢, and o and 7 denote selection
and projection, respectively.

This definition captures inconsistencies detectable through external domain kno-

wledge, even when no conflicting tuples exist in r. Note that 7.y may encode one-to-
many mappings between X and Y. When 7,.; = r and || > 2, the definition becomes
equivalent to a set-based formulation of functional dependency violation.
Example 2. Consider a relation where CountryCode = “PT” and CountryName = “Spain”.
A reference relation specifies that “PT” corresponds to “Portugal”. The tuple violates the
dependency between code and name, even if no other tuple in the dataset shares the same
code value.

4.3. Cross-Source Unit Inconsistency

Let r; and r, be relations from distinct data sources representing the same entity type, and
let a be a semantically equivalent numeric attribute in both relations. Let Unit,. (a) denote
the measurement unit associated with attribute ¢ in relation r;, when such information is
available.
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Definition 3. A cross-source unit inconsistency exists for attribute a between r; and r5 if:
Unit,, (a) # Unit,,(a)

or, in the absence of explicit unit metadata, if there does not exist a consistent transfor-
mation function f such that for corresponding tuples ¢; € r; and ¢5 € 7o representing the
same entity (according to a given matching process):

v(te,a) = f(v(ty,a))

In most practical scenarios, f is expected to be a linear or affine transformation.
When f is linear, it may be expressed as f(v) = k - v. If such a factor k exists but
is not explicitly represented in metadata, the inconsistency is considered implicit. If no
consistent transformation can be identified based on observed corresponding tuples, the
inconsistency is considered irreconcilable.
Example 3. One data source stores employee salaries in USD, while another stores sala-
ries in EUR. If these sources are integrated without applying a conversion function, salary
values become incomparable across tuples representing similar entities. This inconsis-
tency arises at the integration level, even when each source is internally consistent.

5. Practical Considerations

The detection of ambiguous abbreviation values relies on the availability of a domain-
specific abbreviation dictionary that maps tokens to their possible expansions. Such dic-
tionaries can be constructed from schema metadata, data profiling statistics, or external
knowledge sources [Batini and Scannapieco 2024]. A key challenge is that abbreviations
are inherently context-dependent and may evolve over time or vary across organizational
settings. To address this issue, we recommend a feedback-driven approach in which am-
biguous cases are reviewed by data stewards, and validated expansions are incrementally
incorporated into the dictionary.

From a computational perspective, detection involves scanning string attributes
and applying the expand(-) function to candidate tokens. Assuming an average of w
tokens per value and efficient dictionary lookup, the overall complexity is O(n - w) for
a relation with n tuples. Additional context-based filtering, when applied, may increase
this cost depending on the complexity of cross-attribute consistency checks.

In turn, the detection of reference-based dependency violations depends on the
availability and quality of a reference relation encoding valid mappings between deter-
minant and dependent attributes. In practice, such reference data may be incomplete or
partially incorrect. When no explicit reference is available, approximate alternatives can
be derived by mining association rules or frequent value mappings from curated data-
sets [Batini et al. 2009]. However, these approaches introduce uncertainty and may lead
to false positives or false negatives. A conservative strategy is to report violations only
when the determinant value is sufficiently represented in the reference and the observed
dependent value is not among the admissible mappings. Confidence thresholds based on
frequency or support can further reduce spurious detections.

Lastly, the detection of cross-source unit inconsistencies requires aligning seman-
tically equivalent attributes across data sources. In many real-world scenarios, unit meta-
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data is missing or inconsistently documented [Rahm and Do 2000]. In such cases, heuris-
tic approaches can be employed. For example, comparisons of value distributions or ra-
tios between matched entities may reveal systematic scaling differences indicative of unit
mismatches. If corresponding records exhibit consistent multiplicative discrepancies, a
transformation factor may be inferred. However, distinguishing unit inconsistencies from
legitimate value variation remains challenging, particularly in noisy or dynamic datasets.
For this reason, automated methods should prioritize the identification and ranking of
suspicious cases, leaving final validation to human experts.

The proposed error types complement existing data quality detection techniques
and can be incorporated into data profiling and monitoring pipelines. As highlighted by
Abedjan et al. [Abedjan et al. 2016], modern data cleaning systems benefit from combi-
ning multiple detection strategies, including rule-based, statistical, and knowledge-based
approaches. Integrating the proposed checks into such frameworks can improve coverage,
particularly in data integration scenarios where heterogeneous sources introduce semantic
inconsistencies that are not captured by traditional single-source validation methods.

6. Conclusion and Future Work

This paper revisits the gap between classical data quality taxonomies and recent conso-
lidated error catalogs, identifying three categories of data errors that remain insufficien-
tly formalized in existing frameworks: ambiguous abbreviation values, reference-based
dependency violations, and cross-source unit inconsistencies. For each category, we pro-
vide formal definitions, illustrative examples, and discuss practical considerations for de-
tection. By explicitly characterizing these error types, our work contributes to a more
comprehensive understanding of data quality issues, particularly in heterogeneous and
data integration scenarios where semantic inconsistencies are prevalent. Our findings in-
dicate that, despite substantial progress in data quality research, the coverage of error
types remains fragmented across taxonomies, quality dimensions, and detection-oriented
approaches. Addressing this fragmentation is essential for building more complete and
reliable data quality assessment pipelines.

Several directions for future work emerge from this study. First, empirical eva-
luation on real-world datasets is needed to assess the prevalence of the proposed error
types and their impact on downstream analytical and machine learning tasks. Second, in-
tegrating these definitions into existing data profiling and monitoring tools, such as those
surveyed by [Ehrlinger and W6l 2022], would support practical validation and adoption.
Third, extending the proposed concepts to semi-structured and unstructured data formats,
including JSON documents and graph data, would broaden their applicability in modern
data ecosystems. Fourth, recent advances in data cleaning using large language models
[Zhang et al. 2025] open opportunities to automate tasks such as abbreviation disambi-
guation and semantic validation, potentially reducing manual effort. Finally, an important
open challenge is the development of a unified framework that systematically integrates
classical taxonomies with modern error indicators and detection techniques, providing a
coherent foundation for more robust and comprehensive data quality management.
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