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Abstract. Schema mapping management is an important research area
in data transformation, integration, and cleaning systems. The reasons
for its success can be found in the declarative nature of its building block
(thus enabling clean semantics and easy to use design tools) paired with
the efficiency and modularity in the deployment step. In this chapter
we cover the evolution of schema-mappings through what we identify as
three main ages. We start presenting the foundations of schema mapping
tools and the first tools aimed at translating data from a source to a
target schema in the first, heroic age. We then discuss the silver age,
when schema mapping tools have grown their way into complex systems
and have been translated into both commercial and open-source tools.
Finally, we show how recent results in schema-mapping are stimulating a
third, golden age, with novel research opportunities and a new generation
of systems capable of dealing with a significantly larger class of real-life
applications.
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Introduction

There are many applications that need to exchange, correlate, and integrate heterogenous data sources. These information integration tasks
have long been identified as important problems and unifying theoretical
frameworks have been advocated by database researchers [9].
To solve these problems, a fundamental requirement is that of manipulating mappings among data sources. The application developer is typically
given two schemas – one called the source schema, the other called the
target schema – that can be based on radically different models, technologies, and rules. Mappings, also called schema mappings, are expressions
that specify how an instance of the source repository should be translated
into an instance of the target repository. In order to be useful in practical applications, they should have an executable implementation – for
example, by means of SQL queries for relational data, or XQuery scripts
for XML3 . This latter feature is a key requirement in order to embed the
execution of the mappings in more complex application scenarios, that
is, to make mappings a plug and play component of integration systems.
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Given the importance of XQuery engines in practice, we will treat them as their
relational counterpart, even if the two platforms cannot be compared in terms of
performance.

Traditionally, data transformation has been approached as a manual task
requiring experts to understand the design of the schemas and write
scripts to translate data [40]. As this work is time-consuming and prone
to human errors, mapping generation tools have been created to make
the process more abstract and user-friendly, thus easier to handle for a
larger class of people.
In this paper, we outline a history of the different phases that have characterized the research about automatic tools and techniques for schema
mappings and data exchange.
We identify three different ages, as follows.

The Heroic Age The heroic age of schema-mappings research started
with the seminal papers about the Clio system [35,37]. A first generation
of tools was proposed to support the process of generating complex logical dependencies – typically tuple-generating dependencies [7] – based on
a user-friendly abstraction of the mapping provided by the users. Once
the dependencies are computed, these tools transform them into executable scripts to generate a target solution in a scalable and portable
way.
Early schema-mapping tools proved to be very effective in easing the burden of manually specifying complex transformations, and were successfully transferred, to some extent, into commercial products (e.g., [27]).
However, several years after the development of the initial Clio algorithm,
researchers realized that a more solid theoretical foundation was needed
in order to consolidate practical results obtained on schema mappings
systems. This consideration has motivated a rich body of research about
data exchange that characterizes the next age.

The Silver Age Data exchange [9,15,37] formally studies the semantics
of generating an instance of a target database given a source database, a
set of mappings, and constraints on the target schema. It has formalized
the notion of a data exchange problem [15], and has established a number
of results about its properties.
After the first data exchange studies, it was clear that a key problem in
schema-mappings tools was that of the quality of the solutions. In fact,
there are many possible solutions to a data-exchange problem, and these
may largely differ in terms of size and contents. The notion of the core
of the universal solutions [17] was identified as the “optimal” solution,
since it is the smallest among the solutions that preserve the semantics
of the mapping.
An intermediate generation of tools [32,41] emerged to address the problem of generating solutions of optimal quality, while guaranteeing at the
same time the portability and scalability of the executable scripts. Nevertheless, despite the solid results both in system and theory fields, the
adoption of mapping systems in real-life integration applications, such
as ETL workflows or Enterprise Information Integration (EII), has been
quite slow. This is due to three main factors:
(a) these systems were not able, at first, to handle functional dependencies over the target, which, as it can be easily understood, is a key
requirement in order to obtain solutions of quality;

(b) the results were obtained primarily for relational databases, and did
not extend to nested models and XML;
(c) finally, there was no open-source schema-mapping tool publicly available to the community.

The Golden Age New results [30,13], along with the public availability
of the first open-source mapping tools – like ++Spicy [31] and OpenII
[39]4 – created a promising starting point towards the solution of these
problems and the beginning of a new age for mapping tools.
These works, along with others [1,19,42,34], have given new vitality to
schema-mappings research and suggested new applications, beyond traditional data exchange tasks. An important breakthrough has been the
adoption of the mappings for the data cleaning problem [20]. While the
supported cleaning language is a simple extension of the original constraints used in data exchange, the cleaning problem is much more complex, as updates over the data are needed to find suitable repairs [23,24].
For this new challenging application, the system focus has moved from
the design of the mappings to their execution, as the previous executable
scripts cannot handle the more complex algorithm that computes repairs [25].
In this paper we first expose the basics about schema mappings by presenting the early works of the heroic age in Section 2. Section 3 introduces
the main advancements about data exchange brought forth in the silver
age. Then, in Section 4 we discuss how recent advances can positively impact several data management problems and become the starting point
for a forthcoming golden age. Finally, a conclusion is drawn in Section 5.

2

The Heroic Age: Early Mapping Tools

The first mapping generation tools were created to make the process of
defining transformations among schemas easier and more effective with
respect to manually developed scripts. This first generation of tools includes primarily Clio [21,27,35,37]5 . We may summarize the features of
these early mapping tools as follows.
Value Correspondences The goal of simplifying the mapping specification
was pursued by introducing a GUI that allows users to draw arrows, or
correspondences, between schemas in order to define the desired transformation. Consider the example shown in Figure 1, where data from
multiple sources should be transformed into data for a target schema
with a foreign key constraints between two relations. A correspondence
maps atomic elements of the source schema to elements of the target
schema, independently of the underlying data model or of logical design choices, and can be derived automatically with schema matching
4
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Fig. 1. Schema mapping scenario.

components. Notice that, while correspondences are easy to create and
understand, they are a “poor” language to express the full semantics of
data transformations. For this reason, a schema mapping tool should be
able to interpret the semantics the user wants to express with a set of
correspondences.
Mapping Generation Based on value correspondences, mapping systems
generate logical dependencies to specify the mapping. These dependencies are logical formulas of two forms: tuple-generating dependencies (tgds)
or equality-generating dependencies (egds). There are two classes of constraints. Source-to-target tgds (s-t tgds), i.e., tgds that use source relations in the premise and target relations in the conclusion, are used to
specify which tuples should be present in the target based on the tuples
that appear in the source. In an operational interpretation, they state
how to “translate” data from the source to the target. Target schemas
are also modeled with constraints: target tgds, i.e., tgds that only use
target symbols, are used to specify foreign-key constraints on the target;
while target egds are used to encode functional dependencies, such as
keys, on the target database.
Consider, for example, the mapping scenario in Figure 1. It has three
different source tables: (i) a table about subscribers of a service; (ii) a
table with the email addresses of the people receiving the company mailing list; (iii) a table about clients and their check accounts. The target
schema contains two tables, one about persons, the second about accounts. On these tables, we have two keys: name is a key for the persons,
while number is a key for the accounts. Based on the correspondences
drawn in Figure 1, a Clio-like system would generate the following set of
dependencies:
Source-to-Target Tgds
m1 . ∀n : Subscriber(n) → ∃Y1 , Y2 : Person(n, Y1 , Y2 )
m2 . ∀n, e : MailingList(n, e) → ∃Y1 : Person(n, e, Y1 )
m3 . ∀n, acc : Client(n, acc) → ∃Y1 , Z : (Person(n, Y1 , Z) ∧ Account(Z, acc))
Target Egds
e1 . ∀n, e, a, e0 , a0 : Person(n, e, a) ∧ Person(n, e0 , a0 ) → (e = e0 ) ∧ (a = a0 )
e2 . ∀n, i, i0 : Account(i, n) ∧ Account(i0 , n) → (i = i0 )

Mapping Execution via Scripts To execute the mappings, schema-mapping
systems rely on the traditional chase procedure [15]. The chase is a fixpoint algorithm which tests and enforces implication of data dependencies, such as tgds, in a database. To be more specific, a first-generation
system, after the mappings had been generated, would discard the target
dependencies, and translate the source-to-target ones under the form of
an SQL or XQuery script that implements the chase and can be applied
to a source instance to return a solution.
Notice, in fact, that the chase of a set of s-t tgds on I can be naturally
implemented using SQL. Given a tgd φ(x) → ∃y(ψ(x, y)), in order to
chase it over I we may see φ(x) as a first-order query Qφ with free variables x over the source database. We execute Qφ (I) using SQL in order
to find all vectors of constants that satisfy the premise and we then insert
the appropriate tuple into the target instance to satisfy ψ(x, y). Skolem
functions [37] are typically used to automatically “generate” some fresh
nulls for y.
However, these systems suffer from a major drawback: they did not have
a clear theoretical foundation, and therefore it was not possible to reason
about the quality of the solutions.

3

The Silver Age: Theory to the Rescue

Data exchange was conceived as an attempt to formalize the semantics of
schema mappings. It formalized many aspects of the mapping execution
process, as follows.

3.1

Data Exchange Fundamentals

In a data-exchange setting, the source and target databases are modeled
by having two disjoint and infinite sets of values that populate instances:
a set of constants, const, and a set of labeled nulls, nulls [15]. Labeled
nulls are used to “invent” values according to existential variables in tgd
conclusions. The reference data model is the relational one.
A mapping scenario (also called a data exchange scenario or a schema
mapping) is a quadruple M = (S, T, Σst , Σt ), where S is a source
schema, T is a target schema, Σst is a set of source-to-target tgds, and
Σt is a set of target dependencies that may contain tgds and egds [15].
Given two disjoint schemas, S and T, we denote by the pair hS, Ti the
schema {S1 . . . Sn , T1 . . . Tm }. If I is an instance of S and J is an instance
of T, then the pair hI, Ji is an instance of hS, Ti.A target instance J is
a solution [15] of M and a source instance I iff hI, Ji |= Σst ∪ Σt , i.e.,
I and J together satisfy the dependencies. Given a mapping scenario
M = (S, T, Σst , Σt ), a pre-solution for M and a source instance I is a
solution over I for scenario Mst = (S, T, Σst ), obtained from M by removing target constraints. In essence, a pre-solution is a solution for the
s-t tgds only, and it does not necessarily enforce the target constraints.
Given the source data in Figure 2.a, the canonical pre-solution is reported in Figure 2.b. A mapping scenario may have multiple solutions
on a given source instance: each tgd only states an inclusion constraint

b. Canonical Pre-Solution
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Fig. 2. Source instance (a) and three possible solutions (b-d).

and does not fully determine the content of the target. Among the possible solutions we restrict our attention to universal solutions, which only
contain information from I and Σst ∪ Σt . Universal solutions have a
crucial property: they have a homomorphism (i.e., a constant-preserving
mapping of values) into all the solutions for a data exchange problem.
Intuitively, this guarantees that the solution does not contain any arbitrary information that does not follow from the source instance and the
mappings.
Under a condition of weak acyclicity of the target tgds, an universal
solution for a mapping scenario and a source instance can be computed
in polynomial time by resorting to the classical chase procedure [15]. A
solution generated by the chase is called a canonical solution. In light of
this, we may say that early mapping systems were restricted to generate
canonical pre-solutions, since they chased s-t tgds only.

3.2

Tools of the Intermediate Generation

Once the theory of data-exchange had become more mature, it was clear
that producing solutions of quality was a critical requirement. The notion
of a core solution [17] was formalized as the “optimal” solution, since it
is universal, and among the universal solutions is the one of the smallest
size. In our example, the core solution is the one reported in Figure 2.d.
Sophisticated algorithms were developed [17,26] to post-process a canonical solution generated by a schema-mapping tool, and minimize it to find
its core [36]. These tools have the merit of being very general, but fail
to be scalable: even though the algorithms are polynomial, their implementation requires to couple complex recursive computations with SQL
to access the database, and therefore hardly scale to large databases. In

fact, empirical results show that they are hardly usable in practice due
to unacceptable execution times for medium size databases [32].
It was therefore clear that, in order to preserve the effectiveness and
generality of mapping tools, reasoning about the mapping was necessary.
First, a number of approaches were proposed to optimize schema mappings in order to improve the efficiency of their execution and manipulation in real-world applications. In fact, schema mappings may present
redundancy in their expressions, due for example to the presence of unnecessary atoms or unrelated variables, thus negatively affecting the data
management process [16,36]. Following efforts have aimed at optimizing
such dependencies by identifying two kinds of equivalence aside from
standard logical equivalence: the relaxed notions of data-exchange (DE)
equivalence and conjunctive-query (CQ) equivalence [16]. DE and CQ
equivalences coincide with logical equivalence when the mapping scenario is made only of s-t tgds (i.e., Σ = Σst ), but differ on richer classes
of equivalences, such as second-order tgds, and scenarios with both Σst
and Σt .
A different approach to the generation of core solutions was undertaken
in [32,41]. In these proposals, scalability is a primary concern. Given a
mapping scenario composed of source-to-target tgds (s-t tgds), the goal
is to rewrite the tgds in order to generate a runtime script, for example in
SQL, that, on input instances, materializes core solutions. This is a key
requirement in order to embed the execution of the mappings in more
complex application scenarios, that is, in order to make data-exchange
techniques a real “plug and play” feature of integration applications.
+Spicy [32] is an example of mapping tool of this generation. These
works exploit the use of negation in the premise of the s-t tgds to rewrite
them intercepting possible redundancy. Consider again our running example; algorithms for SQL core-generation would rewrite m1 to make
sure that no redundant data are copied to the target from the relation
Subscriber :
m01 . Subscriber(n) ∧ ¬(MailingList(n, E))∧
¬(Client(n, A)) → Person(n, Y1 , Y2 )
Experiments [32] show that, in the computation of the core solution,
with executable scripts there is a gain in efficiency of orders of magnitude
with respect to the post-processing algorithms. This is not surprising, as
these mapping rewriting approaches preserve the possibility to execute
transformations in standard SQL, with the guarantee of scalability to
large databases and of portability to existing applications.
However, these tools still have some serious limitations, that prevent their
adoption in real-life scenarios. We may summarize these limitations as
follows.
(a) They have limited support for target constraints. Handling target
constraints – i.e., keys and foreign keys, represented by egds and target tgds [15], respectively – is a crucial requirement in many mapping
applications. Notice that foreign-key constraints were at the core of the
original schema-mapping algorithms, and, under appropriate hypothesis, can always be rewritten as part of the source-to-target tgds [16].
Unfortunately this is not the case for target edgs.

Consider again the running example; the best a tool from this generation
can obtain with executable scripts is the core pre-solution reported in
Figure 2.c, where the redundancy coming from the source-to-target tgds
has been removed, but the solution lacks the enforcement of the target
key constraints.
(b) They are limited to relational scenarios, and cannot handle XML or
nested datasets. This is a consequence of the fact that data-exchange
research has primarily concentrated on the relational setting, and for a
long time no notion of data exchange for more complex models was available. In a way, this is a setback with respect to the early systems, which
had supported nested relations since the beginning with a pragmatical
approach. In fact, they were able to produce results for XML setting,
but without the precise definition of quality that core solutions provide.
It is interesting to note that benchmarks for mapping systems have been
proposed [2,6]. However, tools of the intermediate generation cannot be
fully evaluated using such benchmarks – for example in order to compare
the quality of their solutions – since several scenarios in the benchmarks
refer to nested structures, and these systems are not capable to generate
core solutions for a nested data model.

4

Time for a Golden Age: Data Cleaning

Recent results have faced these problems and paved the way towards
the emergence of a fully-fledged new-generation of schema-mapping and
data-exchange tools.
An important aspect is the extension to nested relations and XML.
The theoretical properties of data exchange in a general XML setting
have been recently studied [4,13,3], and, due to the generality, have been
shown to exhibit several negative properties. However, important results
were established for the fragment of XML data exchange in which the
data model is restricted to correspond to nested relations [38]. A very
important result was reported in [13]: the authors show that the generation of universal solutions for a nested scenario can be reduced to the
generation of solutions for a traditional, relational scenario, even in the
presence of target constraints. The authors also provide an algorithm to
perform the reduction.
A second important advancement is related to the management of functional dependencies over the target. Although it is not always possible, in
general, to enforce a set of egds using a first-order language as SQL, it has
been proposed a best-effort algorithm that rewrites the above mapping
into a new set of s-t tgds that directly generate the target tuples that are
produced by chasing the original tgds first and then the egds [30,31]. As
egds merge and remove tuples from the pre-solution, to correctly simulate their effect the algorithm puts together different s-t tgds and uses
negation to avoid the generation of unneeded tuples in the result. It has
been recently shown how rewriting the subclass of egds defined by Functional Dependencies (FDs) can also lead to significant reductions of the
execution times in the solution computation [11].

The ability to handle functional dependencies paves the way to the application of schema mappings for Data-fusion. Consider again the example
in Figure 1 and its tgds. It can be considered as a typical data-fusion scenario, in which it is required to merge together data from three different
source databases into a common target. However, by using the s-t tgds
only, the best we can achieve is to generate a core pre-solution, as shown
in Figure 2.c. This solution can be generated efficiently, but it violates
the required key constraints and suffers from an unwanted entity fragmentation effect: information about the same entities (e.g., Abi, Perry,
or the account number 001/25 ) is spread across several tuples, each of
which gives a partial representation of the entity. If we take into account
the usual dimensions of data quality [10], it is clear that such an instance
must be considered of low quality in terms of compactness (or minimality). Based on these requirements, it is natural to desire the generation
of a solution as the one shown in Figure 2.d, where the null values are
complemented by constants [10]. Such optimal solution can be materialized by chasing the dependencies above with a post-processing step to
minimize the pre-solution, but in practice there are orders of magnitude
between the execution time needed to compute the pre-solution and the
one needed to achieve the optimal one (e.g., seconds vs hours for the
same database) [32].
As discussed above, there is a large class of cases where the best-effort
algorithm is able to rewrite the given mapping into a new set of s-t tgds
that enforce the target egds [30]. However, these algorithms handle the
traditional data-exchange case: when two constant values conflict in the
conclusion of an egd, the chase fails as there is not valid solution to the
problem. Unfortunately, in practice it is very common to have conflicting
values, and a lot of effort is spent for their removal. The challenge of
cleaning data has motivated a lot of research, and it is very interesting
to see how schema mappings and data exchange principles have proven
to be fundamental tools to attack also this problem, as we discuss next.

4.1

Mapping and Cleaning

Commercial data cleaning systems are based on approaches in which
cleaning actions have to be explicitly specified by users by using transformation operations. They usually focus on data profiling, to identify
data quality issues6 , and record matching, to remove duplicate entities7 ,
by using ad-hoc techniques and rules with special attention for specific
types of data, such as addresses or phone numbers. A principled approach to data cleaning is based on constraints [22,20]. Data repairing
uses declarative constraints, like functional and inclusion dependencies,
to detect and repair inconsistencies in the data.
It is natural to think of data exchange and data repairing as two strongly
interrelated activities. In fact, the source databases are often structured
according to different conventions and rules, and may be dirty. As a
6
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consequence, inconsistencies and errors often arise when the sources are
brought together into a target schema that comes with its own integrity
constraints.
For long time, the database literature has studied these two problems in
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isolation, with the consequence that there was neither a clearSource
semantics,
nor adequate techniques to handle data translation and data repairing in
an integrated fashion. One might expect that pipelining data exchange
algorithms [15] and data repairing algorithms like those in [20] is sufficient. Unfortunately, this is not the case. In fact, it has been shown that
schema mappings and data quality constraints interact in such a way that
simply pipelining the two semantics often does not return solutions [24].
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Fig. 3. A Hospital Mapping and Cleaning Scenario.
Consider the data scenario shown in Figure 3. Several different hospitalrelated data sources must be correlated to one another. The first repository has information about Patients and Surgeries. The second one about
MedTreatments. Our goal is to move data from the source database into
a target database that organizes data in terms of Customers with their
addresses and credit-card numbers, and medical Treatments paid by insurance plans. The mappings are informally specified under the form of
value correspondences in Figure 3.b, that are then translated into a set
of s-t tgds.
Besides deciding how to populate the target to satisfy the mappings
above, users must also deal with the problem of generating instances
that comply with target constraints, as follows.
(i) Functional and Inclusion Dependencies: Traditionally, database architects have specified constraints of two forms: inclusion constraints
and functional dependencies. In our example, we have a foreign-key constraint stating that the SSN attribute in the Treatments table references
the SSN of a customer in Customers. The target database also comes
with a number of functional dependencies: d1 = (SSN, Name → Phone),
d2 = (SSN, Name → CC#) and d3 = (Name, City → SSN) on table
Customers. Here, d1 requires that a customer’s social-security number
(SSN ) and name uniquely determine his or her phone number (Phone).
Similarly for d2 and d3 . Differently for traditional data exchange, there
is no assumption that the target database is empty. In fact, in Figure
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Name
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t1
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SSN

In

3.a we have reported an instance of the target. There, the pair of tuples
{t5 , t6 } violates both d1 and d2 ; the database is thus not consistent wrt
the constraints, i.e., “dirty”.
(ii) Conditional Dependencies: Besides standard functional and inclusion
dependencies, more advanced forms of constraints are often necessary
[20]. Therefore, an expressive data-cleaning tool needs to support a larger
class of data-quality rules. Here we mention conditional functional dependencies and conditional inclusion dependencies. We assume two conditional functional dependencies (CFDs): (i) a CFD d4 = (Insur[Abx]
→ Treat[Dental]) on table Treatments, expressing that insurance company ‘Abx’ only offers dental treatments (‘Dental’ ). Tuple t8 violates d4 ,
adding more dirtiness to the target database. (ii) In addition, we also
have an inter-table CFD d5 between Treatments and Customers, stating
that the insurance company ‘Abx’ only accepts customers who reside in
San Francisco (‘SF’ ). Tuple pairs {t4 , t7 } and tuples {t4 , t8 } violate this
constraint.
(iii) Master Data and Editing Rules: Finally, as it is common in corporate
information systems, an additional master-data table is available; this
table contains highly-curated records whose values have high accuracy
and are assumed to be clean. We also consider an additional editing rule,
d6 , stating that whenever a tuple t in Customers agrees on the SSN and
Phone attributes with some master-data tuple tm in Hospitals MD, then
the tuple t must take its Name and City attribute values from tm , i.e.,
t[Name, City] = tm [Name, City]. Tuple t5 does not adhere to this rule
as it has a missing city value (NULL) instead of ‘SF’ as provided by the
master-data tuple tm .
As in traditional data exchange, the example requires to map different source databases into a given target, but assumes that the target
database may be non-empty, and that the sources and the target instances may generate inconsistencies when the mappings are executed.
Given the source and the target instances, the goal is to generate a target
instance that satisfies the mappings and the target constraints.
Interestingly, the data cleaning constraints listed above can be all expressed with a specific form of egds. More specifically, besides relation
atoms, this form considers equation atoms of the form t1 = t2 , where
t1 , t2 are either constants in const or variables, and allows for both
source and target atoms in the premise. Examples of translation to egds
for the constraints in our running example are expressed as follows:
d01 . Customers(s, n, p, c, k), Customers(s, n, p0 , c0 , cc0 ) → p = p0
d04 . Treatments(s, a, i = ‘Abx’ , t, d) → t = ‘Dental’
d06 . Customers(ssn, n, p, c, k), HospMD(s, n0 , p, c0 ) → n = n0
d006 . Customers(ssn, n, p, c, k), HospMD(s, n0 , p, c0 ) → c = c0
A new unified semantics has been proposed to handle this kind of constraints, together with source-to-target and target tgds [24]. The semantics is a conservative extension of the one of data exchange and incorporates many of the features found in data-repairing algorithms. The new
semantics not only preserves the fundamental concepts of data exchange,
such as the preference relationship among alternative solutions [29], but

also naturally extends the chase procedure to define an algorithms that
produces solutions for the new setting. As expected from the negative
result on the enforcing of target “classic” egds, executable scripts, such
as SQL, cannot express the full recursive power that is needed to solve
data cleaning scenarios. This challenge has motivated new recent work
on chase engines, with experimental results that show scalability in the
computation of solution for mapping scenarios with millions of tuples [8].

4.2

More applications: ETL

We now briefly discuss an example of a novel applications for the recent
advancements in mapping systems.
The most widely used systems in data warehousing environments to express data transformations as a composition of operators in a procedural
fashion are known as ETL tools. Operators vary from simple data mappings between tables to more complex manipulations, such as joins, splits
of data, and merging of data from different sources. Usually, these tools
are used by developers that want to achieve an efficient implementation
of a data exchange task. The superior diffusion of ETL systems compared
to mapping systems is due to their richer semantics, which allow them
to express more operations [14], and to the declarative nature of schema
mapping tools that can become a limit with complex transformations
where many intermediate steps to manipulate data are needed [33]. For
this reason, it became important to study scenarios where flows of mappings, defined using simple intermediate results, are preferable to a single,
monolithic mapping with a large number of complex s-t tgds. Preliminary results fill part of this gap by introducing several novel features that
allow the possibility to manipulate flows of mappings. This is done by enabling their composition in sequences over intermediate results [18], the
ability to invert mappings [5] and to mix data and metadata in them [28],
the automatic combination of “parallel” mappings [1], and the reuse of
transformations defined in similar settings as components [42]. Moreover,
the new results discussed above enable not only to enforce functional dependencies in the target with schema mappings only [30], but also to pair
mapping and cleaning specification to ultimately obtain better quality
in the solutions [24].
We can give the intuition of how the expression of data exchange scenarios by mapping tools is preferable to ETL systems in terms of easiness
of use by comparing a very simple scenario implemented with the two
paradigms. Consider the source schema with relations Students(name,

Fig. 4. A simple ETL graph.
birthdate, course, program) and Emps(name, dept, role), and the target

schema Master(id, name, birthdate). The desired transformation joins
employees and students in order to create a new database where supervisors with a master of science are assigned a new id. The scenario is
informally depicted as an ETL transformation in Figure 4 to show how
many small procedural steps are needed in order to generate the desired target instance with an ETL approach, while in a mapping system,
given the two schemas, only two lines in a GUI and two manually entered
strings are required for it, as exemplified by the following s-t tgd:
ma . Students(n1 , b1 , c1 , p1 ) ∧ Emps(n1 , d1 , r1 )
∧(p1 = ‘Msc’) ∧ (r1 = ‘S’) → Master(Ii , n1 , b1 )
While, in general, ETL tools are more sophisticated than schema-mapping
ones and can handle a larger class of problems, in some cases schema
mappings may provide a more abstract, less labor-intensive way of specifying portions of the transformation. Something very similar also happens for other comparable formalisms (like, for example, graphical editors
for complex languages as XQuery or XSLT). This does not mean that
schema mappings may replace these alternative formalisms, but certainly
opens up a number of opportunities to merge these different approaches.

5

Conclusions

Schema mapping management has become an important research area in
data transformation, exchange and integration systems. From the early
data translation prototypes, important results have been consolidated,
but, despite the good results, the adoption of mapping systems in real-life
integration applications has been quite slow. We have shown how emerging trends are overcoming the limits of the initial proposal and are going
to encourage the developing of more systems based on schema mappings.
On one side, novel theoretical results are paving the way to the creation
of innovative applications for real world problems. On the other side,
a new generation of tools for the creation and optimization of schema
mappings are widening the opportunities offered by such technology.
As we discussed in the previous section, we believe that there are quite a
lot of interesting research opportunities in this area. Notable examples of
the new generation of tools are ++Spicy [31] and Llunatic [25]. These
tools can deal with different data management tasks, including data fusion, data cleaning and ETL scenarios, which represent very promising
areas of application of the latest schema-mappings and data-exchange
techniques.
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