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The rapid growth of data repositories limits user’s awareness of their content and the understanding of
interrelationships between diverse datasets, increasing the demand for effective data discovery tools that help
analysts locate relevant data. Join discovery, the process of finding tables that can be joined based on common
attributes, is one possible strategy. This paper introduces a novel join discovery approach tailored to data
structures commonly used in analytics: multidimensional or analytic cubes. By leveraging the unique structure
of analytic cubes, the approach utilizes the concept of profile, which refers to metadata providing information
about data distribution. Specifically, we introduce a profile-based, query-driven join discovery model that
allows users to identify alternative joinable cubes starting from a declarative query, as well as to rank and
qualitatively assess alternatives. We validate the efficiency and effectiveness of our approach through extensive
experimentation. Our dual approach, which combines schema-level and content-level information, enhances
both the expressivity of join discovery and the clarity of join discovery results, making the analysis process
more intuitive and interpretable.

1. Introduction Example 1. The United Nations global database monitors Sustain-

able Development Goals (SDGs) across more than 230 indicators.!

Several challenges are involved in Big Data management, partic-
ularly when it comes to making data actionable. Among them, the
rapid growth of Big Data environments, such as open data repositories
and Data Lakes, prevents the definition of a unified model describing
relationships among heterogeneous datasets from different sources.
Nevertheless, users lack awareness of both the datasets stored in repos-
itories and their content. This has increased the demand for dataset
discovery tools to assist analysts in locating relevant data. One form of
dataset discovery has been formulated as join discovery [1-4], which
is the problem of finding tables that can be joined with a query table
on a join key.

Plenty of Big Data resources come in the form of analytic cubes.
Analytic cubes are characterized by a set of indicators, quantitative data
of interest for the analysis that are aggregated along a number of dimen-
sions, typically at different granularities called levels. The integration of
different analytic cubes may be done by joining data items on the set
of dimensions, in order to compare and analyze different indicators.
Inconsistent, sparse, or noisy data cubes are more the rule than an ex-
ception, and can make data discovery and integration time-consuming
and frustrating endeavors.

* Corresponding author.

Analyzing the relationship between the poverty rate (Indicator 1.1.1)
and new HIV infections (Indicator 3.3.1) highlights significant data
heterogeneity. While the HIV dataset contains 42,851 samples, the two
poverty-related datasets contain 9211 and 12,879 rows, respectively.
When these sources are joined to cross-reference the data, the results
shrink drastically: merging the HIV data with the first poverty dataset
yields only 1162 samples, while merging it with the second produces
just 3099. The reason is that data are collected starting from differ-
ent years and in a discontinuous manner for the different countries,
resulting in sparse cubes, or different indicators adopt different aggre-
gation levels (e.g. “BOTHSEX”, instead of “MALE/FEMALE”). Joining
poverty indicators with some other disease indicator could provide
more representative data. Unfortunately, we can discover it only after
the whole data processing pipeline (download and analysis of tables,
join execution) is performed.

The problem becomes even more challenging in Big Data scenar-
ios when multiple, potentially complementary data sources can be
combined. In such cases, users must identify the subset of sources
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Fig. 1. Excerpt of data sources. Tables with blue names correspond to GreenSense organization, while the others correspond to PureAir.
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Fig. 2. S,, (green bars) and S,. (red bars) distributions across temporal (left chart) and geographical (right chart) dimensions. (For interpretation of the references
to color in this figure legend, the reader is referred to the web version of this article.)

that provides the highest support and relevance for their analysis
needs. As the number of sources increases, an exhaustive search of the
joins among sources can become intractable, due to the combinatorial
growth of possible alternatives. Let us consider the following running
example, specifically conceived to best illustrate the issue, exemplify
the proposed approach, and assess it.

Example 2. PureAir and GreenSense are two independent companies
that provide solutions for collecting and monitoring environmental
pollution data through sensors distributed across Italy. PureAir gathers
air quality data daily, where each instance contains the city where the
sensor is located (city), the date of the measurement (day), and its
average value (AQI). Data are partitioned into four different sources,
i.e., center south, north west, center north, and north east. GreenSense,
likewise, collects data on vehicle traffic, where each instance contains
the city where the sensor is located (location), the date of the mea-
surement (timestamp), and its average daily value (VAT). Similarly,
the measurements are collected into two different sources, i.e., traffic
center, and traffic north. From this point onward, to simplify notation,
we will refer to the sources respectively as: S,, = center south, S, =
north west, S, = center north, S,, = north east, S,, = traffic center, S,
traffic north. Fig. 1 reports excerpts from the data sources.

Let us suppose the two companies share their data to investigate
the correlation between the VAT and AQI indicators across multiple
cities and days. The pipeline involves several steps, starting with the
identification of relevant data sources. Specifically, it requires the
identification of sources containing the requested indicators measured
at the specified dimensional levels, namely city and day. This task is
challenging because identifying suitable data sources requires exploring
heterogeneous datasets that differ in format, structure, and naming

conventions. In our scenario, both companies partition data sources by
geographical area. A natural strategy is therefore to correlate sources
covering the same regions, e.g., S,. and S,,. However, geographical
coverage alone does not guarantee a meaningful join. As illustrated in
Fig. 2, the two sources share only a limited set of cities from a subset
of regions because the corresponding sensors are deployed in different
locations. Consequently, relying on prior assumptions rather than on
the actual data distribution may lead to poor source combinations. On
the other hand, exhaustively evaluating all candidate joins is computa-
tionally impractical in large-scale Data Lakes. Using a reference dataset
as the starting point would simplify join discovery, however it does
not reflect typical analytics scenarios, where analyses are driven by
business questions rather than by specific datasets.

To solve these issues, the present paper proposes a query-driven
join discovery framework for analytic cubes. Starting from a declarative
specification of the desired indicators and dimensions, the framework
combines schema-level and content-level information to automatically
identify candidate cubes, estimate the usefulness of their joins, ranking
alternative solutions, and explain the expected results prior to join
execution.

Specifically, the contribution of the paper is multi-fold:

+ We present a formalization of the data model for multidimen-
sional data sources, that we extend with the synthetic represen-
tation of data source content in the form of profiles, efficiently
encoding their data distribution at different granularity levels.
Mappings are defined between attributes of sources and a global
schema, which includes definitions of indicators and dimensions.
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We propose a new formulation of the problem of join discov-
ery, specifically a profile-based, query-driven multi-key join dis-
covery. This formulation offers a goal-oriented, declarative per-
spective, and enables the specification of conditions for source
identification and selection based on profiles.

We also extend the exploitation of profiles to enhance explain-
ability, by enriching the answer to a join discovery query with
the estimated data distribution of the result, which is efficiently
computed from profiles.

When multiple solutions are available for a query, we propose a
ranking approach based on efficient estimation of the cardinality
of the join.

We provide theoretical results and an extensive experimentation
to assess efficiency and effectiveness of the approach in several
scenarios.

A distinctive feature of the approach is the combined use of schema-
level information and source profiles to drive query answering and
explainability of results. This dual approach allows for more flexible
join discovery and improves the transparency of the results, by of-
fering clear explanations of how they were derived, fostering greater
understanding of data.

The approach elaborates upon previous work by the authors [5]
which presented a similar problem formulation purely based on
schema-level information. This paper extends it with the exploitation
of source profiling, to enable a more expressive specification of the
analysis goal through content-level information.

The rest of the paper is structured as follows: Section 2 is devoted
to framing the proposed approach within the literature. Section 3
discusses the methodology, including the formalization of the data
model, the algorithm for query answering and the approach for result
explanation. An implementation of the solution based on semantic
technologies is proposed in Section 4, while Section 5 reports on exper-
iments performed to assess efficiency and effectiveness of the approach.
Finally, Section 6 concludes the work and draws future research lines.

2. Related work

To contextually position our query-driven join discovery framework
within the state of the art, this section reviews relevant literature within
dataset discovery and exploration. Dataset discovery is the process of
identifying datasets that may meet an information need. This process
can be challenging for several reasons, such as the heterogeneities of
data sources or the huge amount of stored data. Additionally, users
might not know in advance what to specifically search, therefore tools
effectively supporting them in discovering new data sources are needed.
We compare the approaches along four fundamental dimensions, as
summarized in Table 1: the search type, which classifies how users
express their information needs (spanning basic keyword-search, table-
based dataset-search, and query-based approaches); the focus of the
approach, which categorizes methods by their core architectural goals
(distinguishing search-centric, join discovery, and hybrid models); the
exploitation of metadata; and the system’s explainability capabilities.
For more details, we refer the interested reader to a recent survey on
dataset discovery and exploration [6].

2.1. Search type

The simplest approach to dataset discovery relies on Keyword-search.
This method can be applied to metadata or, when accessible, to the
dataset’s content (see e.g., the survey [17]). Among the recent solu-
tions, the Google Dataset Search [7] is a tool enabling a keyword-based
search over published annotation of web datasets, which are extracted
and reconciled with a Knowledge Graph to identify replicated sources.
On the other hand, TRSS [8] proposes a semantic matching between
keywords and tables, where both are represented in a semantic space,
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enabling their similarity evaluation. A second group of approaches is
based on Dataset-search: the search starts from a given dataset, which
can be provided by the user or be the result of a previous analysis task.
In this way, source integration and source discovery are addressed in
a combined way, following the idea to find datasets that are similar
to the query dataset and that can be integrated in some way. Most
approaches in this group can be categorized into union search and
joinable search, depending on how tables are combined. The former
aims to find and integrate datasets with compatible schemas (e.g., Table
Union Search [18]). Regarding the latter, most approaches are formu-
lated as a domain search problem: given a query domain Q (defining
the set of values of an attribute), find all the domains that are highly
relevant to Q. Examples include JOSIE [4], D3L [9], PEXESO [3], and
the frameworks proposed by Putrama et al. [12] and Santos et al. [10].
With a broader focus, the Auctus framework [11] for data discovery
and augmentation enables several types of queries, including keyword-
based search as well as joinable dataset discovery. Finally, Query-based
search relies on a specific query language and a model, typically a
graph, to discover datasets. For example, in SEDAR [15] the query is
expressed in ontological terms through the OBDA (Ontology Based Data
Access) approach, while the Source Retrieval Query Language (SRQL)
and SPARQL are respectively proposed by Aurum [2] and KGLac [16]
to query an Enterprise Knowledge Graph. Our work falls within this
category, yet adopting a different and original perspective. As a matter
of fact, none of the proposals take analytic cubes into account, whose
characteristic structure requires specialized multidimensional models
and OLAP-based query languages.

2.2. Focus of the approach

Related literature can be broadly categorized into three paradigms:
search-centric approaches focus primarily on dataset retrieval and explo-
ration via keyword or table-based search. Their main goal is to return
standalone, relevant datasets rather than establishing exact relational
intersections between them. On the other hand, join discovery, for
most Dataset-search approaches, are strictly tailored to optimize join
operations. Their architectures are explicitly engineered to find tables
that can be joined with a given input table Q, whose similarity to it is
above a given threshold. Some work focuses on efficiently estimating
the overlap (Jaccard similarity), e.g., D3L [9] through MinHash signa-
tures, but variants are explored [12]. Other work focuses instead on
the estimation of set containment, an asymmetric measure that is less
biased for very large datasets. Examples include Asymmetric MinWise
Hashing (ALSH) [19] and LSH Ensemble [1], which we adopt, that
applies Locality Sensitivity Hashing (LSH). An alternative is Lazo [20],
adopted by [11], which directly estimates the containment through
a cardinality-based approach, thus reducing the computational efforts
in generating the data sketches. Outside of hashing-based methods,
alternative methods for join cardinality estimation struggle to balance
accuracy and efficiency: Machine Learning methods [21] capture com-
plex distributions well but scale poorly and require high training costs,
while traditional solutions inspired by the Selinger model [22] are less
resource-intensive but frequently fail on correlated or skewed data.
Most of this related work focuses on a single join key. While this simplifies
the join discovery process and reduces computational complexity, it
also limits the scope of integration, and fails to address analytical
cube scenarios, where the semantic alignment of two indicators re-
quires considering the complete set of dimensions along which data
is aggregated. In contrast, the approach proposed in the present work
does not impose any limit on the number of join keys that can be
specified. Recent approaches explore the adoption of self-supervised
representation learning to tackle both the multi-key join and the join
key semantic similarity issues [13]. These approaches cannot be applied
in query-based scenarios, due to the lack of a query table.



C. Diamantini et al.

Table 1

Information Systems 142 (2026) 102791

Feature matrix of dataset discovery methods. For metadata, T, C, and S represent Technical/schema-level, Content-

level, and Semantic-level metadata, respectively.

Approach Search Focus Metadata Expl.

Google Dataset Search [7] Keyword Search T,C,S -

TRSS [8] Keyword Search T,C,S -

JOSIE [4] Dataset Join T,C -

D3L [9] Dataset Search, join, union T,C -

Santos et al. [10] Dataset Join T,C -

Auctus [11] Keyword, dataset Search, join (multi) T,C Source-level (snippets)
PEXESO [3] Dataset Join T,C -

Putrama et al. [12] Dataset Search T,C -

PolyJoin [13] Dataset Search, join (multi) T,C -

Constance [14] Keyword, query Search T,C,S Source-level (maps)
SEDAR [15] Keyword, query Search, join (multi) T,C,S Source-level (profiles)
Aurum [2] Keyword, dataset, query Search, path T,C Lake-level (paths)
KGLac [16] keyword, dataset, query Search, path T,C,S Lake-level (paths)
Our Query Search, join (multi) T,C,S Result-level (profile)

2.3. Metadata representation

Metadata representation has evolved from basic structural informa-
tion to complex semantic models. Dataset-search approaches mostly
focus on metadata on technical (i.e. schema-based) aspects and con-
tent, which include technical metadata like field names and types,
probabilistic sketches for efficient similarity or correlation estima-
tion [3,9,10], or data summaries [11]. Beyond these metadata, most
Query-search approaches manage more expressive semantic metadata
in graph-based representation, to support source exploration, search
and join. They include mappings to graph entities, or similarity-based
relations and primary-foreign key candidates [2], and inclusion de-
pendencies [16]. Similarly, our work exploits schema- and content-
level information, e.g., source profiles, along with mappings between
source attributes and a global multidimensional model to address
heterogeneity.

2.4. Explainability

Only a few data discovery systems explicitly support explainability,
with approaches ranging from granular source-level transparency to
structural lake-level navigation. At the source level, Auctus [11] and
Constance [14] offer content snippets, statistical value distributions,
and spatial maps to help users manually verify a dataset’s relevance,
while SEDAR [15] also provides transformation lineage and version
history to explain a dataset’s evolution. Other solutions shift the focus
to lake-level explainability by modeling data relationships. Aurum [2]
records a provenance graph for every query, allowing tracing the
entire discovery path. Similarly, KGLac [16] facilitates exploration by
discovering multi-hop join paths between disparate tables, enabling
users to trace the logical connections across the entire data lake. To the
best of our knowledge, our work is the first to support explainability at
result level, supporting interpretability of results through the estimated
data distribution of alternative solutions.

3. Methodology

Fig. 3 summarizes the overall workflow of the proposed method-
ology. The user submits a declarative analytical query expressed as a
set of desired indicators, aggregation levels of a set of dimensions, and
aggregate conditions on the source content. An example of query in
natural language is*:

Find sources with AQI and VAT indicators aggregated by CITY and DAY,
where at least 10% of data are about cities in the Lazio region.

The approach progressively identifies candidate data sources, esti-
mates the usefulness of alternative joins without executing them, and
finally explains the expected characteristics of each alternative.

The methodology consists of three main phases. (i) Source discov-
ery, where metadata are exploited to reconcile heterogeneous schemas
and efficiently identify combinations of analytic cubes matching the
requested indicators and dimensions. (ii) Join cardinality estimation,
where LSH Ensemble is used to estimate join cardinality and rank alter-
native solutions without materializing joins. (iii) Solution profile esti-
mation, where source profiles are combined to estimate the distribution
of the expected join result, helping analysts understand the character-
istics of each recommendation before performing expensive data inte-
gration operations. The remainder of this section first presents the con-
ceptual metadata model underlying the proposed framework, followed
by a detailed description of the three phases of the methodology.

3.1. Conceptual metadata model

Rather than operating directly on heterogeneous data sources, the
proposed approach models each source through conceptual metadata
describing its content. This representation enables the framework to
reason about schema compatibility, efficiently answer user queries, and
explain the characteristics of candidate joins without executing them.

In the following, a data source .S is modeled as a set of attributes:
S, = {ay,...,a,}. Each attribute q; is associated with a set of values.
We denote by v(q;) = {vy,...,v,,} the multiset of values of the attribute
a;. Examples of data sources, their attributes and associated values are
provided in Fig. 1. We hasten to note that, although for the sake of
simplicity throughout the paper we refer to tabular data, the proposed
approach can be applied to semi-structured data as well (e.g., JSON
documents) following, for instance, the approach in [23].

Since the paper focuses on analytic cubes, the conceptual metadata
model relies on three key concepts: (i) dimensions and indicators,
which describe the multidimensional semantics of data sources; (ii)
mappings between source attributes and multidimensional concepts;
(iii) source profiles, which summarize the distribution of dimensional
values across hierarchy levels. These concepts constitute the foundation
for the query-driven join discovery algorithms presented in the next
subsections, and are defined below.

3.1.1. Multidimensional representation

An analytic cube organizes data through dimensions and quantita-
tive indicators. Dimensions define the perspectives of analysis and are
organized into hierarchical levels, while indicators represent measures
aggregated at a given level of granularity. The following formalization
introduces these concepts. In the multidimensional model, a dimension

2 We will provide the formal model of a query later on.
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Fig. 3. An overview of the proposed methodology.

of analysis D, is defined as a set D; = {LID’, . L,Z;" }, of (dimension)
levels L”". For the sake of simplicity, we will drop superscript D; when
the dimension of the level is clear from the context.

In the following, we will denote by D the set of possible dimensions.
Levels of D; are organized in a hierarchy through a partial order relation
<; defined over D,.? For instance, CITY and REGION may be levels of a
geographical dimension GEO, with CITY <; REGION. The partial order
is also typically called roll-up relation. Each level L; € D is associated to
a set of elements called members, denoted by 6(L;) = {mlL’ S ,anj }. In
the following, we will refer to m,, instead of m,’, whenever the level
is clear from the context. In other terms, the set of members defines
the domain of a level attribute (e.g., Firenze and Siena are members of
the CITY level). A relation between members of two levels connected
by a roll-up relation is also defined, called partOf. For instance, we can
state that both cities Firenze and Siena are part of the Tuscany region.
More formally, given a dimension D € D, levels L;, L; € D such that
Ly <p Ly, partOf g ;. = {{my, my)lm, € 6(L;),my € (L)), L; <y Ly} €
o(L;) X 6(L;).

The partOf relation is binary and non-injective: if L; <; L;, then
each member of L; is in a partOf relation with only one member of L;;
in turn, each member of L; is composed by at least one member of L,.
A graphical illustration is provided in Fig. 4.

An indicator ind; is defined as a quantitative measure aggregated at
different levels of the dimensional hierarchy. For instance, considering
the total number of circulating vehicles as indicator, we may have
(Firenze,5000), (Siena,500), at city level. Assuming Firenze and Siena
as the only members of CITY, this leads a value (Tuscany,5500) at
region level. Averages or other kinds of aggregation functions can be
calculated as well. The set of all indicators will be denoted by T.

Based on this representation, we now define how data source at-
tributes are semantically aligned to multidimensional concepts.

3.1.2. Attribute mapping

In order to provide a unique semantics to data sources, two mapping
functions are defined, for dimensional levels and indicators respec-
tively:

Definition 1 (Mapping Functions). Given the set of dimensions D =
{D,,...,D,}, the set of indicators 7 and a source S, = {a, ..., qa,}, the
following mapping functions are defined:

+ @' : S, - DU UD, is a partial injective function mapping
an attribute g; € Sy toalevel L, € Dy U--UD,;
ind

+ 0" : S, — I is a partial injective function mapping an attribute

a; € S to an indicator ind; € 1.

3 According to the notion of partial order, the relation <, is reflexive,
antisymmetric, and transitive.

Injectivity of the mappings guarantees that there not exist two at-
tributes of the same source mapped to the same level or indicator.
Furthermore, we must ensure that each attribute a; can be mapped to
either a level or an indicator, not both. Hence, the following properties
must hold for mappings:

c 0'®@)=L;=>Aind, € I,0"(a;) = ind,
« 0™ (a) =ind, > A L; € Dy, 0"(a;) = L,

Fig. 4 graphically shows a mapping of attribute /ocation to the level
CITY (red arrow).

When an attribute a; € S, is mapped to a level L; (i.e., »'*(q)) =
L)), then its values v(q;) are aligned to members 6(L;).

In the following we will denote by Sp, = {8k | 3a €S, 0a;) =
L;} the set of sources containing attributes mapped to the level L;, and
by Sing; = 1Sk | 39, € Si- ™ (a;) = ind;} the set of sources containing
attributes mapped to ind;.

We finally introduce lightweight source profile metadata that are
exploited in query answering.

3.1.3. Data source profile

We define the data source profile as a set of attribute profiles, one
for each attribute. We first define the plain profile (or simply profile) of
an attribute g;, which intuitively summarizes the distribution of values
v(a;). We then extend this notion across hierarchy levels through the
concept of aggregated profile.

Definition 2 (Attribute Profile). Given a source .S and an attribute g; €
S, mapping to level L; of the dimension D: w'*(a;) = L?, the profile
item of a; for member m, € 5(LP) is defined as w(my, a;) = (my, y,),
where y, =| {v € v(g;) : v = m,} |. The profile of attribute g, is then
defined as the set of profile items: ¥(a;) = {w(m,, q;), ... ,w(m,,a;), w(L,
a;)}, where the last profile item intuitively collects the number of
values that are not members of le.): vl a) = (L |vg)]| - Z;zl Vp)-
The corresponding set of members {m,...,m,} will be denoted by
dom(¥(a;)).

From the definition, it turns out that ¥(q;) is defined only for
attributes which can be correctly mapped to dimension levels.

Profiles can be rolled up along dimension hierarchies, allowing
queries at different levels of granularity.

Definition 3 (Aggregated Attribute Profile). Given the profile ¥ (q;) =
(w(my, a;), ...,w(m,,a;)} for an attribute a; such that «'**(a;) = le,),
and given a level L? such that L? <; LD, the aggregated profile item of
a; for member m, € 8(L;) is defined as : y/T(mq,al-) = (Mg, ¥,), where:

Ve = z

(my,y,)E¥(a;)

Vp | 3Am, € (L)) A(mpy,my) € partOfL/’LZ

The aggregated profile of attribute a; at level L, is then defined as the
set of aggregated profile items: Tl.(“z‘) = {y'(my,q),....,y"(my, a,)},
m; € 8(L,). :
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Example 3 (Profiles and Aggregated Profiles). Fig. 4 shows an ex-
ample of profile and aggregated profile of attribute location of the
source S,., considering only the rows explicitly shown. As before,
we assume a GEO dimension with levels CITY <; REGION, and
{(Firenze, Tuscany), (Siena,Tuscany)} C partOf c;ry regron- The at-
tribute location maps to the CITY level of the GEO dimension.

3.2. Source discovery

Source discovery is the first phase of the methodology. Starting from
a declarative analytical query, the objective is to identify combinations
of analytic cubes capable of satisfying the requested indicators and
dimensions. To formalize this process, we first define the query model
and the form of the expected result.

Definition 4 (Query). A query is a tuple:
0= (IQ, EQ’ FQ)v
where Iy = {ind,, ... ,ind,,Q}, is a set of indicators, Lo={Ly,... ,L,,,Q}
is a set of levels representing the dimensional schema at which the
result is requested, and 7y = {f},..., f,,} is a set of filters. A dimen-
sional schema is well-formed if the levels belong to distinct dimensions:
VL, L, €Ly, L;#L,,L;€D, AL, €D, = D, #D,.

A filter defines an aggregated condition on the occurrences of a
specific value in a data source. Specifically, a filter is a tuple f, =
(m,,0,n,) where:

*+ m, € 5(L;) is a member of a certain dimensional level L;;
0 is a comparison operator (for example, <, >, or = );
* n, €[0,1].

An evaluation function eval(f,,S,) is designed to evaluate filters
exploiting profiles: if the filter can be correctly applied, then the
function evaluates to the boolean condition

Yp
[v(a,)]
where y, is the value of the member’s profile (m,,y,). Conditions of
applicability are that (1) the source has an attribute g; that is mapped
to a level, L j and either (2) m, is a member of L ; or 3 m, is a member
of a higher level L, > L;. In this case, the corresponding aggregated
profile item is taken for comparison.

0 ny,

Example 4 (Filter). The filter ( Firenze,>,0.1) can be applied to retrieve
sources with an attribute (mapped to the level CITY) that contains
at least 10% of values corresponding to Firenze. Similarly, a filter
(Tuscany, >,0.1) can be applied to the same data source to constrain
the occurrences of cities located in the Tuscany region.

A possible answer to a query Q is a set of data sources that (i) have
the same dimensional schema of Q, (ii) contain the indicators in Z,,
and (iii) satisfy all filters in 7. The following definition provides a
more formal characterization:

Algorithm 1 Source Discovery

Input: 0 = (Iy,Ly.Fp)lp = {indl,...,ind,,Q},llQ =

{Lysees Ly b
Fo={f1sesfep)

Output: Sy = {S;,...,S,}
1s=N2s,
2: for S, € S do
3 for f, € Fp do
4 if not eval(f,, S;) then
5: S=S\{S}
6: break
7: So =18, = {81, ... 8} | §; € (Sjug, NS)i=1,....np)
8: return S;

Definition 5 (Solution to a Query). Given a query Q = (Ip,Lg,Fp),
with I, = {indl,...,ind,,g} and Ly = {L,,...,LmQ}, a set of sources
S ={8,,....S,} is a solution for Q iif VS, € S: () S, € ﬂ;;gl Sy, (if)

S, € Sing,» and (ii) Vf, € FQ,eUal(fv,S'k) = True.

We can have several alternative solutions to a query. The procedure
to identify them is described in Algorithm 1.

First, the set S of data sources mapping to all levels in L, is
identified (line 1), since only data sources matching the dimensional
schema of Q are considered. These sources are then checked against all
filter conditions in 7, (lines 2-6). Finally, the set S, is generated by
considering only combinations of sources in S that collectively provide
all the indicators in Z,. Note that the cardinality of a solution is less
than or equal to the number of indicators in Zy: | S; |= n < ng. The
equality holds when each data source in S; provides a distinct indicator,
while n < n, if at least one data source S, es ; contains more than one
indicator of Z,. At the limit, if a single source contains all the indicators
needed to answer the query » = 1. In the following we provide a brief
analysis of the complexity of the source discovery phase.

Complexity analysis. Let us consider a query Q specifying n, indi-
cators, mg levels and g, filters. Line 1 calculates the intersection of
mg sets. Assuming each includes n s, sources, the cost is O(mg * n 5
The cycle of lines 2-6 executes the eval function (which we assume
to cost O(1)) ng = go times. In line 7, to calculate the sets S,
is enough to consider all ng elements. Finally, the cartesian product
requires O(n’;Q) operations. In total, the cost is O(my * n s, T s *
go +n:Q). Asymptotically, since n 5.0 MQ> 80 K g, the cost is dominated
by O(ng%).

Example 5 (Source Discovery). Suppose that the user wants to analyze
AQI and VAT indicators by CITY and DAY, applying a filter which
requires cities in the Tuscany region to appear in at least 10% of
the values. The Algorithm 1 will first find all the data sources S =
(S5 S Sens Snes Sies Sy} containing attributes mapped to CITY and
DAY. Then, given that only S,,, S, and S,. contain cities of Tuscany
for at least the 10% of the total elements, data sources S,,, S,, and
S,, will be filtered out from S (see Fig. 5). The result So will contain
the combinations S| = {S,,, S,.} and S, = {S,, S,.}, since S.; and S,

cs? cn’
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Sen Ses Ste
Ses o Ste \II}‘.EG[DN(rity) ‘I’}(EGH v (city) q’}rEGloNU”'"“””]
city | day [AQl]| [ city [ day | AQl]|location|timestamp| VAT Marche | 1450 (0.11) Lazio | 1490 (0.09) Tuscany | 5993 (0.22)
- | - . . I . - | Tuscany | 5766 (0.44) Tuscany |5984 (0.36) Umbria | 5795 (0.21)
—_— Emilia-R | 5734 (0.44) Marche | 2992 (0.18) Marche | 2999 (0.11)
— . Q
DAY <;, MONTH CITY <, REGION N
o Snw She Stn
i : T 2 T :
35 : 3 35 ¥ regron (City) Y ppcron (City) ¥ recron (location)
cn ne Ot Piedmont | 2163 (0.21) | [ Trentino-S | 1963 (0.21) Aosta_V | 2908 (0.12)
city [day| AQI || city |day[ AQ | |location fimestamg] VAT Aosta_V | 1070 (0.10)| [Friuli V_G | 1898 (0.20) | | Lombardy | 3792 (0.15)
Lombardy | 932 (0.09) Veneto | 1967 (0.21) Piedmont | 5713 (0.23)
s

7 Tuscany > 0.1

|

SQ = {{Srna Sl‘t‘}y {Sr.97 Str}}

Fig. 5. An example of Source Discovery for the query Q = ({AQI,V AT}, {City, Day}, {(Tuscany, >,0.1)}). For simplicity, aggregated profiles are explicitly shown

with the normalized aggregated values in brackets.

each contain an attribute mapped to the indicator AQI and ;. contains
an attribute mapped to the indicator VAT.

3.3. Join cardinality estimation

Multiple source combinations may satisfy the same query. Executing
every candidate join to assess its usefulness is generally infeasible in
the context of very large repositories. Therefore, we associate each
candidate solution with an estimate of its join cardinality, referred to
in the following as the joinability index (ji), which can be computed
efficiently without materializing the join.

The key observation is that joins are performed on the dimensional
attributes of candidate sources. Since these attributes represent the key
of the sources, the cardinality of the join between two data sources cor-
responds to the number of common combinations of their dimensional
levels, that is, to the cardinality of the intersection of the corresponding
sets. This quantity can be efficiently estimated through set containment,
which measures the fraction of elements of one set that are contained
in another.

Estimating the cardinality of a join involving more than two sources
is considerably more challenging, as it requires estimating the cardi-
nality of the intersection among multiple sets. Rather than attempting
a direct estimation, the proposed approach decomposes the problem
into a sequence of pairwise containment estimations. Specifically, the
sources are processed in ascending order of cardinality. At each it-
eration, the smallest source is selected as the reference,* since the
cardinality of the final join cannot exceed its size. The containment
between this source and each of the remaining sources is then esti-
mated using LSH Ensemble [1], with the minimum estimated value
providing an upper bound on the join cardinality. The same procedure
is recursively applied to the remaining sources, and the final estimate
is obtained as the minimum of the upper bounds computed at each
recursive step.

It is noteworthy that this procedure returns an overestimate of the
cardinality of the join of k sources. To give an example, given S, =
{a,b.c}, S, = {a,b,d,e} and S, = {b,c,d,e}, the estimate turns out to
be 2, while the true cardinality of the join is 1.

The whole procedure is presented in Algorithm 2 where, with
some abuse of notation, we denote by S; the data source restricted
to dimensional attributes, and by |.S;| the number of data items of the
source. The core of the recursive step is a dichotomous search over the
containment threshold z: at each iteration, the function LSH_Ensemble
identifies the sources whose estimated containment with S* is at least ¢
(line 10). If at least one source does not satisfy the threshold, the upper
half of the search interval is discarded (line 11); otherwise, the lower

4 If more than one source exists, one of them is selected arbitrarily.

=z

half is discarded and = becomes a new lower bound for the containment
score (lines 13-14). The search terminates when the interval width
becomes smaller than the precision parameter 4, yielding an estimate z*
of the containment score. As expected, smaller values of 1 provide more
accurate estimates at the expense of longer execution times. Since the
sources are processed in ascending order of cardinality, the cardinality
of the join can only decrease at each recursive step. Therefore, the
upper bound of the search interval is initialized to the containment esti-
mate obtained in the previous recursion (line 7), avoiding unnecessary
search iterations. The dichotomous search strategy was introduced as
an enhancement of a previous version of the algorithm [5], leading to
improved overall computational efficiency.

We provide below a brief analysis of the complexity of the Algo-
rithm.

Complexity analysis. Let us consider an input list of n elements. Lines
1-7 involve initialization and elementary operations, each executing
in constant time with a cost of O(1). Lines 8-14 perform a bounded
number of iterations k, ranging from 1 to log,(1/7), where 7 is a fixed
threshold. For each iteration, LSH Ensemble is executed with sublinear
complexity, leading to overall asymptotic complexity O(»n”), 0 < p < 1.
At line 15, the algorithm computes the minimum of a list of length
n — 1, which requires linear time, O(n). Subsequently, line 16 performs
a constant-time comparison and invokes the algorithm recursively on
a list of decreasing size. The running time T'(n) therefore satisfies the
recurrence T'(n) = O(n”)+ O(n)+T(n—1), T(1) = O(1). Expanding the
recurrence yields T(n) = O(n) + O(n — 1) + - + O(1) = O (X _, k). Since

Yo k= "("; D it follows that asymptotically T(n) = O(n?).

3.4. Solution profile estimation

Cardinality alone does not explain why a candidate join is useful.
To illustrate this, consider the histograms in Fig. 2. It turns out that the
solution generated by joining sources S,, and S,. completely rules out
data on three of the six regions. It is possible that an alternative solution
produces a join of lower cardinality, which however provides a more
balanced distribution of data across regions, making it better suited to
analytical requirements. Therefore, the final phase of the methodology
is devoted to estimating the profile of each candidate solution. Hereby,
we rely on a histogram-based approach assuming independence of the
dimensional attributes, which is a simple yet efficient approach and one
of the most adopted solutions for industrial DBMSs [24]. Accordingly,
the profile of a join can be approximated independently for each
attribute, which allows us to start directly from the attribute profiles
of the participating sources, without executing the join.

Let J =i;_, S, be the join of sources in the solution S =
{S|,...,S,} of the query Q defined over the dimensional schema Lo=
{Ly,.... Ly, ). We denote by ¥/ = {W,...,%} the profile of J,

where TiJ = {(m,y)lm € 6(L)),y > 0} is the profile of the attribute
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Algorithm 2 Join Cardinality Estimation

Input: §; = (Sy,...S,} € Sp. 5" € argming 5, (1S;)).V = [5*], 4 €
[0,1]

Output: Estimated cardinality of the join b_, S;

1: function JoINCARDEST(S;, S*,V, 1)

2: =0

3 if | S; [==1 then

4: return V

5: else

6 first =0

7 last =V [|S¥|

8 while first <= (last — 1) do

9: T = (first + last)/2
10: A= LSH_Ensemble(S*,S; \ {S*},7)
11: if [A| <(|S; | -1) then last =7
12: else
13: first=1
14: =1
15: select S, € argming eg,\s+1(S;])
16: return min(z*|.S*|, JoinCardEst(S; \ {S*}, S, 7[S*|, 4))

Algorithm 3 Profile estimation
Input: £, = {L,,...,LmQ}, S={S,....8,}
Output: ¥’/
vl =g
: foreach L; € £, do
Aj={a€ S |0*@=L;S €S}
M; = ﬂaeA/ dom(¥(a))
for each m, € M; do
Py = {{my,yy) € ¥(a),a € A;}
I(my) = Ininph(yz)
v =w! Ul T0m,))
J_ | mQgJ
= Ui:()lpi
: return ¥’

© ® N AW

—_
(=

corresponding to level L; in J, and the value y represents the number
of occurrences of member m € 6(L;) in J. We estimate y as min,(y;),
where (m,y,) is the profile item for the member m in the source
S, € S. Since dimensional attributes form a key for the data sources,
this value is an upper bound for y. Indeed similar arguments apply
as for the case of joinability index: each occurrence of a member in
the join must correspond to an occurrence of that member in every
participating source. Consequently, its frequency in the join cannot
exceed the minimum frequency across sources.

Note that aggregated profiles of the solution can be easily derived
from ¥/ and presented to the user.

Operationally, the procedure to generate the estimated profile is
described in Algorithm 3. As a first step, for each level L; € L, the
attributes of sources in S that are mapped to L; are identified and stored
in the set A; (line 3). Then, members that are common to all the sources
are stored in the set M f (line 4). For each member m;, in M s the set
of its profile items across all the sources is collected (line 6), and the
minimum value of y, is added to the estimated profile of the level at
hand (lines 7-8). In the following we provide a brief analysis of the
complexity of profile estimation.

Complexity analysis. Let us consider an input list of n sources for a
solution and m, levels in the query. The cycle in lines 2-8 is executed
mg times. In line 3, all attributes in the n sources mapped to L; are
retrieved (at most 1 attribute per source), which requires to iterate over
all sources, i.e., n steps. Using a hash-based intersection algorithm, the
intersection in line 4 can be done in time linear in the sum of the set

sizes, i.e., |A;| * |dom(¥(a))|. Considering an average number n,,, of
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members in the profile of an attribute, the cost is |A;| * n,,,, where
|A;| = n since each source has one attribute mapped to L;. In lines
5-8, there are |M| iterations, where |M]| is the average of the |M;|,
in which all A ; are processed to find the minimum (» times, line 6-7)
and finally a union is performed, for a total of [M| x mgy * (n+ 1)
operations. The total number of operations is therefore T = O(m, * n)+
O(mg * n % gy )+ O(mg * |M| * n). Since mgp and n are much smaller
than |M| and do not grow with |M|, and given that |M| < n, the
cost simplifies to T = O(n,,,,) + O(|M|) = O(n,,.).

artr’

attr

4. Implementation

In this section, we report an implementation of the discussed ap-
proach on top of a Data Lake architecture which includes a Knowledge
Graph featuring a knowledge layer, representing dimensions and indica-
tors of interest according to a reference ontology, and a metadata layer,
including metadata on the sources, and mappings to the knowledge
layer. The knowledge layer provides a representation of the domain
knowledge in terms of definitions of indicators, dimension hierarchies
and dimension members. We refer to KPIOnto® as the ontological
schema, which provides the terminology for the formal definition of
the concepts described in Section 3.1. We refer the interested reader
to [25] for a general description and to [26] for a comparison among
alternative models, including standard RDF Schema vocabularies for
aggregate statistics such as the RDF Data Cube [27]. Similarly, the
metadata layer relies on a graph representation, following the approach
proposed in [23] to uniformly represent attributes of both structured
and semi-structured sources, while the representation of the profiles is
based on the vocabulary proposed in [28]. Mappings between source
attributes and dimensional levels are identified by a semi-automatic
process, as discussed in [5], which relies on the evaluation of the
similarity between attribute values and members of the dimensional
levels, based on an efficient estimation of set containment.

Fig. 6 illustrates an excerpt of the Knowledge Graph related to
dimensions and indicators of Example 2. The schema for a data source
is shown, which includes three attributes: ‘VAT’, ‘timestamp’, and
‘location’. The ‘VAT’ attribute is mapped to the VAT indicator through
the property d1:mapToIndicator, while ‘location’ and ‘timestamp’
are mapped to the CITY and the DAY level (d1:mapTo), respectively.

5. Evaluation

In this section, we illustrate the efficiency and effectiveness of
the proposed methodology. Section 5.1 is dedicated to present an
evaluation on synthetic datasets, allowing to study the role of various
dataset features on performances, and is followed by an evaluation
on real-world datasets in Section 5.2. In Section 5.3 we evaluate the
effectiveness of the proposed approach on the case study introduced in
Section 1. Finally, a conclusive discussion summarizes the main insights
in Section 5.4.

Experiments were carried out on a virtual machine running Ubuntu
22.04, with an 8-core Intel(R) Xeon(R) Gold 6238R CPU and 64 GB of
RAM.®

5.1. Synthetic datasets

In the following, we present some evaluations of the approach on
synthetic datasets. In 5.1.1 an analysis of the computation times of
the source discovery algorithm (Algorithm 1) is presented. In 5.1.2,
the join cardinality estimation algorithm (Algorithm 2) is evaluated
in terms of (i) efficiency, by comparing it to join computation times,

5 http://w3id.org/kpionto.
6 Please note that the specifications of the virtual machine are lower than
those typically used for Data Lake environments.
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Fig. 6. An excerpt of the Knowledge Graph describing the schema for a data source.

and (ii) efficacy, by considering the error between estimated and actual
join cardinalities, while in 5.1.3 we assess the quality of the estimated
rankings.

To support the experiments, we defined a synthetic Knowledge
Graph consisting of a number of 10 indicators and 4 dimensions, each
including 5 levels. For each dimension, partial order relations between
its levels are defined as follows: L, <; L;, L, <; L,, L, <; L3, and
Ly <; Ly. For the generation of members, we set the growing factor to
1 and the initial population to 10. The growth factor determines how
the population size increases from one level to the next in the hierarchy.
As such, the level L, of a dimension will include 10* distinct members,
where k is the level’s index in the hierarchy defined by the partial order
relations. Thus, L, has 10 members, L, has 10> members, and so on.

5.1.1. Source discovery

With reference to Algorithm 1, efficiency is evaluated based on
the time required to identify all combinations of data sources that
can respond to the query. The algorithm operates on source metadata,
specifically on the set S; of sources mapping to level L; and the
set Sy, of sources mapping to the indicator ind;. These two sets are

J
computed only once at the time the source is added to the Data Lake.

Settings. To evaluate the execution time of the algorithm, we consider
the following scenario: (i) all sources contain attributes that map to
all levels in Lo ={Ly... ,LmQ}; (ii) each of the indicators in Iy =
{indy, ... ind, } appears in a data source with a 30% probability;
(iii) no filters are defined (i.e., Fy = #). This scenario describes an
unfavorable condition for the execution of the algorithm. Indeed, from
(i) it turns out that no source can be filtered out (line 1 of Algorithm
1). The same applies for (iii), since filters typically reduce the number
of sources to be considered. If each source contained all n, indicators
in Z,, Algorithm 1 would generate k"¢ combinations, where k is the
number of sources in the Data Lake. To make the experiment more
realistic, we introduced a 30% probability that an indicator belongs
to a source. We think that this value would be considered high in a
real-world context, where this probability is expected to be inversely
proportional to the number of available sources. Algorithm 1 has been
executed 10 times for each pair k and n,, where k € {10,20,50, 100}
and ny € {2,3,4,5).

Results. The average number of combinations returned by the algo-
rithm and the average execution time (in seconds) are reported in Table
2. The results show that execution times, as expected, increase linearly
with the number of combinations identified. It is worth highlighting
that, even under the unfavorable scenario designed for this experiment,
the execution times remain very low and suitable for practical use.

5.1.2. Estimation of the join cardinality

The estimation of join cardinality performed by Algorithm 2 is first
evaluated in terms of efficiency by comparing its computation time to
that of an actual join. Next, we assess its effectiveness by measuring
the error between the estimated and true join cardinalities.

Table 2

Source Discovery algorithm: average and standard deviation of the number
of returned combinations and execution time (seconds). Standard deviation is
not calculable (N/C) when all times fall below the 0.001 s minimum detection
threshold.

k ng Combinations Time [s]
avg std avg std
2 7.2 3.74 <0.001 N/C
10 3 21 13.2 <0.001 N/C
4 99.2 121 <0.001 N/C
5 224 200 <0.001 N/C
2 47 29 <0.001 N/C
20 3 290 129 <0.001 N/C
4 1’687 1’830 0.002 0.002
5 8781 5’077 0.012 0.007
2 251 121 <0.001 N/C
50 3 2'437 462 0.002 N/C
4 41’971 18271 0.048 0.020
5 824’699 337’354 1.134 0.471
2 886 90 <0.001 N/C
100 3 25’481 5’894 0.024 0.006
4 7807995 164’746 0.916 0.197
5 25'312'877 4776’318 35.625 6.749

Settings. Since Algorithm 2 takes a combination of sources as input,
we generated several combinations of synthetic sources by varying the
number of sources (from 2 to 5) as well as the source cardinalities,
resulting in datasets containing 10°, 10°, and 107 rows. For each com-
bination, the first source was generated with 4 attributes, each of which
was mapped to a dimensional level. The values of these attributes
were randomly picked from members of the mapping levels. Then, the
remaining sources in the combination were generated by copying the
first source and replacing a portion of the rows with noise, namely
random values that do not map to the members of the levels. The
noise was introduced because, in a real world scenario, data in a Data
Lake might be sparse and dirty, meaning not all stored data is useful.
Hence, the result is a set of combinations S, = {S),...,S,} of data
sources, where k € {2,3,4,5}, r € {0%, 10%,20%,30%,40%,50%} is the
percentage of noise added to sources, and |S;| € {10°,10°,107},i =
I,...,k. In the generated sources, we included only attributes that
map to levels, as additional attributes do not impact the execution of
Algorithm 2. Indeed, the join among data sources is made only over
dimensional attributes, which define a key for each data source. The
estimation proposed in Algorithm 2 is based on the LSH Ensemble
computed over the concatenation of dimensional levels. Hence, the
number of attributes mapping to dimensional levels also does not
affect the execution time of Algorithm 2. The experiments have been
performed with the parameter 4 = 0.049, which is small enough to
provide a good precision. For each combination of sources, Algorithm
2 and the actual join among sources are executed 10 times.
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Fig. 7. Average and standard deviation (vertical lines) of execution time of the proposed join cardinality estimation algorithm (dotted lines), with respect to the
execution time of the actual join (solid lines). (a) | S; |= 10°, (b) | S; |=10°%, (c) | S; |= 107.

Results. Fig. 7 compares the execution times of the proposed approach
for estimating the join cardinality with those of the actual join compu-
tation used to obtain the true cardinality. Specifically, the figure reports
the average execution times and standard deviations (over 10 runs) as
functions of the number of data sources involved in the join, the source
size, and the percentage of added noise. The differences among the
three graphs highlight that the benefits of using the joinability index
increase with the size of the data sources. In fact, when dealing with
relatively small sources (|Si| = 10°), the time required to compute
the joinability index exceeds the time needed to perform the actual
join. However, as the size of the data sources increases, the proposed
methodology yields a performance gain up to 96%. This occurs because
the LSH Ensemble is computed over fixed-size MinHash signatures,
which makes its execution time independent of dataset size.

Regarding the evaluation of effectiveness, we assessed the quality of
the joinability index using the Mean Absolute Percentage Error (MAPE),
which measures the deviation between the true join cardinalities and
those estimated by the joinability index. The graphs in Fig. 8 show
the average MAPE value over 10 runs and its standard deviation as
a function of the number of sources in each combination S, and the
percentage of added noise. Each figure corresponds to a different source
size. It can be observed that the highest quality results in cardinality
estimation are observed for join involving two datasets. When more
than two data sources are considered, and the level of noise increases,
the accuracy of the joinability index estimation declines.

5.1.3. Ranking comparison

The quality of the estimated ranking of solutions is evaluated by
analyzing its similarity with respect to the ranking based on actual
cardinalities computed after the execution of the join. In case the two
rankings are highly correlated, it suggests that, even if the estimation
lacks high accuracy in absolute terms, the user can still identify the best
combinations based on available information.

10

Settings. The ranking based on estimated cardinality and the ranking
based on actual join cardinalities have been compared through the
Kendall = [29] and Rank Biased Overlap (RBO) [30] metrics. Kendall
7 is a rank correlation coefficient which is based on the number of
concordant and discordant pairs between two rankings. Its value 7 is
in [-1,1] range, where r = 1 indicates a perfect agreement, while
T —1 indicates a strong disagreement, i.e., the two rankings are
completely different. On the other hand, RBO compares two rankings
by giving more importance, thus higher weights, to the first positions.
Its value is in the [0, 1] range, meaning that if the value is near to 1
the two rankings are highly similar. The rankings are derived from
results obtained in 5.1.2, by fixing both the number of sources k in a
combination and number of rows n =| S; | per source. Thus, a ranking
Ry, is the ordered set of 6 combinations S,, each for every percentage
of noise r. For example, the ranking R, ys orders the combinations
of sources So;, = {S1,5:}, Sio, = (53,54}, oo = {55, 86}, Szo0 =
{87, S}, Sugs, = {89, S10}s Sso = {511,512} where each source has 103
TOWS.

Results. Table 3 shows the averages and standard deviations of Kendall
7 and RBO metrics, respectively. From the resulting values, it can be
noted that rankings of combinations with k = 4 or k = 5 are the
best most of the time. This may seem counterintuitive because, on the
contrary, the estimation error (MAPE) increases as k. However, this
is due to the fact that real join cardinalities for pairs of combinations
that are near in the ranking are quite similar. For example, the second
combination Sy, in R,, has a real join cardinality which differs by
10% from that of Sy, . In the same way, the others in the same ranking
differs by a similar percentage from the previous combination, and
for such quantities the joinability index can give the same estimates
of cardinality, thus leading to incorrect estimated rankings. On the
contrary, combinations in rankings for k = 4 or k = 5, have real join
cardinalities that differ from the previous ones in the rankings by 30
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Table 3
Average Kendall r and RBO scores (standard deviations in parentheses).
[, = 10° IS, |= 10° IS, 1= 107
k Kendall = RBO Kendall = RBO Kendall = RBO
2 | 0.85(0.104) | 0.90 (0.087) | 0.93 (0.057) | 0.92 (0.065) | 0.89 (0.064) | 0.92 (0.073)
3 0.92 (0.098) 0.95 (0.058) 0.92 (0.066) 0.92 (0.073) 0.87 (0.124) 0.90 (0.109)
4 0.92 (0.088) 0.94 (0.082) 0.94 (0.063) 0.94 (0.072) 0.97 (0.053) 0.99 (0.028)
5 | 0.96 (0.061) | 0.96 (0.066) | 0.95 (0.058) | 0.98 (0.031) | 0.96 (0.06) | 0.95 (0.076)
to 50 percent. This will result in rankings with more widely spaced Table 4
values, and thus better results. In any case, it can be concluded that Average MAPE (standard deviation in brackets), Kendall z and RBO.
the rankings generated by the approach closely resemble the actual Dataset k MAPE Kendall RBO
rankings. This provides the user with reliable support for assessing the 2 27.61 (29.25) 0.61 0.78
amount of information contained in the resulting combinations. 3 38.31 (30.49) 0.57 0.74
g Eurostat (country, year) 4 47.32 (30.62) 0.61 078
5 55.75 (29.35) 0.69 0.84
5.2. Real-world datasets 5 26.24 (13.82) 0.47 0.84
Eurostat (region, year) 3 19.94 (17.56) 0.33 0.79
In this subsection, we evaluate the effectiveness of the join cardi- 4 2147 (0) N/A N/A
nality estimation and the quality of the rankings for two real-world 2 8.06 (5.30) 0.96 0.99
datasets USITC 3 8.39 (5.63) 0.88 0.97
: 4 7.59 (4.52) 0.79 0.93

5.2.1. Eurostat

In this subsection, we present an evaluation of the joinability index
on real-world datasets from Eurostat.” Two groups of data sources of
varying sizes were selected, each characterized by a different indicator
measured along specific levels. The first group comprises eight sources
(S|, ..., Sg) that store data at the (Country, Year) levels, with sizes rang-
ing from 360 to 3944 (and an average size of 1000.5). The second group
comprises four sources (Sy,...,S),) aggregated at the (Region, Year)
levels, featuring higher cardinalities that range from 2559 to 11 096
(6088.75 on average).

7 https://ec.europa.eu/eurostat/data/database.
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We evaluated join and joinability index for every possible combi-
nation of sources S, with k from 2 to a maximum of 5. Therefore,
>, (i) = 154 combinations of sources S; — Sy and Y}_, (:) =11
combinations of sources Sy — S}, were considered.

Table 4 shows the accuracy of both the join cardinality estimation
and the ranking in terms of MAPE, Kendall = and RBO.

The results demonstrate good estimation accuracy, as indicated by
MAPE. More importantly, the index retains its effectiveness in defining
the ranking of alternatives, particularly for the top-ranked combina-
tions as evidenced by the RBO. The lower values obtained for Kendall’s
7 score are due to the presence of numerous ties within each ranking.
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Overall, the results are consistent with those obtained on the synthetic
datasets.

5.2.2. USITC dataset

The USITC DataWeb® provides public access to the official U.S.
import and export statistics compiled by the U.S. Department of Com-
merce. Datasets can be downloaded for various indicators (e.g., FAS
value, quantity) related to domestic and foreign exports. The available
dimensions include date, country, district, and commodity. Several
data views were extracted through the web tools, covering different
types of exports and a range of years. The experiment included six
sources, each with six columns, and with the number of rows equal to
300000, 270 000, 205 000, 173 000, 103 000, and 73 000, respectively.
Candidate solutions are generated by combining 2, 3, or 4 sources,
resulting in 15, 20 and 15 solutions, respectively.

Fig. 9 shows the average and standard deviation of the true and
the estimated join cardinalities. These are plotted against the size
of the smallest source, a factor that directly affects the precision of
the estimate returned by Algorithm 2. It can be observed that the
estimate obtained using the joinability index closely follows the true
cardinality of the join. As shown in Table 4, the considered ranking
evaluation metrics returns high values. This is especially evident for
RBO, confirming the effectiveness of the proposed methodology in
identifying source combinations that yield the join with the highest
cardinality.

5.3. Case study: evaluation

In this subsection, we present an evaluation of the developed frame-
work, focusing on the case study introduced earlier. As previously
mentioned, the data sources from the two organizations overlap, mak-
ing it particularly interesting to analyze the correlation between AQI
and VAT. This requires identifying data sources containing these two
indicators, measured by city and day. The input query is defined as
0 = ({AQI,V AT}, {CITY,DAY}).

From the case study (see Section 1), the sets of sources including
indicators AQI and VAT are, respectively, S,o; = {Scs Sy Sens Spe}
and Sy ,r ={S,.,S,,}. Algorithm 1 retrieves S, = {S,,...,Sg} where
each S; = { S}, S} is a combination of data sources, such that S; € S,
and S, € Sy .

Based on the joinability index computed by Algorithm 2, the user
can begin to identify the most promising solutions in terms of amount
of information. For instance, the user may select the top three combina-
tions in the ranking, i.e., {S., S}, {SywsSin}> and {S,,,S,.} (Fig. 5).
These three combinations also rank first when considering the actual
join.

However, without additional support, the user does not know the
informative content of the solutions in advance. For example, combi-
nations with the highest estimated cardinalities might not align with

8 https://dataweb.usitc.gov/.
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the user’s interests. From an exploratory perspective, the approximation
of data distribution of the join provided by Algorithm 3 would enable
users to better assess the information potential of the combination.
Consequently, they could not only prioritize which results to target for
real join, but also combine different solutions to enrich the final result.

As an example, let us assume that the user is interested in the north-
ern regions of Italy. Figs. 10, 11, and 12 show, for both geographical
and temporal dimensions, the actual and approximate join distributions
for {S.;, S} {Spws S}, and {S.,.S;.} data combinations. Although
{S,s.S;} is the solution with the highest estimated cardinality, Fig. 10
clearly indicates that the resulting join does not contain any northern
Italian regions. Consequently, the user is likely to discard this solution.
In contrast, the estimated data distribution of {S,,,S,,} (Fig. 11)
only concerns northern regions, and since it is ranked second in the
estimated ranking, the user may regard it as a promising solution.
The third combination in the estimated ranking, {S,,,S,.}, contains
substantial data on the Emilia-Romagna region (Fig. 12), making it
potentially interesting. Additionally, the user might also consider to
combine different solutions in order to enrich the result or to com-
pensate for missing values. For example, temporal data distribution
of {S,,.S;,} shows less data on January, April, May and September,
while that of {S,,,S,.} appears to have more data on these months.
Combinations {S,,,,S;,} and {S.,.S,.} could be unified to fill these
gaps and to enrich the final results.

5.4. Discussion

Estimating joinability across multiple multidimensional data sources
inevitably involves trade-offs between computational efficiency, esti-
mation accuracy, and practical usability. The approach addresses these
challenges by leveraging fixed-size MinHash signatures, ensuring that
computation time remains constant regardless of dataset size and mak-
ing it scalable to large and complex datasets. The use of LSH Ensemble
makes the method particularly efficient for larger tables, offering a
computationally convenient alternative to directly performing full joins
on large datasets.

Nonetheless, certain limitations emerge as the number of data
sources increases or as data noise intensifies. Under these conditions,
the accuracy of the joinability index tends to decrease, as reflected
in a higher MAPE. These deviations originate from both the intrinsic
approximation error of the LSH Ensemble and the discretization pa-
rameter (4) in Algorithm 2, which governs the resolution of threshold
selection. Despite these sources of error, the method is still able to
effectively rank candidate solutions, in particular for the top position
(RBO ranges from 0.74 to 0.99 for real-world experiments). Ranking
performance is strongest when solutions have well-separated estimated
join scores (synthetic and USITC) and weaker when estimates are very
similar (e.g., in the Eurostat dataset). In practice, solutions with similar
join estimates are often functionally interchangeable, mitigating the
practical impact of reduced ranking precision. Users can further exploit
profiles or metadata to inform final selection among closely ranked
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alternatives. Recent approaches on table integration with noisy data
(e.g., abbreviations, typos, and synonyms) can be exploited to address
these limitations. While our approach focuses on large-scale dataset
discovery, deliberately trading precision for sub-linear performance,
fuzzy methods such as [31] resolve data heterogeneity by utilizing
LLM embeddings and bipartite matching to reconcile variant cell values
into single representative tokens. Such solutions could be paired to our
approach in different ways: (i) at source ingestion time, to clean data
sources, thereby reducing noise in the data and preventing downstream
estimation errors from the start, and (2) after the ranking, to improve
the joinability estimation for the top-k solutions.

A final consideration regards structural stability. Although dimen-
sional schemas of data sources are generally stable over time, schema
drifts require updating the metadata layer and recomputing the
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associated metadata and profiles. In practice, such modifications can
be regarded as the introduction of a new source into the Data Lake.

6. Conclusion

This research addresses a critical challenge in join discovery within
environments characterized by vast, heterogeneous, and often noisy
data sources representing analytic cubes. By leveraging profiles of
data sources, which represent the value distribution, and metadata
at both the schema and content levels, this method enables a more
expressive and efficient exploration of joinable analytic cubes. This
eliminates the need for full join executions during discovery, signif-
icantly reducing computational costs and improving the overall user
experience. One of the major contributions of this work is its emphasis
on explainable analytics. Users are not only provided with a list of



C. Diamantini et al.

joinable datasets but also receive detailed explanations and rankings of
the alternatives based on estimated joinability and estimated profiles.
This helps increasing both precision in discovery and enhanced result
interpretability, allowing analysts to make informed decisions. The
experimental validation demonstrates that this method is efficient,
scalable, and effectively supports decision-making in large-scale data
environments.

The approach opens several promising avenues for future investi-
gations. Profiles can be exploited to evaluate content-based similarity
among data sources, to provide support for related issues, such as join
discovery based on source content, or topic-guided exploration in which
the search can be based also on value distribution and similarity among
sources besides traditional metadata. Other directions of research will
be aimed to further automate, personalize, and streamline the join
discovery process, e.g. through Machine Learning and Large Language
Models (LLM). Machine Learning models, trained on historical join
discovery attempts, metadata similarities, and data distribution, can
predict and recommend the most relevant data sources for a given
query. LLMs and Retrieval-Augmented Generation approaches can en-
able natural language exploration by translating user requests into valid
queries, expanding semantic query with related concepts, and sum-
marizing discovery output to further enhance explanation, metadata
interpretation, and automated documentation.
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