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Abstract. Semantic heterogeneity in long-term datasets emerges as categories,
groupings, and units change over time, requiring users to manually adapt
queries and results. The master’s thesis proposes a formal framework to ad-
dress this issue through two strategies: query rewriting and data preprocessing.
It introduces storage models and algorithms that manage semantic evolution
via discrete, time-stamped operations (translation, merging, and splitting), en-
abling queries to be written as if the data were homogeneous. A prototype,
MellowDB, was evaluated using Brazilian mortality data (1979-2021). Results
show both approaches are production-ready, with data preprocessing generally
outperforming query rewriting except in highly write-heavy scenarios.

1. Introduction

Historical data analysis is essential for data-driven decision-making (g, ), yet long-lived
datasets often suffer from semantic heterogeneity: the meaning, grouping, or naming
of attribute values changes over time (e, [1; n, le). Examples include municipality name
changes () and shifts in disease classification standards (e.g., ICD-9 to ICD-10) (0, 2),
which require users to manually reconcile inconsistencies when querying historical data.
Even when the database schema remains unchanged, such semantic evolution can make
records from different periods incompatible, leading to complex, error-prone queries and
unreliable longitudinal analyses (n, |e)).

The thesis argues that semantic heterogeneity can be automatically addressed dur-
ing query processing at a feasible computational cost. To this end, it formalizes the con-
cept of semantic evolution and introduces a theoretical framework that defines Semantic
Evolution Operations, including translation, merging, and splitting. Two complementary
strategies are proposed: a data preprocessing approach that resolves semantic discrepan-
cies at insertion time, and a query rewriting approach that handles them lazily at query
time (I, |o; e, [I). Both strategies are supported by dedicated storage models and algorithms
that preserve the complete semantic history of a dataset.

From a Computer Science perspective, this work contributes a formal model for
value-level evolution distinct from traditional schema evolution, bridging theory and sys-
tem design. It introduces novel storage abstractions, query processing algorithms, and
a prototype system (MellowDB) that demonstrates the practical feasibility of managing
semantic heterogeneity in production-like environments. Experimental results show that
semantic reconciliation can be automated with low overhead, providing a scalable foun-
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County Year | Population
Moji Mirim | 2014 91,027
Moji Mirim | 2015 91,483
Mogi Mirim | 2016 91,929
Mogi Mirim | 2017 92,365
Mogi Mirim | 2018 92,715

Table 1. Mogi Mirim population estimation by IBGE. Until 2015, the county
name in the database was “Moji Mirim”. Since 2016, however, the records
present the new name for the county: “Mogi Mirim”.

dation for consistent longitudinal analysis in evolving databases. Preliminary results ob-
tained during this research were published at the International Conference on Database
and Expert Systems Applications (DEXA) (p, ), and the final consolidated framework
and evaluation were later published in the Future Generation Computer Systems jour-
nal (p, e]).

2. Database, Schema and Semantic Evolution

Database evolution has long been a central topic in Computer Science. As early as the
1990s, researchers observed that a significant portion of development effort arises from
post-deployment modifications (d, o). Over time, new application features, regulatory re-
quirements, performance optimizations, and organizational changes demand adjustments
in how data is structured and interpreted (a, r). Far from being a solved issue, database
evolution remains an active research area, with recent work continuing to propose models
and techniques for efficiently and safely managing evolving data systems (a, |r; 1, |h; |0} |t;
el |1).

A substantial portion of the literature has focused on schema evolution, which
concerns structural modifications to the logical organization of data. Common transfor-
mations include adding, deleting, or renaming attributes, as well as merging or splitting
tables (r, u). In relational systems, such changes directly affect the schema definition,
while in NoSQL systems they emerge through the implicit schema enforced by applica-
tions (e, ). Schema evolution raises important challenges, particularly regarding back-
ward compatibility, data migration, and query correctness when multiple schema versions
coexist (r, u,e).

Beyond structural changes, databases also experience semantic evolution, in
which the meaning of attribute values changes over time without necessarily altering the
schema itself (n, e). Examples include shifts in classification standards, category granu-
larity, naming conventions, measurement units, or domain interpretations. Unlike schema
evolution, which modifies structure, semantic evolution affects value interpretation. For
example, as illustrated in Table |1} the municipality of Moji Mirim was renamed to Mogi
Mirim, requiring queries over historical population data to explicitly account for the name
change in order to retrieve consistent longitudinal results.

While semantic heterogeneity has been extensively studied in the context of in-
tegrating multiple databases, often using ontologies and taxonomy mappings (kl a; |f, |s;
1, €), temporal semantic shifts within a single evolving database remain comparatively
underexplored and pose distinct challenges for longitudinal analysis.
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To address database evolution, the literature proposes several approaches. One
major class consists of lazy techniques, which defer adaptation until query time (e} |I).
Among these, query rewriting dynamically transforms a query written for one schema
version so that it can operate over another, avoiding physical changes to stored data (I,
o)). Other lazy approaches process records on demand when they are first accessed, some-
times caching the transformed result for subsequent use (e, I). These techniques prioritize
flexibility and minimize upfront costs but may introduce runtime overhead.

In contrast, eager techniques handle evolution at the moment changes occur, typ-
ically through data migration, materialized transformations, or compatibility layers such
as views and delta-based mechanisms (r}, €). Some systems also support the coexistence
of multiple schema versions, allowing different applications to interact with distinct rep-
resentations simultaneously (r, e} I, |0). Each strategy involves trade-offs between storage
overhead, computational cost, backward compatibility, and system complexity. These
established approaches to schema evolution provide conceptual foundations that can be
adapted and extended to address semantic evolution, which is the central focus of this
thesis.

3. Theoretical Framework

The theoretical foundation for managing semantic evolution in historical data draws se-
lectively on conceptual elements introduced in PRIMA (o, [0), particularly the notion of
discrete evolution operations and the preservation of original data versions in raw form.
However, while PRIMA focuses on transaction-time databases and structural schema evo-
lution, the present framework extends these principles to address value-level semantic
heterogeneity. It formalizes semantic evolution as a sequence of explicitly defined opera-
tions that capture how meanings, groupings, or interpretations change over time, without
requiring retroactive modification of historical records. In this setting, users are allowed
to formulate queries solely in terms of the current semantic version, while the system
transparently handles all necessary rewriting and adaptation.

The framework preserves historical records in their original semantic forms and
represents changes through explicit Semantic Evolution Operations, which describe when
and how transformations occur. It provides generic formal definitions of records, col-
lections, and queries, establishing the notation required for the storage models and al-
gorithms developed later. In addition to a general formalization of semantic evolution
operations, three concrete operations—translation, merging, and splitting—are defined to
support implementation and experimental evaluation.

3.1. Initial Definitions
Definition 1 Artribute and Domain

Each attribute-value pair consists of an attribute name a and an associated value
v. The notation V' [a] will be used to represent “the value of attribute a”. All values of an
attribute a must be contained in a set D(a), the domain of attribute a.

Definition 2 Record

A record d contains a timestamp t representing when it became valid, and a set V'
of attribute-value pairs as defined in Definition|l| Thus, a record can be represented as:

d=(t,V) V ={(ay,v1), (az,v2), ..., (@m,vm)}
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Definition 3 Data Collection

A data collection C'is a set of n records C' = {dy,ds, ... ,d,}, where each record
d; is defined as in Definition

According to these definitions, records may contain only simple values. That is,
a value is neither another record nor another attribute-value pair. Although having nested
complex objects instead of a simple value is a common design in many data models, such
as semi-structured data and NoSQL databases, the semantic evolution operations that will
be shown in this thesis only apply to simple values. Thus, including complex structure in
record notation brings no immediate advantage. However, the operations’ definition can
be extended to include simple values inside nested structures.

3.2. Semantic Evolution Operations

A central assumption of the framework is that every instance of semantic heterogeneity
within a data collection originates from a specific and identifiable event in time, referred
to as a Semantic Evolution Operation. These operations do not necessarily result from
deliberate changes introduced by data custodians; rather, they often emerge from external
forces that alter semantic interpretation, such as official renamings (e.g., Moji Mirim to
Mogi Mirim), revisions of classification standards (e.g., ICD-9 to ICD-10), taxonomy up-
dates in scientific domains, or curriculum restructuring in education. Although externally
driven, such events introduce semantic divergence within the data and must be explicitly
modeled to ensure consistent reasoning across versions. The notion of a Semantic Evo-
lution Operation therefore serves as the core abstraction for representing and formalizing
these moments of semantic change within the framework.

Definition 4 Semantic Evolution Operation

A semantic evolution operation E is a function that changes the value V'|a] of an
attribute a of a record d = (t,V) to a different value r if two conditions are satisfied:
1. V']a] belongs to the set () C D(a) of values affected by the operation,
2. the time t when the record became valid is previous than time t;, when the evolu-
tion happened.

When these two conditions are not satisfied, the function E keeps V unchanged. The
function E can be formalized as:

&,V \{(a,Via)} U{(a,r)}), ift <tnandV]a] € Q
E(t,V) = (D
(t,V), otherwise

Intuitively, V '\ {(a,q)} U {(a,r)} can be read as “replace V'[a] = q by V[a] = r.”

Due to space constraints, only the definition of the Merging operation is presented
here. The complete thesis additionally defines two other Semantic Evolution Operations
(Translation and Splitting) and their corresponding reverse operations which follow sim-
ilar principles:

Definition 5 Merging

A Merging operation replaces a set of values with a single value r from a specific
time ty,. Formally, it is a semantic evolution operation as defined in Definition 4| but with
a non-unitary set () and R = {r}.
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To illustrate the necessity of the merging operation, consider a situation in which
two previously distinct values become reported as a single aggregated value from a given
year onward, so that the original values can no longer be distinguished in later records.
A real-world example is the 1975 incorporation of the state of Guanabara into the state
of Rio de Janeiro, after which population statistics may be reported only for the merged
unit rather than for each state separately. In this case, a merging operation with () =
{Guanabara, Rio de Janeiro}, r = Rio de Janeiro, and t;, = 1975 can be applied over the
collection to model that, from 1975 onward, occurrences of either former value should be
interpreted as the merged value. Table [2] presents the original published records used for
illustration, prior to any post-processing under our framework.

State ‘ Year ‘ Population

Rio de Janeiro | 1975 | 5,542,500
Guanabara 1975 | 4,857,700
Rio de Janeiro | 1976 | 10,704,200

Table 2. Population estimates as published in 1975 and 1976.

3.3. Dealing with Semantic Evolution

We propose two distinct approaches for handling semantic evolution in query processing:
query rewriting and data preprocessing. The query rewriting approach handles seman-
tic evolution at query time by automatically transforming query clauses and adjusting
results to ensure semantic consistency across versions. Rather than modifying stored
data or requiring preprocessing, this lazy strategy delegates adaptation to the execution
phase, shielding users from historical heterogeneity while preserving the raw collection
unchanged (1, o; e, ).

In contrast, the data preprocessing approach addresses semantic evolution at inser-
tion time. Instead of rewriting queries dynamically, it eagerly processes records as they
are inserted, incorporating semantic transformations in advance and building a Semantic
Evolution Aware Collection optimized for consistent querying (e, |I).

4. Storage Model

Following the formalization of semantic evolution, we define a storage model that rep-
resents semantic transformations while preserving computational and storage feasibility.
The model ensures controlled storage overhead and efficient query execution, allows the
full reconstruction of semantic transformation history, and provides access to the original
(raw) version of every record. Based on this model, algorithms for insertion and query-
ing can be defined, with requirements of practical performance and abstraction: users
should be able to query data without being exposed to semantic evolution details. The
effectiveness of both the query rewriting and data preprocessing approaches depends on
this storage design: it is particularly central to the preprocessing strategy, where new se-
mantic versions are materialized upon evolution, while in the rewriting strategy, it mainly
supports metadata management without altering stored records.

The proposed storage model comprises three main components. The Raw Collec-
tion stores records in their original form with minimal alterations. The Semantic Versions
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Collection maintains metadata describing semantic versions and the evolution operations
that connect them. The Processed Collection, used by the data preprocessing approach,
stores eagerly transformed records aligned with semantic versions. By allowing records
to span intervals of semantic validity instead of duplicating them for every version, this
structure reduces storage overhead while preserving full semantic traceability.

S. The prototype: MellowDB

To validate the proposed storage model and algorithms, we developed MellowDB, a
middleware library written in Python and released under the MIT License, designed to
manage semantic evolution in document-oriented NoSQL databases. Although currently
implemented on top of MongoDB (n, |0), its data model and algorithms are DBMS-
agnostic and can be adapted to other document stores. The API was intentionally de-
signed to resemble PyMongo, lowering the learning curve and enabling seamless integra-
tion into existing MongoDB-based systems. The full source code is publicly available at
https://github.com/pisn/semantic_heterogeneous_databasel

MellowDB implements both query rewriting and data preprocessing strategies
described in the theoretical framework, delegating semantic transformation logic to the
DBMS through MongoDB aggregation pipelines, which helps control memory usage in
large collections.

6. Performance Evaluation

The practical viability of the proposed strategies was evaluated through systematic exper-
imentation. Implementing both query rewriting and data preprocessing enabled a direct
performance comparison. The rewrite strategy automates what knowledgeable users typ-
ically perform manually (rewriting queries and adapting results to account for semantic
changes) thereby reducing cognitive burden and minimizing the risk of inconsistencies.
In contrast, the data preprocessing approach shifts semantic handling to insertion time,
potentially introducing non-negligible overhead that may or may not be compensated by
improved query performance. These lead to the central experimental questions:

1. Are the proposed approaches practically feasible for real-world use?

2. Assuming both approaches are viable, under which conditions does one outper-
form the other? What factors, such as data volume, evolution frequency, or query
complexity, should guide the decision of which approach to adopt?

The experiments were conducted using a real-world dataset containing 30 years
of mortality records published by | with one record per cause of death, municipality,
and year. The dataset exhibits semantic heterogeneity due to a classification change in
1996, when Brazil transitioned from a national standard based on ICD-9 to one based on
ICD-10. Although derived from the ICD, the Brazilian classification does not map one-
to-one to ICD codes, as each national code may correspond to a single ICD entry or to
grouped codes (0, 2). Additionally, the dataset includes municipality name changes and
territorial splits over time, introducing a second type of semantic evolution. Altogether,
170 semantic evolution operations were modeled in the experiments, making this dataset
a comprehensive and realistic test case for evaluating the proposed approaches.
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Figure 1. Scenarios performance comparison with and without indexes. The ex-
ecution time is on a logarithmic scale. 500 operations in each experiment.

To assess how each strategy behaves across different operational profiles, we di-
vided the tests into workload classes based on the proportions of read and write opera-
tions. Specifically, we considered read-only workloads (100% reads), write-only work-
loads (100% writes), and three mixed workloads: a write-heavy scenario with 95% writes
and 5% reads, a read-heavy scenario with 95% reads and 5% writes, and a balanced work-
load with a 50/50 split between reads and writes. Figure |1| presents a logarithmic-scale
comparison of execution times for the query rewriting and data preprocessing approaches
(with and without indexes), each tested with 500 operations. The logarithmic scale effec-
tively highlights the magnitude of performance differences between the two approaches.

The experimental results reveal a clear trade-off between the two strategies. In the
data preprocessing approach, execution time deteriorates in write-intensive scenarios be-
cause semantic transformations are applied during insertion, whereas the query rewriting
approach introduces no overhead at insertion time. Conversely, in read-intensive sce-
narios the preprocessing strategy performs significantly better, since records are already
semantically aligned, while the rewriting strategy must execute semantic adjustments dur-
ing query processing. Numerically, preprocessing adds an average overhead of 0.01 sec-
onds per insertion, whereas rewriting adds approximately 4.32 seconds per query. The
proportion of heterogeneous operations (15% versus 30%) showed minimal impact on
performance in both approaches, indicating that overhead is driven more by the chosen
strategy than by the frequency of semantic evolution events.

Indexing substantially alters this balance. While rewriting only outperforms pre-
processing in strictly write-only scenarios, preprocessing already becomes advantageous
with a small percentage of read operations. The introduction of indexes dramatically re-
duces the query overhead of the rewriting approach—from approximately 4.21 seconds
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Table 3. Average execution times (mean * standard deviation) of operations in the
data preprocessing and query rewriting approaches, both with and without

indexes.
Operation Indexing? Execution Time (s)
Data Preprocessing Query Rewriting
Insertion Not Indexed 0.0196 = 0.0001 0.0080 £ 0.0001
> Indexed 0.0199 £ 0.0002 0.0081 £ 0.0001
Quer Not Indexed 0.0098 + 0.0004 4.2122 + 0.0375
y Indexed 0.0098 + 0.0006 0.1380 £ 0.0009
Table 4. Collection statistics in MongoDB.
Collection Size Storage Size Number of Documents
Raw Collection 1.15 GB 208 MB 6,179,083
Versions Collection 85 KB 56 KB 171
Processed Collection 3.28 GB 478 MB 11,089,626

to 0.13 seconds—significantly narrowing the performance gap. Even so, in environments
dominated by insertions (e.g., around 98% writes), rewriting may remain preferable.
Overall, the results presented in Table [3] confirm that both strategies are computationally
feasible for production use, with the optimal choice depending primarily on workload
characteristics.

In addition to performance overhead, storage efficiency was evaluated using Mon-
goDB’s stats () function (0, 2)), analyzing both logical size and physical storageSize
for each collection (Table[d)). As expected, the Processed Collection occupies more space
than the Raw Collection due to materialized semantic versions; however, thanks to the
interval-based design introduced in the storage model, its size grows far less than a naive
implementation would suggest (i.e., not proportional to the total number of semantic evo-
lutions). Nevertheless, even in the absence of evolutions, the data preprocessing approach
requires at least roughly twice the storage of the query rewriting strategy, and this gap
increases as more evolutions are introduced and records are split across semantic inter-
vals. Therefore, while preprocessing significantly reduces time overhead compared to
rewriting, it does so at the cost of increased storage consumption.

7. Conclusion

Semantic heterogeneity is a subtle yet persistent challenge in data systems: as mean-
ings evolve due to domain changes, standards, or regulations, queries may still run while
producing incomplete or misleading results. This semantic drift is hard to detect and,
when handled manually, requires time-consuming and error-prone query and result ad-
justments. Despite its practical relevance, the literature has largely emphasized schema
evolution, leaving temporal semantic evolution within a single database comparatively
underexplored.

This thesis addresses that gap by defining Semantic Evolution Operations, such
as translation, merging, and splitting, and proposing two complementary handling strate-
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gies: query rewriting and data preprocessing, supported by a storage model that preserves
raw data and semantic version history. These contributions extend database evolution
beyond structural adaptation, offering a value-level evolution model that bridges formal-
ization, algorithms, and system design, and advancing Computer Science by introducing
computationally feasible mechanisms for meaning-aware data management.

The approaches were implemented in the MellowDB prototype and validated with
real-world longitudinal data. Data preprocessing generally outperforms query rewriting
in read-intensive scenarios with minimal overhead (often around 0.01 seconds per opera-
tion), while rewriting may be preferable in highly write-dominant workloads; preprocess-
ing also incurs higher storage costs, mitigated by the interval-based model. Overall, the
results show that semantic heterogeneity can be managed automatically with controlled
time and space overhead, reinforcing semantics as a first-class concern in evolving data
infrastructures.
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