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Abstract
The rise of data lakes has created complex and temporally rich repositories in which tabular data exists in multiple
versions. Current data discovery methods fail to utilize this crucial temporal dimension, treating each version
individually. This limits the effectiveness of data discovery and integration for downstream tasks, e.g., machine
learning model training. To address this, we conduct an analytical study focusing on the Wikipedia table history
data lake to characterize its temporal dimensions. Our work provides essential statistics on table evolution and
revision types. This foundational understanding of table evolution can help guide the development of future data
lake and data management systems capable of leveraging temporal table properties.

Our exploratory analyses reveal distinct patterns in how table versions transform over time, identifying
specific update frequencies, editor behaviors, and rollback prevalence that characterize the lake’s lifecycle.
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1. Introduction

The proliferation of data lakes over the past decade has established them as a primary resource for data
scientists. Data lakes are widely capitalized to enrich existing datasets for various downstream tasks,
including training data augmentation for machine learning (ML) models [1]. Data search or discovery
within this context typically uses several established operators: join discovery [2, 3], where a query
table is horizontally extended by joining with tables from the lake; union discovery [4], which involves
the vertical aggregation of rows from tables sharing similar schemata; correlation discovery [5, 6] aims
at finding informative features to improve a model’s predictive accuracy; and integrated discovery that
combines a variety of these operators [7, 8].

The evolution of data lakes has inherently resulted in temporally-rich corpora of data, particularly
tabular data, where tables often exist in multiple versions [9]. These table corpora are referred to as
temporal data lakes [10]. Examples of such data lakes include: tables encapsulated within Wikipedia
pages, where each change to the page generates a new version of its corresponding tables, GitHub
repositories, where updates to the codebase lead to new versions of accompanying data, and open data
portals, where organizations and governments frequently provide updated reports [10].

However, current data discovery approaches are rendered impractical when applied to temporal
data lakes because they treat each table version as an isolated entity. However, the state of the art has
shown that utilizing the temporal dimension of data lakes can significantly improve the efficacy of data
integration solutions. As one example, Bornemann et al. [11, 12] showed that inclusion dependencies
that are consistently valid across different versions of a Wikipedia table tend to be more semantically
correct than dependencies observed in a single instance of a table.

Wikipedia history is a publicly available source of versioned data. Tables within Wikipedia pages have
been widely used before to enrich data at hand [13], such as in the WikiTables [14] project. However,

DOLAP 2026: 28th International Workshop on Design, Optimization, Languages and Analytical Processing of Big Data, co-located
with EDBT/ICDT 2026, March 24, 2026, Tampere, Finland

& mahdi.esmailoghli@hu-berlin.de (M. Esmailoghli); purtzesc@hu-berlin.de (S. Purtzel); rshraga@wpi.edu (R. Shraga);
rjmiller@uwaterloo.ca (R.]. Miller); matthias.weidlich@hu-berlin.de (M. Weidlich)

© 2026 Copyright for this paper by its authors. Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).
5


mailto:mahdi.esmailoghli@hu-berlin.de
mailto:purtzesc@hu-berlin.de
mailto:rshraga@wpi.edu
mailto:rjmiller@uwaterloo.ca
mailto:matthias.weidlich@hu-berlin.de
https://creativecommons.org/licenses/by/4.0/deed.en

the evolution of these tables is not well studied, which is a vital prerequisite for effectively leveraging
such rich corpora. For instance, the bottom layer in Figure 1 demonstrates an example of a simple
table evolution, which goes through schema modification, row addition, content edits, and structure
re-ordering. Without comprehending and being able to systematically track these evolutions, one
cannot leverage temporal data lakes to build a reliable data discovery system.

In this paper, we take an exploratory approach to analyzing the temporal dimensions of Wikipedia
tables (Wiki Lake), validated and curated in previous research [15], which represent a prominent and
accessible example of a large-scale temporal data lake. This corpus provides necessary labels, allowing
us to accurately track the lineage of individual table versions.

We aim to move beyond the analysis of static data snapshots by characterizing the fundamental
mechanics of table evolution across the entire data lake. Specifically, we focus on three interrelated
temporal dimensions: the frequency and distribution of versions, the semantic nature of changes, e.g.,
schema modifications vs. content updates, and the lifecycle of updates, e.g., persistent changes vs. the
ones rolled back. By quantifying these dynamics, we seek to identify evolutionary patterns and editor
behaviors that distinguish stable data from volatile revisions.

We acknowledge that this work represents only the initial step toward understanding the complex
concept of temporally-rich tabular data lakes. Private data lakes may have different temporal patterns
than the Wiki Lake. Nonetheless, our study provides a first step in characterizing the temporal evolution
of tables. Further research and exploration are essential to develop robust data management systems
tailored for modern and temporal data lakes.

In the remainder of this paper, we first review related work and then provide a brief overview of
the Wiki Lake and how it organizes table versions. Subsequently, we define the temporal dimensions
we aim to understand and outline the exploratory actions taken to investigate them. Following each
dimension, we conduct an analysis, extracting statistics from the data to characterize the defined data
lake attributes. Finally, we discuss the lessons learned as well as future directions.

2. Related Work

A large body of prior work has analyzed Wikipedia through its revision histories, treating article
evolution as temporal events, from which high-level semantic behaviors can be inferred. For instance, a
body of research has explored conflicts such as edit wars through analyzing revision metadata [16, 17].
Another line of research focuses on rapid rollbacks, whether they help discover vandalism [18, 19] or
recurring maintenance [20]. In contrast, we do not target behaviors at the article level, but study table
evolution at scale, treating tables as first-class temporal citizens in the data lake.

While the domain of temporal data lakes remains significantly under-explored, recent work has
begun to address the analysis and utilization of these repositories, with a particular emphasis on the
evolving histories of the Wiki Lake. Notably, Bleifuf} et al. [15] conducted an analytical characterization
of the Wiki Lake. Although their work acknowledges the temporal aspect of the data lake, their primary
investigation targets a broader spectrum of properties, such as the lifecycle of tables, including creation
and deletion, and provenance regarding contributor activity. In contrast, this paper is dedicated to a
more fine-granular examination of a data lake’s temporal dimensions. We prioritize a detailed analysis
of schema evolution dynamics, the correlation between distinct modification types, and the semantic
significance of change intervals within this specific context. Moreover, Bleifufl et al. [21, 22] and
Esmailoghli and Weidlich [10] introduce specific systems and corresponding data structures, including
Change-cube and a hierarchical index. In this paper, we merely focus on an analytical approach to
explore the temporal aspect of the data lake to understand the data before building such data structures.

In data management, the efficient storage of multiple table versions has received considerable attention
in the literature [23, 24, 25, 26, 27, 28]. However, characterizations of the evolution itself have only
recently been studied [9], and this work is limited to two versions, not the broad characterization of
evolution in a data lake that we are undertaking.
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Figure 1: Structured view showing pages, tables, and versions from the Wikipedia Temporal Data Lake, illustrat-
ing the temporal evolution of Table A1 through schema changes, row additions, value updates, and reordering.

3. Wikipedia, a Temporal Data Lake

We study the Wiki Lake, which is derived from Wikipedia revision history dumps that track all
modifications to Wikipedia pages. This corpus encapsulates the tables embedded within these pages
and stores the discrete changes applied to each.! We utilize the corpus prepared by Bornemann et
al. [11, 12], in which columns across versions are aligned,” enabling the analysis of schema evolution.
The data lake comprises 512 JSON files with a collective size of 809GB, containing 2.8M tables. The
data is structured hierarchically around pages, including PageID, PageTit1le, and their corresponding
tables. Each table entity contains a TableId and a chronological sequence of table versions. Note that
versions of a table are contained in the same page’s history. Each version includes its unique identifier, a
timestamp, contributor metadata, e.g., username or IP address, column identifiers, and the table content
represented as a list of row values. Figure 1 illustrates an abstract representation of this data model.

4. Dimensions and Analysis

Traditional data lake research has focused primarily on structural and relational characteristics. These
include volumetric measures, such as the number of tables [3, 29], dimensionality of tables, including
the average number of rows and columns, and how tables are relevant to either each other [30] or to a
given input table [8]. Similarly, Wikipedia has been examined through various lenses, ranging from
the topological connectivity of its pages and entities [31] to the semantic relevance of WikiTables [32].
Extensive research has also leveraged the Wikipedia revision history as a corpus for supervised learning,
utilizing human-annotated updates to improve data integration tasks [33, 34, 35].

Despite these advancements, the temporal dynamics of Wiki Lake remain largely underexplored.
While current literature acknowledges Wikipedia as a repository of interconnected tables, there is a lack
of comprehensive analysis regarding the evolution of these tables throughout their lifecycle [36, 15].

To address this, we categorize and analyze the temporal dimensions of the Wiki Lake by focusing on
Lake Overview, Change Interval, and Rollback.

4.1. Lake Overview

First, we characterize the aggregate statistics of the Wiki Lake. It comprises 2.8M tables. Each table
contains 14 versions, averaging 5 columns and 11 rows per version. The distribution of version counts
conforms to a power-law distribution illustrated in Figure 2, characterized by a substantial number of
sparsely updated tables and a small subset of highly volatile ones. Notably, the tables exhibiting the
highest revision frequency are found within the pages List of social networking websites, America’s Next
Top Model, and List of the verified oldest people, recording 10k, 7k, and 6k changes, respectively.

"https://dumps.wikimedia.org/
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Figure 2: Version count histogram. Figure 3: Venn diagram illustrating changes.

To further investigate these changes, we track schema and row-level evolution across 37M consecutive
table versions. To maintain column provenance across revisions, we utilize generated unique column
identifiers [11]. For row tracking, we employ a heuristic to identify a surrogate Primary Key (PK).
Specifically, we find the first attribute where the uniqueness ratio, i.e., the cardinality of unique values
relative to the total row count, exceeds 90%. We begin with the leftmost column, based on our
observation that the first column is typically the most identifying one. Figure 3 presents a Venn diagram
characterizing four distinct classes of structural and content modifications: column addition, column
deletion, row insertion, and row deletion. The distribution indicates that the most frequent transformation
between successive versions is the concurrent insertion and deletion of rows. This pattern can also be
interpreted as modifying existing row values, including updates to the identified PK.

4.2. Change Interval

Change interval is defined as the time difference between two consecutive revisions. Analyzing this
provides insights into the content-agnostic behavioral dynamics of table evolution. Specifically, change
intervals can reveal the underlying intent of modifications, such as anomalous or fraudulent edits,
and unveil the inherent semantics of the data. For instance, tables representing national GDP are
not expected to be updated daily. We explore the distribution of change intervals across the lake to
establish expected temporal baselines within various contexts. For instance, in the context of edit wars,’
continuous edits are performed by different editors due to the inherent controversy of the Wikipedia
article and conflicting views. One expects shorter change intervals on such tables [37] as opposed to
more fact-driven content, e.g., historical records, which typically remain static for extended periods and
undergo updates only upon the release of official reports.

Figure 4 illustrates the global distribution of change intervals, revealing a bimodal distribution: a
short-term peak concentrated around one minute and a long-term peak spanning weekly to monthly
intervals. This characterizes two distinct behavioral patterns within the Wiki Lake. The first represents
high-frequency revisions, often attributable to iterative editing by a single contributor. In practice,
substantial modifications to Wikipedia pages are non-atomic, requiring a sequence of successive
commits. Additionally, short-term intervals often result from the correction of erroneous or malicious
modifications by other users, moderators, or automated bots. These entities identify inappropriate edits
and execute rollbacks to restore the table to its prior state.

Figure 5 depicts the distribution of change intervals aggregated at the table level. In this analysis, we
utilize the median change interval per table to mitigate the influence of temporal outliers. The figure
demonstrates that the high frequency of near-instantaneous changes diminishes when aggregated,
suggesting that while rapid edits are numerous in total volume, they do not constitute the primary
mode of long-term temporal evolution for the majority of tables.

To further understand the characteristics of temporal intervals, we analyze their variance using
the Coefficient of Variation (C'V'). The C'V is defined as the ratio of the standard deviation of change

*https://en.wikipedia.org/wiki/List_of_edit_wars_on_Wikipedia
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Figure 4: Distribution of change intervals. Figure 5: Median change interval distribution.

intervals (o) to their mean (u), C'V = % It serves as a normalized measure of interval dispersion.
Intuitively, tables updated at regular frequencies, such as those documenting the Grammy Award for Song
of the Year, should exhibit a low C'V, with a perfectly periodic interval yielding CV = (. Conversely,
tables subject to random update patterns result in higher C'V" values, typically CV > 1.

Figure 6 illustrates the distribution of C'V across the Wiki Lake. Tables with C'V' < 1 are characterized
as having relatively deterministic update schedules, whereas those with C'V' > 1 exhibit higher temporal
dynamicity. Our analysis reveals a significant population of tables with near-static update patterns,
followed by a broad distribution of tables displaying varying degrees of temporal irregularity across a
wide spectrum of C'V values.

— = Static/Dynamic threshold at 1.0

4.3. Rollback

400K

A rollback is the restoration of a table, col-
umn, or row to a previous state. Within the
Wikipedia ecosystem, rollbacks constitute a
critical mechanism for maintaining data in-
tegrity and trustworthiness, typically executed
by moderators or automated systems®*. Roll-
backs are recorded as independent modifica- 0 1 T -
tions on tables, therefore, identification is nec- Coefficient of Variation (CV)
essary to detect incorrect information and also Figure 6: Coefficient of Variation (CV) distribution.
avoid duplicate data. We analyze rollbacks to

distinguish between reversionary actions and evolutionary content updates. Specifically, we investigate
the relevant dimensions to temporal rollbacks, the profiles of the contributors involved, and the extent
to which a table’s revision history can serve as a proxy for its immunity to fraudulent data.

Figure 7 (left) illustrates the distribution of temporal intervals between consecutive revisions across
the lake, categorized by contributor consistency, i.e., whether or not the same user initiated the successive
changes. The experiment reveals a significant correlation between temporal proximity and contributor
identity. High-frequency revisions, i.e., those occurring within a very short temporal window, are
predominantly executed by the same user. This behavior is largely attributed to the non-atomic nature
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of complex updates and subsequent self-corrections.

In contrast, limiting the analysis to rollbacks T4 — Tp — T4, where T4 and Tg represent distinct
table versions, results in a different distribution. Figure 7 (right) presents the temporal distribution
restricted exclusively to these reversionary cycles. Several key observations emerge: (i) rollbacks
account for about 7% of the 37M consecutive changes, (ii) the distribution deviates significantly from
the global baseline, showing a disproportionately high density of near-instantaneous changes, and (iii)
unlike general edits, rollbacks are significantly more likely to be performed by a different user.

*https://en.wikipedia.org/wiki/Wikipedia:Bots/Requests_for_approval/ClueBot_NG
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Figure 7: Change interval distribution for all changes vs. rollbacks.

5. Discussion and Future Work

The exploratory analysis of the Wiki Lake yields several key insights and future directions:

Not all change is evolution. We observe that raw revision counts significantly overestimate mean-
ingful table evolution. While tables exhibit a high volume of revisions, a substantial fraction of these
changes occur within very short intervals and often reflect non-atomic edits, self-corrections, vandalism,
or moderation-driven rollbacks rather than genuine data evolution. In contrast, long-term intervals
reflect the natural evolution of the data. Future discovery systems must differentiate between these
“maintenance” intermediate table revisions and “evolutionary” stable ones to avoid being overwhelmed
by them. It will be interesting to see how these insights carry over to other temporal data lakes where
changes are not made through Wiki pages, but rather through data cleaning or integration operations.
The persistence of structural integrity. Despite the high volume of content updates, the fundamental
structure of tables remains stable. Our experiments show that in 80% of the changes the schema of
tables remains unchanged. For data lakes that may not be as entity-based as the Wikipedia tables, we
hypothesize that there will nonetheless be some structural integrity as tables evolve.

Future systems. Our findings suggest that temporal information is not merely supplementary metadata
but a foundational signal for reasoning about data lakes. Metrics such as change interval regularity and
rollback frequency provide strong indicators of table reliability, maturity, and semantic intent. These
signals are not entirely orthogonal to traditional discovery features such as schema similarity or value
overlap, and hence should be considered for downstream tasks of temporally-valid data discovery.
Data discovery over temporal data lakes. One future direction is the development of a data discovery
architecture that can reason over the semantics of evolving tables during the retrieval process. By
incorporating this reasoning, a data discovery system could move beyond value and structure matching
to understand the temporal validity of the retrieved results according to the user-provided query.
Semantic evolution analysis. Another angle for future research is to characterize the semantic
trajectories of changes, determining whether tables evolve according to predictable patterns. Current
advancements in Tabular Foundation Models (TFM) [38] and table embeddings [39] provide the tools
to project tables into high-dimensional semantic spaces. This allows for a robust analysis that moves
beyond simple syntax or schema changes to capture the underlying evolution of temporal semantics.
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