15
Data Integration on the Web
The World Wide Web offers a vast array of data in many forms. The majority of this data is
structured for presentation not to machines but to humans, in the form of HTML tables,
lists, and forms-based search interfaces. These extremely heterogeneous sources were created by individuals around the world and cover a very broad collection of topics in over
100 languages. Building systems that offer data integration services on this vast collection
of data requires many of the techniques described thus far in the book, but also raises its
own unique challenges.
While the Web offers many kinds of structured content, including XML (discussed in
Chapter 11) and RDF (discussed in Chapter 12), the predominant representation by far
is HTML. Structured data appears on HTML pages in several forms. Figure 15.1 shows
the most common forms: HTML tables, HTML lists, and formatted “cards” or templates.
Chapter 9 discusses how one might extract content from a given HTML page. However,
there are a number of additional challenges posed by Web data integration, beyond the
task of wrapping pages.
SCALE AND HETEROGENEITY
According to conservative estimates, there are at least a billion structured HTML data sets
on the Web. Naturally, the quality of the data varies — it is often dirty, wrong, out of date, or
inconsistent with other data sources. As discussed previously, the data may be in different
languages. In many cases, we must have general and scalable techniques to make use of
the data without requiring large amounts of human-administrator input.
MINIMAL STRUCTURAL AND SEMANTIC CUES
While to a viewer these data sets appear structured, a computer program faces several
challenges to extract the structure from the Web pages. First, the visual structure evident
in an HTML page may not be mirrored by consistent structure in the underlying HTML.
Second, HTML tables are used primarily as a formatting mechanism for arbitrary data,
and therefore the vast majority of the content that is formatted as HTML tables is actually
not what we would consider high-quality structured data. When tabular data does appear
on the Web, it comes with very little schema. At best, tables will have a header row with
column names, but often it is tricky to decide whether the first row is a header row. The
relations represented by the table are typically explained in the surrounding text and hard
to extract. For example, the table on the bottom left of Figure 15.1 describes the list of
winners of the Boston Marathon, but that fact is embedded somewhere in the surrounding
text. Lists on Web pages present additional challenges. They have no schema at all, and
every item in a list represents an entire row in a database. Hence, we need to first segment
Principles of Data Integration, DOI: 10.1016/B978-0-12-416044-6.00015-6
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FIGURE 15.1 The different kinds of structured data on the Web. The top left shows an HTML table of country GDPs,
and the bottom left shows part of an HTML list of the winners of the Boston Marathon. On the right, we see a
search result for real estate listings, where each result is formatted as a card.

each list item into a row of cells. Cards display the attributes of an object in a template
that is repeated for every object. To extract the data, we must know the template’s specific
layout structure.

DYNAMIC CONTENT, ALSO KNOWN AS THE “DEEP WEB”
Many of the pages containing structured data are generated dynamically in response
to user queries that are posed using HTML forms. A few example forms are shown in
Figure 15.2. In some domains, such as cars, jobs, real estate, public records, events, and
patents, there may be hundreds or thousands of forms in each domain. However, there is
also a long tail effect — a large number of domains for which there are few forms. Examples
of more exotic domains include quilts, horses for sale, and parking tickets in particularly
well-organized municipalities.
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FIGURE 15.2 Sample HTML forms from the Web. The form on the left enables searching for used cars. The form on
the top right is for searching art works, and the one on the bottom right is for searching public records.

Since form-based sources offer a structured query interface, much of the work on
data integration on the Web is focused on providing uniform access to a multitude of
forms. Accessing this data conveniently is even more important because the data are often
hidden from Web search engines. Specifically, crawlers of Web search engines typically
collect pages by following hyperlinks from pages they have already indexed. However,
pages generated by form invocations are dynamically created on the fly, and typically have
no incoming links. For this reason, this content has been referred to as the deep Web or
invisible Web, and contrasted with the surface Web. The number of such form sources is
estimated to be in the tens of millions, and estimates of the amount of content on the
deep Web vary from being the size of the surface Web to being two orders of magnitude
bigger.1

15.1 What Can We Do with Web Data?
In contrast to other types of data integration, Web sources often provide greater heterogeneity, fewer cues that help an automated system reason about what to do, and larger
scale. Worse, at scale, we are often limited in the amount of human or even automated
processing we can do on an individual source. So a natural question is whether and how
we can harness Web data.
The answer is that broadly, we can use data sources on the Web for a variety of services,
ranging from data integration to improving search. Before describing the specific techniques for extracting and querying such data, it is instructive to first consider the possible
uses of structured data on the Web.
1

These are estimates of sheer size, not of useful content.
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DATA INTEGRATION
A natural goal in the presence of many data sources on a particular topic is to provide
a single query interface that retrieves data from all these sources. For example, instead
of expecting users to visit multiple job search sites, we can create a single site that integrates the data from multiple sites. Such engines are typically referred to as vertical-search
engines.
A slightly different goal is to create a topical portal that integrates all the data on a particular domain. For example, consider a site that integrates all the information about the
database research community, including its researchers, conferences, and publications.
Here, different aspects of the data come from different sites. For example, data about
researchers may come from one set of sources, while data about publications will come
from another. In contrast, a vertical-search engine typically integrates data from multiple
sites that all offer the same kind of information (e.g., cars for sale).
A third category is transient or “one-off” data integration tasks. Here, we may combine
data from multiple sources in order to create a data set that will only be needed briefly. For
example, consider a disaster relief effort where we need to rapidly create an online map
displaying shelters with their contact details, or a student working on a course project who
needs to collect information about water availability and GDP for various countries. Unlike
the first two data integration tasks, here we do not expect technically skilled users, which
leads to a different system design.
IMPROVED WEB SEARCH
There are several ways to use structured data to improve Web search. One can think of Web
search as a special case of data integration, where no joins are performed (only unions).
As noted above, the deep Web, whose contents are not available to search engines,
presents a significant gap in the coverage of search engines and therefore in search quality.
Another opportunity lies in using the layout structure as a relevance signal. For example,
if we find a page with a table that has a column labeled population and a row that has
Zimbabwe in the left column, then that page should be considered relevant to the query
“zimbabwe population” even if the occurrence of population on the page is far from the
occurrence of Zimbabwe.
Another long-standing goal for Web search is to return facts as answers. For example, if
the user queries for “zimbabwe population” and the appropriate answer exists in a table,
we can return that number with a pointer to the source data. We can be even more ambitious and return derived facts. For example, for the query “africa population” we could
calculate the answer from a table that contains the populations of all countries. Today’s
Web search engines offer factual answers to queries in very limited domains (e.g., weather,
sports results) and with the support of contracted data sources.
Finally, often the intention of our search is to find structured data. For example, as part
of a class assignment we may be looking for a data set containing crime rates in different American cities. Today there is no explicit way of telling the search engine that we are
looking for a table of data, and therefore we are limited to the tedious process of scanning
the results manually for those containing structured data.
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We now discuss several bodies of work that try to provide the services described above.
Section 15.2 describes two bodies of work for leveraging the content of the deep Web:
search engines (e.g., cars for sale), which apply many of the ideas of virtual data integration
systems, and deep-Web surfacing, which attempts to crawl through forms and find useful
HTML pages. Section 15.3 discusses topical portals that attempt to assemble a broad range
of data on a particular domain (e.g., find all that is known about database researchers).
Finally, Section 15.4 discusses the common case of data integration on the Web where
users need to integrate data sets for transient tasks (e.g., correlating coffee production of a
country with its population).

15.2 The Deep Web
The deep Web contains data on a broad range of domains and in many languages.
Users access content on the deep Web by filling out forms. When a query is submitted,
an answer page is dynamically generated. Our discussion here is focused on deep-Web
sources that provide data on a particular domain (e.g., cars, patents) and not on forms that
provide generic search (e.g., www.google.com) or forms that provide a “search this site”
functionality.
Before we describe how to integrate data across deep-Web sites, we review the basic
constructs of Web forms. An HTML form is defined within a special HTML form tag (see
Figure 15.3 for the HTML specifying the form shown in Figure 15.4). The action field identifies the server that will perform the query processing in response to the form submission.
Forms can have several input controls, each defined by an input tag. Input controls can
be of a number of types, the prominent ones being text boxes, select menus (defined in

<form action="http://jobs.com/find" method="get">
<input type="hidden" name="src" value="hp"/>
Keywords: <input type="text" name="kw"/>
State: <select name="st">
<option value="Any"/>
<option value="AK"/>
<option value="AL"/>
...
</select>
Sort By: <select name="sort">
<option value="salary"/>
<option value="startdate"/>
...
</select>
<input type="submit" name="s" value="go"/>
</form>
FIGURE 15.3 HTML for defining a form. The form defines the set of fields, their types, menu options, and
the server that will process the request.
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FIGURE 15.4 The rendering of the form specified in Figure 15.3.

a separate select tag), check boxes, radio buttons, and submit buttons. Each input has a
name, which is typically not the name that the user sees on the HTML page. For example,
in Figure 15.3 the user will see a field Keywords, but the name by which it can be identified
by the browser or a Javascript program is kw. Users select input values either by entering
arbitrary keywords into text boxes or by selecting from predefined options in select menus,
check boxes, and radio buttons. In addition, there are hidden inputs whose values are fixed
and are not visible to users interacting with the form. These are used to provide the server
additional context about the form submission (e.g., the specific site from which it came).
Our discussion focuses on the select menus and text boxes. Check boxes and radio buttons
can be treated in the same way as select menus.
The example in Figure 15.3 includes a form that lets users search for jobs. When a
form is submitted, the Web browser sends an HTTP request with the inputs and their values to the server using one of two methods: GET or POST. With GET, the parameters are
appended to the action and included as part of the URL in the HTTP request. For example,
the URL
http://jobs.com/find?src=hp&kw=chef&st=Any&sort=salary&s=go

defines the query looking for chef positions in any state and sorting the results by salary.
With POST, the parameters are sent in the body of the HTTP request and the URL is simply
the action (e.g., http://jobs.com/find). Hence, the URLs obtained from forms that use
GET are unique and encode the submitted values, while the URLs obtained with POST are
not. One reason that this distinction is important is that a search engine index can treat a
GET URL as any other page, thereby storing result pages for specific queries.
There are two main approaches for querying on the deep Web. The first (Section 15.2.1)
builds vertical-search engines that integrate data on very narrow domains from thousands
of deep-Web sources. The second (Section 15.2.2) attempts to crawl past forms and add
pages to the search engine index from millions of sites on any domain.

15.2.1 Vertical Search
We begin by describing vertical-search engines, whose goal is to provide a single point
of access to a set of sources in the same domain. In the most common domains of vertical search, such as cars, jobs, real estate, and airline tickets, there are thousands of sites
with possibly relevant content. Even after restricting to sites that are relevant to a particular metropolitan area, there may be several tens of relevant sites — too many to browse
manually. Figure 15.5 illustrates that even for simple domains such as job search, there is
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FIGURE 15.5 Two different Web forms for searching job listings.

significant variability between the fields of different forms. Hence, a vertical-search engine
needs to resolve heterogeneity. As such, vertical-search engines are a specialization of virtual data integration systems as we have described in earlier chapters. We consider each of
their components in turn.
MEDIATED SCHEMA
The mediated schema of a vertical-search engine models the important properties of the
objects under consideration. Some of the attributes in the mediated schema will be input
attributes and will appear in the form that the users access. Other attributes will be output attributes and will only be seen in the search results pages. For example, a mediated
schema for job search that integrates data from the two sources shown in Figure 15.5
would include the attributes shown in the form, such as category, keywordDescription, city,
state, and the attributes openingDate and employingAgency that are only shown with the
results. Note that in some cases, the attributes shown on the form may be minimum and
maximum values for attributes of the schema (e.g., minPay).
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SOURCE DESCRIPTIONS
The source descriptions in a vertical-search engine are also relatively simple because logically the sources expose a single relation. Hence, the main components of the source
descriptions are (1) contents of the source (e.g., books, jobs, cars), (2) selection conditions
(e.g., relevant geographical location, price ranges), (3) the attributes that can be queried
on, (4) attributes that appear in the results, and (5) access-pattern restrictions, i.e., which
input fields, or combinations thereof, are required to pose queries (see Section 3.3).

Example 15.1
A source description for the USAJobs.com site shown in Figure 15.5 would look as follows:
Contents:
Constraints:
Query attributes:
Output attributes:
Access restrictions:

jobs
employer = USA Federal Government
keywords, category, location, salaryRange, payGrade
openingData, employingAgency

at least one field must be given

Constructing the source descriptions can be done using the techniques described in
Chapter 5. In particular, since there is quite a bit of similarity between different forms in a
particular domain, schema matching techniques based on learning from experience (see
Section 5.8) are especially effective.
The type of heterogeneity we see on the Web does present some unique challenges to
query reformulation. In particular, forms often use drop-down menus to enable the user to
make selections. For example, a real estate site may have a drop-down menu specifying the
kind of property to search for (single-family home, condo, vacation property, etc.). However, these categories do not always line up with each other easily. For example, in some
cities the site may feature the option lakefront property, and there will be no corresponding category in other cities. A similar challenge is dealing with ranges (e.g., price ranges).
The ranges of the mediated schema may not map nicely onto ranges in each of the data
sources, and therefore the system may need to reformulate a single range into a union of
ranges.
WRAPPERS
There are two components to the wrappers of vertical-search engines: (1) posing the query
to the underlying site and (2) processing the returned answer. Posing the query is relatively simple. After determining which query needs to be posed on a particular site, the
system needs to create the HTTP request that would have been generated if the user posed
the appropriate query directly on that site. For sites that use the HTML GET method for
querying back-end databases, this amounts to creating a URL that contains the query
parameters. For sites using POST, the query parameters need to be sent as part of the HTTP
request.

Chapter 15

.

Data Integration on the Web

383

There is an interesting wrinkle here, though, because some sites have more complex
interactions. For example, it is common for real estate sites to guide the user through several steps until she can query for houses. In the first step the user will select a state, and
in the second step she will select a county from that state. Finally, the third page the user
encounters allows her to query for houses in the chosen county. Of course, the goal of the
vertical-search engine is to abstract all these details from the user. Hence, if the user poses
a query on a particular city, then the system needs to know how to arrive at the appropriate
county search page.
In terms of processing the HTML pages returned for queries, we have two main options.
We can either present the HTML page to the user as is (with an option of easily navigating between answers from different Web sites), or try to extract structured results from the
returned page. The former option is much easier to implement and also has the advantage
of being more friendly to the underlying sources. Many Web sites rely on ad revenue to
support their operation and would greatly prefer that the vertical-search engine drive traffic to their site. Parsing the results from the answer pages requires applying information
extraction techniques (see Chapter 9). However, these techniques typically require training machine learning algorithms per site, making it harder to scale the system up to a large
number of sources.

15.2.2 Surfacing the Deep Web
Conceivably, we could follow the approach of building vertical-search engines for each of
the thousands of domains that exist on the deep Web. However, such an approach would
be impractical for several reasons. First, the human effort to create such a broad schema
covering many domains would be prohibitive. In fact, it is not clear that such a schema can
be built. In addition to covering many domains, the schema would have to be designed
and maintained in over 100 languages and account for subtle cultural variations. Trying
to break down the problem into smaller pieces is also tricky, because the boundaries of
domains are very loosely defined. For example, starting from the domain of biology, it
is easy to drift into medicine, pharmaceuticals, etc. Of course, the cost of building and
maintaining source descriptions for millions of sources is also prohibitive. Finally, since we
cannot expect users to be familiar with the mediated schema, or even easily find the one
domain in which they are interested out of the thousands available, the system must be
designed to accept keyword queries in arbitrary structure and on any domain. The problem of deciding whether a keyword query can be reformulated into a structured query in
one of these many domains is a challenging and yet-unsolved problem.
A more practical approach to providing access to the full breadth of the deep Web is
called surfacing. In this approach, the system guesses a relevant set of queries to submit
to forms that it finds on the Web. The system submits these queries and receives HTML
pages that are then entered into the search-engine index (hence, they become part of the
surface Web). At query time, the surfaced pages participate in ranking like any other page
in the index.
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Except for freeing us from the effort of building a mediated schema and mappings, the
main advantage of the surfacing approach is that it leverages the indexing and ranking systems of the search engine, which have become carefully tuned large software systems. The
URLs that are stored in the index are the dynamic URLs associated with specific queries on
the forms. Hence, when a user clicks on a result that is a surfaced page, she will be directed
to a page that is created dynamically at that moment.
The main disadvantage of the surfacing method is that we lose the semantics associated
with the page. Suppose we surfaced pages based on filling a form on a patents Web site
and entering “chemistry” into the topic field. The word “chemistry” may not appear on
some of the resulting pages, and therefore they may not be retrieved for a query asking for
“chemistry patents.” While this problem may be alleviated by adding the word “chemistry”
into the document when it is indexed, it would be impractical to add all of chemistry’s
subfields (e.g., material science, polymers) or related fields.
Surfacing a deep-Web site requires an algorithm that examines an HTML form and
returns a set of relevant and well-formed queries to submit to it. To scale to millions of
forms, such an algorithm cannot involve any human intervention. We now describe the
two main technical challenges that such an algorithm faces: (1) determining which subsets of fields to use for providing inputs and (2) determining good values to put into text
fields.
(1) Determining input combinations: HTML forms typically have more than one input
field. Hence, a naive strategy of enumerating the entire Cartesian product of all
possible values of all inputs can result in a very large number of queries being posed.
Submitting all these queries would drain the resources of the Web crawler and may
often pose an unreasonable load on Web servers hosting the HTML forms.
Furthermore, when the Cartesian product is very large, it is likely that a large number
of the result pages are empty and hence useless from an indexing standpoint. As an
example, a particular search form on cars.com has five inputs and a Cartesian
product yields over 240 million URLs, though there are fewer than a million cars for
sale on cars.com.
A heuristic for choosing input combinations that has proved useful in practice is to
look for informative inputs. Intuitively, a field f (or a set of fields) in a form is informative
if we obtain qualitatively different pages when we vary the values of f and hold all the
other values constant. Consider a job search site that has, among others, the input fields
state and sort by. Filling in the different values for state would lead to fetching pages that
contain jobs in different states and would probably be relatively different from each other.
In contrast, filling in the different values for the sort by field would only change the order
of the results on the page; the content of the page would remain relatively the same.
Finding good input combinations can be done in a bottom-up fashion. We first consider each of the fields in the form in isolation and determine which ones are informative.
We then consider pairs of fields, where at least one of them is informative, and check
which pairs are informative. Continuing, we consider sets of three fields that contain
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an informative pair, and so on. In practice, it turns out that we rarely need to consider
combinations that include more than three fields, though we may have to consider a few
field combinations for a particular form.
(2) Generating values for text fields: When a field is a drop-down menu, the set of values
we can provide it is given. For text fields, we need to generate relevant values. The
common method of doing so is based on iterative probing. Initially, we predict
candidate keywords by analyzing the text on pages from the site containing the form
page that are available in the index. We test the form with these candidate keywords,
and when valid form submissions result, we extract more keywords from the resulting
pages. This iterative process continues until either new candidate keywords cannot
be extracted or a prespecified target number of words is reached. The set of all
candidate keywords can then be pruned to select a smaller subset that ensures
diversity of the exposed database contents.
COVERAGE OF THE CRAWL
The surfacing algorithm will get some of the data from the deep-Web site, but does not
provide any guarantees as to how much of the site it has covered. In fact, typically we do not
know how much data exist in a deep-Web database, so it would be impossible to check if
we have it all. In practice it turns out that it suffices to surface some of the content from the
deep-Web site, even if it is not complete. With a good enough sample of the site’s content,
there is a substantial increase in the number of relevant queries that get directed to that
site. Moreover, once some of the site is surfaced, the search engine’s crawler will discover
new deep-Web pages by following links from the surfaced pages. Finally, we note that the
surfacing technique is limited to deep-Web sites that are powered by the GET method, not
POST. In practice, many sources that accept POST also accept GET requests.

15.3 Topical Portals
A topical portal offers an integrated view of an entire topic. For example, consider a portal
that pulls together all the information about researchers in a particular research community. The site would fuse data about individuals in the field, their advisers and students,
their respective publications, the conferences and journals in the field, and members of
program committees of conferences. As an example, the site can create superpages for
individuals, as shown in Figure 15.6.
Topical portals are different from vertical-search engines in the type of integration they
perform. Conceptually, the data underlying both types of sites are a table. A vertical-search
engine integrates rows from different sources (i.e., a union of many sites). For example, each deep-Web site contributes a set of job listings, each represented as a row in
the table. In contrast, a topical portal integrates columns from different sites (i.e., a join
of many sites). For example, the column about publications could come from one site,
while the column about affiliation would come from another. Hence, somewhat ironically,
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FIGURE 15.6 A superpage created by integrating many sources of information about Joseph M. Hellerstein.

vertical-search engines perform horizontal integration, while portal sites perform vertical
integration.
A typical, but somewhat naive, approach to building a topical portal would be the
following. First, conduct a focused crawl of the Web that looks for pages that are relevant
to the topic. To determine whether a page is relevant, the crawl can examine the words on
the page, the entities mentioned in it, or links to and from the page. Second, the system
would apply a variety of general information extraction techniques (see Chapter 9) to find
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facts on the pages. For example, the system would try to extract relations such as advisedBy
and authoredBy. Finally, given all the facts that were extracted from the pages, the system
would put them together into a coherent knowledge base. The main challenge in this step
is to reconcile multiple references to the same real-world objects, a topic we discussed in
detail in Chapter 7.
A more effective approach to building topical portals relies on the observation that
there is a collection of a few sites that provide most of the high-quality information in the
domain. Furthermore, these sites are typically known to experts in the field. In our example, the combination of the DBLP2 Web site, the sites of the top conferences and journals in
the field, and the homepages of several hundreds of the top researchers in the field already
provide a significant portion of the information about the database research community.
Based on this approach, building the site proceeds in two steps.
INITIAL SETUP
We begin by deciding on the main sets of entities and relationships that we want our site to
model. In our example, the entity sets may be person, conference, programCommittee, and
publication, and the relationships can be authoredBy, advisedBy, and memberOf. We then
select an initial set of sources in the domain, denoted by Sint .
We create extractors for each of the entity sets and relationships. These extractors will
be more accurate than general-purpose extraction algorithms because they are aware of
the specific patterns relevant to the relationships they are meant to extract. Therefore,
we obtain a seed of accurately extracted entities and relationships. Moreover, if we want
even more accurate data, we can tailor the extractors to be aware of the specific structure of particular sites. For example, an extractor that is aware of the DBLP site can yield a
very high-quality database of authors and their publications. Another side benefit of this
approach is that the problem of reference reconciliation from such sites also tends to be
easier because these sites are more careful about maintaining unique naming conventions
for individuals.
EXTENDING THE PORTAL
We consider two of the many methods to extend the data coverage of the portal. The first
method relies on the heuristic that any important piece of information related to the topic
will ultimately appear on one of the sites in Sint or on a page that is linked from a page
in Sint . For example, if a new workshop is being organized on a novel area of database
research, it is likely that we will find a pointer to it from one of our core sites. Hence, to
extend the portal we monitor the initial collection of sites on a regular basis to expand it
by finding new pages that are reachable from these sites.
The second method is based on collaboration among the users of the portal site. The
portal provides a set of mechanisms that allow the users to correct data and add new data
to the system. For example, users can be asked whether two strings refer to the individual or to correct an erroneous extraction. One of the key challenges in providing these
mechanisms is to offer incentives for members of the community to collaborate. A simple
2

A well-known site that lists publications in computer science conferences and journals.
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kind of incentive is immediate positive feedback: the user should instantly see how his correction improves the site. A second set of incentives is based on publicly recognizing major
contributors. Finally, the system must also ensure that it is not easily misled by erroneous
or malicious contributions (e.g., from graduate students seeking a premature promotion).

15.4 Lightweight Combination of Web Data
The rich collection of structured data sources on the Web offers many opportunities for
ad hoc data integration. For example, consider a coffee enthusiast who wants to compile a
list of cafes with their various quality ratings, using data of the type shown in Figures 15.7
and 15.8, or a disaster relief effort where we need to rapidly create an online map displaying
shelters with their contact details and respective capacity. Similarly, consider a journalist
who wants to add a data visualization to a news story that has a lifetime of a few days. In
some scenarios we may integrate only data that are available on the Web, while in others we may integrate Web data with our own private data. Such combinations of data are
often called mashups, and they have become a common way of providing data services on
the Web.
Unlike standard data integration applications where it is expected that many similar queries will be posed against a relatively stable federation of sources for an extended
period of time, the kinds of data integration we discuss here may be transient or even
“one-off” tasks. The disaster relief mashup will hopefully be needed for only a short
amount of time, and the coffee enthusiast may only need the list of cafes during his trip
to the area. Hence, the challenge of lightweight data integration on the Web is to radically
reduce the time and effort needed to set up the integration. In fact, there should not even
be an explicit setup stage — data discovery, collection, cleaning, and analysis should be
seamlessly intertwined.

FIGURE 15.7 A table of cafe ratings that can be found on an HTML page.
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FIGURE 15.8 A list of cafes in San Francisco from yelp.com.

As mentioned earlier, the data integration problem is further complicated by the fact
that the data are only partially structured. For example, tables, which constitute one of the
main sources of structured data on the Web, have relatively little in the way of schema. We
may know the headers of the columns if the first row is clearly marked (as in Figure 15.7),
but often it is tricky to decide whether the first row (or rows) is a header row. Other
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elements of schema, such as the table name or data types, are nonexistent. The relation
represented by the table is typically clear from the surrounding text to a person looking at
it. Data types can sometimes be inferred by the data itself. Lists on the Web present additional challenges. As shown in Figure 15.9, every item in a list represents an entire row in a
table. To convert the list into a table we need to segment each list item into multiple cells,
which can be tricky. In addition, lists do not typically have a header row with attribute
names.
We divide the data integration challenge into three components: locating the data
on the Web, importing the data into a structured workspace, and combining data from
multiple sources.

FIGURE 15.9 An HTML list containing some of the program committee members of VLDB 2008.
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15.4.1 Discovering Structured Data on the Web
The first step in data integration is to locate the relevant structured data on the Web.
Data discovery typically starts by posing keyword queries, but search engines have been
designed to index large collections of text files and turn out to be much less effective at
searching for tables or lists. There is no way for the user to specify to the engine that she
is interested in structured data. Without special support, the only option available to the
user is to tediously scan the search results one by one for those containing structured data.
To support searches specifically for structured data, we need to discover which Web
pages contain high-quality structured data and to mark those documents in the Web index
(or create a separate repository of these documents). The discovery problem is challenging
because many Web page designers use the HTML table construct to format unstructured
data content nicely (e.g., forum responses, calendars, table of contents). In fact, less than
1% of the HTML tables on the Web contain high-quality tabular data.
Once we have a corpus of structured data, ranking results needs to consider where the
keywords in the query match on the page. Two important kinds of hits are on the header
row and on the subject column. Hits on the header row, which presumably includes the
attribute names, should be given more weight because the attribute name applies to all
the rows in the table. For example, if we search for “country olympic medals,” then a hit
on a column name olympic medals would be more meaningful than other occurrences of
the phrase. The majority of tables on the Web have a subject column, which is a column
that contains the entities the table is about (e.g., countries). If we search for “population
zimbabwe,” then a table that contains Zimbabwe in the subject column would be better
than one that contains Zimbabwe elsewhere in the table. The latter table may actually be
about cities and have a column for their country or may be describing different variants
of corn and include a column describing in which countries they are grown. The subject
column tends to be closer to the left-hand side of the table (except, of course, for tables in
Hebrew and Arabic), but finding it algorithmically (when it exists) can be tricky. Needless
to say, like any ranking signal, these are merely heuristics that need to be combined with
other signals to arrive at a final ranking. In general, any preprocessing that can recover
the semantics of the table, such as phrases describing the sets of objects represented in
the table and the relationships modeled in the table will be extremely useful in ranking.
In particular, the relationships modeled by a table are notoriously hard to discover. For
example, a table describing the coffee production of different countries may have column
headers such as name, 2001, 2002, . . . , 2010. Deeper analysis is required to infer that the
column 2001 describes the coffee production of the country in the name column for 2001.

15.4.2 Importing Data
Once we locate the data, we need to import them into a workspace where the data are
put into tabular form and proper column headers are assigned. In some cases, such as the
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table shown in Figure 15.7, we may be lucky because the structure is nicely reflected in the
HTML. However, consider the data shown in Figure 15.8. The data are structured but organized into cards, where each attribute appears in a particular place in the card. Extracting
the different parts of each card requires knowledge of the card’s internal structure. Similarly, if we import data from a list, we need to segment each list item into a row of cells. We
consider two sets of methods for importing data: fully automatic and user supervised.
Fully automatic techniques for extracting data rows from cards or lists consider several
aspects of the data, such as punctuation marks, changes in data type, and identifying entities that commonly appear elsewhere on the Web. Note that neither of these cues would
work well in isolation, and they may not even suffice when applied together. In Figure 15.9,
punctuation will enable separating the name of the program committee member from the
affiliation. However, the punctuation within the affiliations is not consistent across the
list items. Most of the list items have a comma separating the institution name from
the country, but in some cases (e.g., University of California, Los Angeles) there is an additional comma that would confuse the importer. To resolve such ambiguities, an import
algorithm can benefit from looking at the entire list as a whole. In our example, by looking at the entire list we can notice that there is always a country name before the right
parenthesis, so we can use that signal to align the rest of the affiliations. Another powerful
heuristic is to use the appearance of strings in table cells on the Web as a signal that these
strings refer to entities. Specifically, if a particular string (e.g., University of California, Los
Angeles) appears by itself in many cells of tables on the Web, that is a pretty good signal
that it refers to an entity in the world. The wrapper construction techniques discussed in
Chapter 9 are often applicable in this context as well.
User-supervised techniques are based on generalizing import patterns that are demonstrated by users and bear some resemblance to techniques for training wrappers (Chapter 9.3). Consider the data in Figure 15.8. The user would begin by selecting “Four Barrel
Coffee” and pasting it into the leftmost cell of the workspace. The system would attempt
to generalize from this example and propose other cafe names, such as Sightglass and Ritual. By doing so, the system will propose additional data rows. Next, the user will select the
address of Four Barrel Coffee and paste it into the second column, to the right of the name.
Similarly, she will copy and paste the phone number into the third column and the number of reviews into the fourth. The system will generalize from these examples and will fill
in the other rows in the table with the corresponding data.

COLUMN HEADERS
After importing the data into a table, we need to propose headers for the columns of the
resulting table if they do not already exist in the data. In some cases, such as phone numbers or addresses, it is possible to analyze the values in a column and propose a header.
In other cases, we may consult a repository of tables that do have column headers. To find
a header for a column C, we search for columns C 0 that have significant overlap of values
with C and choose the most common column header among that set. For example, in the
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list shown in Figure 15.9, we can propose the column header country for the last column
after noticing that it has high overlap with other columns with the same column header.
Another technique for proposing headers is to mine the Web for particular text patterns. For example, phrases of the form “countries such as France, Italy, and Spain” will
appear very frequently on the Web. From this sentence we will be able to mine with high
degree of confidence that France is a country. Using the same technique we will be able
to derive that France is a European country and even a Western European country. If the
same class (e.g., country) applies to a majority of the values in a particular column, we can
propose the class as a label for the column. In general, we want to attach to the column
any label that will help to retrieve it in response to relevant queries.

15.4.3 Combining Multiple Data Sets
Once we have the data, there are two challenges in combining multiple data sources. Since
the collection of data sources is huge, the first challenge is to find what to combine your
data with. Since the data are not always completely structured, the second challenge is to
specify how to combine the data.
To find related data, we can consider two cases: adding more rows by union or adding
more columns by join. To add more rows to a table T , the system needs to find tables that
have the same columns as T , even if the column headers do not match up exactly. To find
more columns, the system first needs to find the interesting join columns in T , and then
find other tables that have a column that overlaps with the join column. For example, to
find tables that join with the coffee data in Figure 15.7, the system would first postulate
that the column with cafe names is a likely join column, and then search for tables that
have overlapping values.
To specify how to join the data, we can employ the principle of demonstration by
example again. Consider the task of joining the coffee data in Figure 15.7 with the data in
Figure 15.8 after they have been imported. The user would highlight the cell with the value
“Ritual Coffee” in the table created from Figure 15.7 and drag it onto the corresponding cell
created for the data in Figure 15.8. By doing so, the user has told the system which columns
she wishes to join. The user can also drag other columns of the row of Ritual Coffee into the
appropriate row in the table to specify which columns should be kept in the joined table.
The system can generalize from this example and apply the same process to other rows.

15.4.4 Reusing the Work of Others
As we consider data integration tasks on the Web, it is important to keep in mind that
many people are trying to access the same data sources and perform similar, if not identical, tasks. If we can leverage the collective work of many people, we can develop very
powerful techniques for managing structured data on the Web. For example, when a person makes the effort to extract a structured data set from a Web page and import it into
a spreadsheet or database, we can use that as a signal that the data set is a valuable one
and record the spreadsheet name and column headers she gave in the spreadsheet. When
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someone manually combines two data sets, we can infer that the two sources are related
to each other and that the pair of columns used for the join are from the same domain,
even if they are not identical. When someone transforms an HTML list into a table, that
effort can also be recorded for future uses even if the data change a bit over time. The same
transformation may be applicable to other lists on the Web with similar characteristics. Of
course, the key to enabling these heuristics is to record actions across a large number of
users, while being sensitive to privacy concerns. Cloud-based tools for data management
have the potential for providing such services since they log the activities of many users.

15.5 Pay-as-You-Go Data Management
Data integration on the Web is an extreme example motivating pay-as-you-go data management. In contrast to the kinds of data integration systems described thus far in the
book, pay-as-you-go systems try to avoid the need for the initial setup phase that includes
creating the mediated schema and source descriptions. Instead, the goal is to offer a system that provides useful services on a collection of heterogeneous data with very little
up-front effort. The following example illustrates a different kind of motivating scenario.

Example 15.2
Consider an example of a nonprofit organization trying to collect data about the world’s water
resources. Initially, the engineers at the organization will be handed a collection of data sources
(typically in the form of spreadsheets or CSV files). There are several challenges they need to
face. First, they will be unfamiliar with the data. They will not know all the terminology used to
collect data about water, nor will they know the contents of the data sources and the relationships between them. Second, some of the sources may be redundant, out of date, or subsumed
by others and therefore not of much use.
Hence, the first step in creating a data integration application is to explore the data in a rather
unstructured fashion. The mediated schema can only be created after they have some familiarity with the data. They will only create semantic mappings to the select set of data sources they
deem useful. Of course, they will also spend significant effort to clean the data and reconcile
references where needed.

The above scenario is very typical in domains where data have been collected by independent experts who want to start collaborating. The key observation is that requiring the
engineers to put all the effort of setting up the data integration system up front may not be
practical or even possible. Instead, the system should enable the engineers to only invest
the effort where the return on the investment is clear, while still providing value even when
all the sources are not integrated.
Dataspace systems have been proposed as a concept for supporting pay-as-you-go
data management systems. Broadly, there are two main components to such a system:
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bootstrapping the system with useful services with no or little human intervention and
guiding the user to improve the semantic coherence over time.
For the first component, providing keyword search over a collection of data coupled
with effective data visualization is already a useful step. Going further, dataspace systems
can employ the techniques we described for automatic schema matching, clustering of
data sources, and automatic extraction of metadata.
For the second component the challenge is to channel the attention of the users
to opportunities for improving the metadata in the system. Improvements to metadata
could be to validate schema mappings, spend some effort on reference reconciliation, or
improve the results of information extraction. As we described earlier, reusing the work
of others and crowdsourcing some tasks are two powerful methods that can be employed
here. Some of these ideas are discussed in the next chapter.
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