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Overview

Approaches to data integration
Centralized, virtual data integration

Providing a unified and transparent view over a collection of
heterogeneous sources
Use mappings between the sources to do querying
No explicit copying of data out of sources
We will only cover this here...

Data warehousing
Data copied into a centralized system, and made to conform
to a schema

P2P data integration
Significantly more decentralized

Very nice tutorials at: DEIS’10
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Key Challenges

Source: Tutorial by M. Lenzerini
Data extraction, cleaning, and reconciliation
How to model and specify the global schema

Relational, XML, Graph, or RDF, etc.

How to discover and specifying the mappings between
sources and global schema
How to answer queries against global schema
Limitations in mechanisms for accessing sources
Query optimization

Amol Deshpande CMSC724: Data Integration
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Outline
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Example

1 Source 1: Used cars for sale. 
Accepts as input a category or model of car, and optionally a price range and a year range. 
For each car that satisfies the conditions, gives model, year, price, and seller contact information. 
Source 2: Luxury cars for sale. All cars in this database are priced above $20,000 

1 Accepts as input a category of car and an optional price range. I 
For each car that satisfies the conditions, gives model, year, price, and seller contact information. 
Source 3: Vintage cars for sale (cars manufactured before 1950). 
Accepts as input a model and an optional year range. 
Gives model, year, price, and seller contact information for qualifying cars. 
Source 4: Motorcycles for sale. 
Accepts as input a model and an optional price range. 
Gives model, year, price, and seller contact information. 
Source 5: Car reviews database. Contains reviews for cars manufactured after 1990. 
Accepts as input a model and a year. 
Outnut is a car review for that model and vear. 

Figure 1: Example information sources. 

3 has information only on cars manufactured before 
1950. We are left with sources 1, 2, and 5 and two 
possible plans to answer Q: 

1. 

2. 

Ask Source 1 for the models and prices of all 
sportscars manufactured after 1992. For each 
model, obtain a review from the Source 5. 

Ask Source 2 for the models, years, and prices of 
sportscars. From the (Model, Year, Price) tuples 
that result, select only those where Year 1 1992. 
For each model in the selected tuples, obtain a 
review from Source 5. 

Notice that in plan 1 we took advantage of the capabil- 
ity of Source 1 to select a specified year range, whereas 
in plan 2 we had to do the selection ourselves because 
Source 2 cannot do it for us. Also note that the out- 
puts of Sources 1 and 2 are enough to satisfy the inputs 
requirements of Source 5 (i.e., the year and model of 
the car). For example, if Source 5 would also require 
more specific information about the car (e.g., number 
of doors, engine type) in order to return a review, we 
would not be able to combine information from these 
three sources. It is possible to verify that these are the 
only two query plans to answer Q using these informa- 
tion sources. The answer to Q is the union of the sets 
of tuples produced by executing these two plans. 0 

One of the key difficulties in providing access to 
a large collection of information sources is that sev- 
eral sources store interrelated data, and any query- 
answering system must understand and exploit the 
relationships between their contents. In particular, 
since the number of sources is very large, we must 
have enough information about the sources that en- 
ables us to prune the sources accessed in answering a 

specific query, and we must have effective techniques 
for pruning sources. Second, many sources are not 
full-featured database systems and can answer only 
a small set of queries over their data (for example, 
forms on the WWW restrict the set of queries one can 
ask). Moreover, most sources contain incomplete in- 
formation. For example, there are several information 
sources advertising cars for sale. No single source con- 
tains information on all cars for sale. 

We describe the Information Manifold (IM), a fully 
implemented system that provides uniform access to a 
heterogeneous collection of more than 100 information 
sources on the WWW. IM tackles the above problems 
by providing a mechanism to describe declaratively the 
contents and query capabilities of available informa- 
tion sources. There is a clean separation between the 
declarative source description and the actual details 
of interacting with an information source. The system 
uses the source descriptions to prune efficiently the set 
of information sources for a given query and to gener- 
ate executable query plans. Specifically, we make the 
following contributions. First, we present a practical 
mechanism to describe declaratively the contents and 
query capabilities of information sources. In particu- 
lar, the contents of the sources are described as queries 
over a set of relations and classes. Consequently, it is 
possible to model the fine-grained distinctions between 
the contents of different sources, and it is easy to add 
and delete sources. Modeling the query capabilities of 
information sources is crucial in order to interact with 
many existing sources. Second, we describe an efficient 
algorithm that uses the source descriptions to create 
query plans that can access several information sources 
to answer a query. The algorithm prunes the sources 
that are accessed to answer the query, and considers 
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Example

the capabilities of the different sources. Finally, we de- 
scribe experiments that show that our query planning 
algorithm will scale up as the number of information 
sources increases. The experiments show the perfor- 
mance of our query planning algorithm using 100 in- 
formation sources. 

There are several important issues in building a sys- 
tem that provides a uniform interface to multiple in- 
formation sources, that are not discussed here. One 
important issue is that of deciding that two constants 
in two different information sources refer to the same 
object in the world (e.g., the same person appearing in 
two different information sources). Briefly, our imple- 
mentation tries first to find unique identifiers for each 
constant (e.g., social security number of a person). 
When it cannot find such identifiers it uses heuristic 
correspondence functions as in the Remote-Exchange 
system [FHM94]. It should also be noted that the goal 
of Information Manifold is to provide only a query in- 
terface, and not update or transaction facilities. As a 
consequence, we do not address issues such as consis- 
tency and transaction processing which are addressed 
by research on multidatabase systems. 

2 Data Model 
We use the relational model, augmented with certain 
object-oriented features that are useful for describ- 
ing and reasoning about the contents of information 
sources. The data model includes (1) relations of any 
arity, (2) classes and a class hierarchy. There is a par- 
tial order < such that C 4 D whenever class C is a 
subclass of class D, and (3) a set of attributes associ- 
ated with each class. A class also inherits attributes 
from its superclasses. Attributes may be single-valued 
or multi-valued. 

Relations contain tuples while classes contain ob- 
jects. Each object has a unique identifier. The at- 
tribute values of a relation or a class can be either 
atomic values (strings or integers) or object identifiers. 
An object may belong to more than one class (even if 
the classes are not related via 4). It is possible to de- 
clare a pair of classes to be disjoint, meaning that no 
object can belong to both classes. 

In order to be able to treat relations and classes uni- 
formly, we associate a unary relation with each class 
and a binary relation with each attribute. The con- 
tents of these relations are as follows (we use the same 
name for the class and its associated relation): 

l For class C, (X) E C whenever 2: is the identifier 
of an object o and C is one of the classes of o. 

l For attribute A on class C, (X, Y) E A whenever 
(X) E C and x.A = y (y is called the A-$ller of 
X). 

For single-valued attributes we often use A(z) to 
denote the only value for which A(x, y) can hold. In 
order that these relations fully capture the semantics 
of the class hierarchy, our model includes certain in- 
tegrity constraints. These constraints take the form 
of inclusion dependencies and functional dependencies. 
In particular: 

l Whenever C 4 D when C and D are viewed 
as classes, the inclusion dependency C c D holds 
when C and D are viewed as relations. 

l For each auxiliary relation A(X,Y) correspond- 
ing to a single-valued attribute A, we have the 
functional dependency A : X + Y. 

l For each pair of disjoint classes C and D, Cfl D = 
0 holds when C and D are viewed as relations. 

Table 1 shows the classes and attributes we use 
throughout the paper. 
The World View: In the Information Manifold, the 
user poses queries in terms of a world view which is 
a collection of virtual relations and classes. Thus, the 
world view is like a schema. We use the term world 
view instead of schema to emphasize the fact that no 
data is actually stored in the relations and classes of 
the world view.’ It serves as the schema against which 
the user poses queries (thereby freeing the user from 
having to interact with each source schema individ- 
ually), -and it is used to describe the contents of the 
information sources. 

Example 2.1 The world view we use throughout this 
paper consists of the classes in Table 1 (all the at- 
tributes of which are single-valued) and the relation 
ProductReview(Mode1, Year, Review). 0 

In this paper, a query is a conjunctive query over 
the world-view relations and the built-in predicates <, 
5. We require the queries to be range-restricted. 

Example 2.2 The following query asks for models, 
prices, and reviews of sportscars for sale that were 
manufactured no earlier than 1992 (query & of Ex- 
ample 1.1): 

d%P, r> + CarForSale(c), Category(c, sportscar), 

Year(c, y), y > 1992, Price(c,p), 
Model(c, m), ProductReview(m, y, r) 

q 

1 However we do not mean to imply that the world view is a 
schema for all domains. 
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Option 1:
Ask Source 1 for models and prices of all sportscars
manufactured after 1992.
For each model, get a review from Source 5

Option 2:
Ask Source 2 for models, year, prices.
Select where year ≥ 1992
For each model, get a review from Source 5

Amol Deshpande CMSC724: Data Integration
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Overview

Challenges:
How to maintain the information about sources
How to incorporate constraints on queries that can be
asked

Information Manifold System
Declaratively specify contest and query capabilities of the
sources
Efficient algorithm that uses source descriptions to create
query plans
No attempt to solve entity resolution problem
Relational model

Amol Deshpande CMSC724: Data Integration
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Describing Information Sources

Contents:
Would prefer not to change the “world view” (global
schema) when new source added
Descriptions should be “tight” (describe the source at a
fine-grained level)
Solution: LAV

Capabilities:
Sin: minimal set of parameters that must be specified
Sout : parameters that can be returned by the source
Ssel : selections that can be applied
Only one capability record assigned to a source

In general, there could be more (later work)

Amol Deshpande CMSC724: Data Integration
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Describing Information Sources

Source 1: Used cars for sale. . 
Contents: VI(~) C_ CurForSale(c), UsedCar 
Capabilities: ({Model(c), Category(c)}, {Model(c), Category(c), Year(c), Price(c), SellerCodact(c)}, 
{Year(c), Price(c)}, 1,4) 
Source 2: Luxury cars for sale. All cars in this database are priced above $20,000 
Contents: Vz(c) E CurForSule(c), Price(c,p), p 2 20000 
Capabilities: ({Category(c)}, {Model(c), Category(c), Year(c), Price(c), SellerContact(c 
{Price(c)}, 1,3) 
Source 3: Vintage cars for sale (cars manufactured before 1950). 
Contents: h(c) E CarForSule(c), Yeur(c, y), y s 1950 
Capabilities: ({Model(c)}, {Model(c), Calegory(c), Year(c), Price(c), SellerContact(c 
{ Year(c)), 1 j 2) 
Source 4: Motorcycles for sale. 
Contents: V~(C) c Motorcycle(c) 
Capabilities: ({Model(c)}, {Model(c), Year(c), Price(c), SellerContact(c {Price(c)}, 1,2) 
Source 5: Car reviews database. Contains reviews for cars manufactured after 1990. 
Contents: Vs(m, y, r) 2 Cur(c), Model(c, m), Year(c, y), ProductRewiew(m, y, r) 
Capabilities: ({m, y}, {m, y, r}, {}, 2,2) 

Figure 2: Source descriptions for the sources in Figure 1 

the limited forms of variable bindings that an informa- 
tion source can accept. The capability records specify 
which inputs can be given to the source, the minimum 
and maximum number of inputs allowed, the possible 
outputs of the source and the selections the source can 
apply. Sources with capabilities to perform arbitrary 
relational operators (e.g., full fledged databases) are 
considered in [LRU96]. 

Formally, a capability record specifies which param- 
eters can be given to the source. A parameter of a 
source relation @I?) is either a variable 2 E 5? or A(z) 
where A is an attribute name and x E x. With ev- 
ery source relation we associate exactly one capability 
record of the form (Sin, S,,,,t, Ssel, min, max), where 
Si,,, Sout and SSel are sets of parameters of&, and 
min and max are integers. Every variable in X must 
appear in a parameter either Si, or Sout. 

The meaning of the capability description is the fol- 
lowing. In order to obtain a tuple of R from the infor- 
mation source, the information source must be given 
bindings for at least min elements of Si,,. The ele- 
ments in Sout are the parameters that can be returned 
from the information source. The elements of Sse,, 
which must be a subset of Sin U Sout, are parameters 
on which the source can apply selections of the form 
oopc, where c is a constant and op E {<,<,#,=}. 
Given a source relation R, providing the informa- 
tion source with the values al,. . . , a, for the elements 
Ql,..., CX,, in Si,, asking for the values of pi, . . . , PI 
in Sout, and passing the selections ~1, . . . , rk to the 
source will produce the tuples (Yl, . . . , Yl) that satisfy 
the following conjunction: 

R’(Yl,..., Yr) : -R(X1,. . .,X,), QI = al, . . . , 
%=%,k%=~, .*.,@l=~,yl, *..,yk. 

Given a content description of the form R C_ &R and 
input/output specifications as described above, the fol- 
lowing is called the augmented description of R w.r.t. 
the input/output specifications: 

R’(Yl,... ,X) C QR,W=UI, . . ..Q~=u., 

pl=K, .*~,b=~,yl, . . ..-/k 

In our query-planning algorithm we use a specific 
canonical augmented description of R in which the 
inputs include all of Si,,, the outputs include all of 
Sout and there are no selections (note that this does 
not mean that our query plans necessarily provide all 
the inputs and extract all the outputs from a source). 
Figure 2 lists the capability records describing the in- 
formation sources in our example. 

3.3 Query Plans 

A query plan is a sequence of accesses to information 
sources interspersed with local processing operations. 
A query plan must combine information from various 
sources in a way that guarantees semantically correct 
answers, and must adhere to the capabilities of the 
information sources. We explain these notions below. 
Given a query & of the form 

Q(x) + RI(%), . . . , R,(%), C, 

a plan to answer it consists of a set of conjunctive 
plans. Conjunctive plans are like conjunctive queries 
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Query Execution

How to specify a query plan?
Example:

except that we also specify the inputs and outputs to 
every subgoal. An executable conjunctive plan is of the 
form: 

P:&(X) -VI(BI) (inl,outl,sell) , . . . . 

Each of the q’s is a source relation corresponding 
toan information source. The elements of the sets ini 
are of the form pi : ~2, where pi is one of the param- 
eters in the set Sin of the information source of K, 
and pa is either a value appearing in the query, or a 
parameter that appears in out1 U . . . U outi-1. The set 
outi is a subset of S&t in the capability record of the 
information source Vi, and seli is a set of selections to 
be passed to the information source. Finally, the car- 
dinalities of ini, outi and seli must be consistent with 
the capability record of the information source of K. 
Cp is a set of selections that are applied locally by the 
query executor. 

To define the semantic correctness of a conjunctive 
plan, we consider the canonical augmented content de- 
scriptions of the information sources. Recall that given 
the input and output specifications, each information 
source is modeled as containing a subset of the relation 
defined by a conjunctive query Qi. Therefore, we can 
consider the expansion of the plan P as the query PI 
obtained by expanding the definitions of the subgoals 
K. Formally P’ is obtained by replacing the subgoal 
x(Vi) by the body of the query Qi after unifying the 
head variables of Qi with Vi. The conjunctive plan P 
is said to be semantically correct if P’ is contained in 
Q, i.e., for any extension of the world view relations 
that satisfies the integrity constraints, the answer to 
P’ would be a subset of Q. 

Example 3.1 Consider our query asking for sports 
cars manufactured in 1992 or later: 

d%P, r> +- CarForSale(c), Category(c, sportscar), 

Year(c, y), y 2 1992, Price(c,p), 
Model(c, m), ProductReview(m, y, r) 

The following is a semantically correct plan: 

4 : Q(m,p, r> + 
VI(C) ({Category(c) : sportscar}, {Price(c), Model(c)}, 

{Year(c) 1 1992}), 
Vs(m, Y, r> ({m : Model(c), 9 : Year(c)), {r), 0). 

To see why, we can verify that the expansion query P[ 
of PI obtained by unfolding the augmented descrip- 
tions of VI and V5 is contained in the original query: 

P: : Q(m,p, r) +- CarForSale(c), UsedCar( 
Model(c, m), Category(c, t), t = sportscar, Year(c, y), 
Price(c,p), ProductReview(m, y, r), y 2 1992. 0 

. 
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Semantically correct plans required only that P’ be 
contained in Q and not equivalent to Q for the follow- 
ing reasons. First, even if P’ were equivalent to Q, 
the answer obtained by executing P may not be com- 
plete because the sources may be incomplete. Second, 
conjunctive plans that produce only a subset of the an- 
swer are also useful. For example, if we are searching 
for sports cars manufactured after 1992, and we have 
an information source with cars manufactured after 
1994, we would still want to query it. We define the 
set of answers to the query Q as all the tuples that 
can be obtained by some executable and semantically 
correct conjunctive plan for Q. 

4 Algorithms for Answering Queries 
Our algorithm for generating executable query plans 
has two steps. In the first we generate semantically 
correct conjunctive plans, and in the second we try to 
order the conjuncts of the plan to ensure that they are 
executable. The first step of the algorithm is described 
in detail in a companion paper [LR096]. Here we only 
describe the aspects of this step that are needed to un- 
derstand the second step and the experimental results. 

A semantically correct plan guarantees that the an- 
swers produced will actually be answers to the query. 
Finding a semantically correct query plan amounts 
to finding a conjunctive query Q’ that uses only the 
source relations and is contained in the given query 
Q. Therefore, our problem is closely related to the 
problem of answering queries using views [LMSS95, 
RSU95, YL87, CKPS95, SDJL96], where the source 
relations play the role of the views. However, the prob- 
lem of answering queries using views is known to be 
NP-complete in [LMSS95], even for conjunctive queries 
without built-in atoms. The main source of complex- 
ity is the fact that there are an exponential number of 
candidate rewritings that need to be considered. This 
is especially significant in our context because that al- 
gorithm would be exponential in the number of infor- 
mation sources. Our algorithm drastically reduces the 
number of candidate rewritings considered by procecd- 
ing as follows. First, the algorithm computes a bucket 
for each subgoal in the query, each containing the in- 
formation sources from which tuples of that subgoal 
can be obtained. In the second step, we consider all 
the possible combinations of information sources, one 
from each bucket, and check whether it is a semanti- 
cally correct plan, or can be made semantically correct 
if additional built-in atoms are added to the plan. Fi- 
nally, we minimize each plan by removing redundant 
subgoals. As we see in Section 5, the first step, consid- 
erably reduces the number of possibilities considered 
in the second step, The details of the first step are 
given in Figure 3. 
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Algorithm for Answering Queries

Problem similar to that of “answering queries using views”
Known to be NP-Complete

Proposed algorithm:
For each “subgoal” in the query, find the source relations
that can provide that information
For every possible combinations of relations across
subgoals, check if the plan is semantically correct
For semantically correct plans, try to see if it is “executable”
(given the capabilities)

Amol Deshpande CMSC724: Data Integration
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Outline

1 Querying Heterogeneous...; Levy et al.
2 More
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Mappings

Source: Tutorial by M. Lenzerini
GAV (Global-as-view) vs LAV (Local-as-view) vs GLAV
Imagine:

Sources:
r1(Title, Year, Director) since 1960, europeran directors
r2(Title, Critique) since 1990

Global schema:
movie(Title, Year, Director), european(Director), review(Title,
Critique)

We can do:
(1) Specify how to go from sources to global schema (GAV)

r1(Title, Year, Director) −− > movie(Title, Year, Director)
r1(Title, Year, Director) −− > european(Director)
r2(Title, Critique) −−− > review(Title, Critique)

(2) Or: specify the sources as subsets of the global schema
(LAV)

movie(t, y, d), european(d), y ≥ 1960 −− > r1(t, y, d)
movie(t, y, d), review(t,r), y ≥ 1990 −− > r2(t, r)

Some fundamental differences w.r.t. how to answer queries
Information Manifold (paper reading) is an example of LAV)

Amol Deshpande CMSC724: Data Integration
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Data Cleaning

Many issues with correlating data across sources
Entity resolution (also called de-duplication):

Same entity referred to differently in different sources
Misspellings, Acronyms, Transformations, Abbreviations, etc.
Different formats: email address vs person name

Very active research area

Amol Deshpande CMSC724: Data Integration
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Schema Matching

From "Corpus-based Schema Matching; Madhavan et al.;
ICDE 2005"
Goal: identifying corresponding elements in different
schemas

As a pre-processing step to generating "schema mappings"
Challenging task

Exact semantics of the data often only understood by the
designers of the schema
Base techniques:

Linguistic matching of names fo elements
Detecting overlap in the choice of data types and
representation of data values
Considering pattern in relationships between elements
Using domain knowledge

Amol Deshpande CMSC724: Data Integration
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Schema Matching

338 E. Rahm, P.A. Bernstein: A survey of approaches to automatic schema matching

Automatic 
composition

Composite matchers

Schema Matching Approaches

Individual matcher approaches Combining matchers

Manual 
composition

Schema-only based Instance/contents-based

• Graph 
matching

Further criteria:
- Match cardinality
- Auxiliary information used …

Linguistic Constraint-
based

Structure-levelElement-level

• Type similarity
• Key properties • Value pattern and 

ranges

Constraint-
based

Linguistic 

• IR techniques 
(word frequencies, 
key terms) Sample approaches

… … … … …

Element-level

Hybrid matchers

Constraint-
based

• Name similarity
• Description 

similarity
• Global 

namespaces

Automatic 
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Schema Matching Approaches
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Schema-only based Instance/contents-based
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matching

Further criteria:
- Match cardinality
- Auxiliary information used …

Linguistic Constraint-
based

Structure-levelElement-level
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ranges

Constraint-
based

Linguistic 

• IR techniques 
(word frequencies, 
key terms) Sample approaches

… … … … …

Element-level

Hybrid matchers

Constraint-
based

• Name similarity
• Description 

similarity
• Global 

namespaces

Fig. 2. Classification of schema matching approaches

Note that our classification does not distinguish between dif-
ferent types of schemas (relational, XML, object-oriented,
etc.) and their internal representation, because algorithms de-
pend mostly on the kind of information they exploit, not on
its representation.

In the following three sections, we discuss the main alter-
natives according to the above classification criteria. We dis-
cuss schema-level matching in Sect. 6, instance-level matching
in Sect. 7, and combinations of multiple matchers in Sect. 8.

6. Schema-level matchers

Schema-level matchers only consider schema information, not
instance data. The available information includes the usual
properties of schema elements, such as name, description,
data type, relationship types (part-of, is-a, etc.), constraints,
and schema structure. In general, a matcher will find multiple
match candidates. For each candidate, it is customary to esti-
mate the degree of similarity by a normalized numeric value
in the range 0–1, in order to identify the best match candidates
(as in [PSU98, BCV99, DDL00, CDD01]).

We first discuss the main alternatives for match granularity
and match cardinality. Then we cover linguistic and constraint-
based matchers. Finally, we outline approaches based on the
reuse of auxiliary data, such as previously defined schemas
and previous match results.

6.1. Granularity of match (element-level vs structure-level)

We distinguish two main alternatives for the granularity of
Match, element-level and structure-level matching. For each

element of the first schema, element-level matching deter-
mines the matching elements in the second input schema. In
the simplest case, only elements at the finest level of granular-
ity are considered, which we call the atomic level, such as at-
tributes in an XML schema or columns in a relational schema.
For the schema fragments shown in Table 2, a sample atomic-
level match is “Address.ZIP ∼= CustomerAddress.PostalCode”
(recall that “∼=” means “matches”).

Structure-level matching, on the other hand, refers to
matching combinations of elements that appear together in a
structure.A range of cases is possible, depending on how com-
plete and precise a match of the structure is required. In the
ideal case, all components of the structures in the two schemas
fully match. Alternatively, only some of the components may
be required to match (i.e., a partial structural match). Exam-
ples of the two cases are shown in Table 2. The need for partial
matches sometimes arises because subschemas of different do-
mains are being compared. For example, in the second row of
Table 2, AccountOwner may come from a finance database
while Customer comes from a sales database.

For more complex cases, the effectiveness of structure
matching can be enhanced by considering known equivalence
patterns, which may be kept in a library. One simple pattern
is shown in Fig. 3 relating two structures in an is-a hierarchy
to a single structure. The subclass of the first schema is repre-
sented by a Boolean attribute in the second schema. Another
well-known pattern consists of two structures interconnected
by a referential relationship being equivalent to a single struc-
ture (essentially, the join of the two). We will see an example
of this in Sect. 6.4.

Element-level matching is not restricted to the atomic level,
but may also be applied to coarser grained, higher (non-atomic)
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