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About Us

Shuo Zhang is a final-year PhD student at the Univer-

sity of Stavanger. His PhD research is concerned with

developing intelligent tools for tabular data.

Krisztian Balog is a full professor at the University

of Stavanger, currently on a sabbatical at Google. He

has worked extensively on semi-structured data, entity-

oriented and semantic search.
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Tables are Everywhere
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Statistics on Tables

Web Tables: The WebTables systems (Cafarella et al., 2008a)
extracts 14.1 billion HTML tables and finds 154 million are
high-quality tables (1.1%)

Web Tables: Lehmberg et al. (2016) extract 233 million content
tables from Common Crawl 2015 (2.25% of all tables)

Wikipedia Tables: The current snapshot of Wikipedia contains more
than 3.23 million tables from 520k articles Fetahu et al. (2019)

Spreadsheets: The number of worldwide spreadsheet users is
estimated to exceed 400 million, and about 50 to 80% of businesses
use spreadsheets

...
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Outline

First half (1.5 hrs):

Part I: Introduction
Part II: Table Interpretation
Part III: Knowledge base augmentation

30 mins break

Second half (1.5 hrs):

Part IV: Table Search
Part V: Table augmentation
Part VI: Question answering on tables and other tasks
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Part I: Table Extraction (in Introduction)

Definition

Table extraction is the process of extracting, classifying and storing tabular
data in a consistent format, resulting ultimately in a table corpus.
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Part II: Table Interpretation

Definition

Table interpretation encompasses methods that aim to make tabular data
processable by machines.

Three specific subtasks:

1 Column type identification

2 Entity linking in tables

3 Relation extraction
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Part III: Knowledge Base Augmentation

Definition

Knowledge base augmentation, also known as knowledge base population,
is concerned with generating new instances of relations using tabular data
and updating knowledge bases with the extracted information.
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Part IV: Table Search
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Part V: Table Augmentation
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2 Column extension
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Part VI: QA on Tables

Facts/relations in tables can be used for answering questions

Figure: Illustration from Pasupat and Liang (2015)

Shuo Zhang and Krisztian Balog Web Table Extraction, Retrieval and Augmentation 11 / 49



Table-related Information Access Tasks and Their
Relationships

Web and Docs

Table Search Table 
Extraction

Table 
Interpretation

Table 
Augmentation

Question 
Answering

Knowledge Base 
Augmentation

High level applications

Low-level tasks
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About this Tutorial

Focus is on the breadth of tasks and approaches

Key ideas are highlighted, without discussing intricate details

Slides will be distributed after the tutorial
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Introduction
SIGIR 2019 tutorial - Part I

Shuo Zhang and Krisztian Balog

University of Stavanger
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Outline for this Part

1 Table types

2 Table extraction

3 Table corpora
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Types of Tables
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Development of Type Taxonomy

Reference #types Types
Wang and Hu (2002) 2 Genuine, non-genuine
Cafarella et al. (2008b) 5 Extremely small tables, HTML forms, calendars,

non-relational tables, relational tables
Crestan and Pantel (2011) 2+7 Relational: listings, attribute, matrix, enumeration

and form; Layout: navigational and formatting tables
Lautert et al. (2013) 6+3 ...
Chen and Cafarella (2013) 2+7 ...
...
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Type Taxonomy of (Cafarella et al., 2008b)

A number of table classification schemes have been proposed in the
literature. For example, Cafarella et al. (2008b) classify web tables into
five main types:

1 Extremely small tables are those having fewer than two rows or
columns

2 HTML forms are used for aligning form fields for user input

3 Calendars are a specific table type, for rendering calendars

4 Non-relational tables are characterized by low quality data, e.g., used
only for layout purposes (many blank cells, simple lists, etc.)

5 Relational tables contain high-quality relational data

The above categorization systems are quite diverse. We propose a
normalized categorization scheme based on the main aspects these share.
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Type Taxonomy for this Tutorial

Tables are distinguished along two main dimensions: content and layout.

Dimension Type Description

Content Relational* Describes a set of entities with their attributes
Entity Describes a specific entity
Matrix A three dimensional data set, with row and

column headers
Other Special-purpose tables, including lists, calendars,

forms, etc.

Layout Navigational Tables for navigational purposes
Formatting Tables for visual organization of elements
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Relational Tables

Definition

A relational table describes a set of entities in the core column(s) along
with their attributes in the remaining columns.

Among all types of tables, relational tables are regarded as being of the
highest quality, and are the main focus of this tutorial.
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The Anatomy of a Relational Table

Tp

Tc

TH

TE

T[:j]

T[i:]

T[i,j]

Figure: Illustration of table elements in a web table: table page title (Tp), table
caption (Tc), table headings (TH), table cell (T[i,j]), table row (T[i,:]), table
column (T[:,j]), and table entities (TE ).
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Outline for this Part

1 Table types

2 Table extraction

3 Table corpora
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Table Extraction

Web and Docs

Table Search Table 
Extraction

Table 
Interpretation

Table 
Augmentation

Question 
Answering

Knowledge Base 
Augmentation

High level applications

Low-level tasks

Definition

Table extraction is the process of extracting, classifying and storing tabular
data in a consistent format, resulting ultimately in a table corpus.
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Table Extraction

Table extraction is concerned with the problem of identifying and
classifying tables in web pages, which encompasses a range of more
specific tasks:

1 Relational table classification

2 Header detection

3 Table type classification
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Relational Table Classification

Definition

Relational table classification (also known as identifying high-quality or
genuine tables) refers to the task of predicting whether a web table
contains relational data.
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Cafarella et al. (2008b)

One of the pioneering works

Relational tables are filtered by training a rule-based classifier

The classifier uses table characteristics, like table size and table tags,
as features. The model is trained on a set of manually annotated
tables (as being relational or non-relational) by two human judges

As a result, they construct a high-quality table corpus, consisting of
154 million tables, filtered from 14.1 billion HTML tables
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Results

True class Precision Recall
Relational 0.41 0.81
Non-relational 0.98 0.87

Cafarella et al. (2008b) tuned the training procedure to favor recall
over precision, since most downstream applications will need to
perform the relevance ranking in any case

Retain about 125M of the 154M relations they believe exist in the
raw crawl, at a cost of sending 271M tables to the WebTables search
indexer
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Outline for this Part

1 Table types
2 Table extraction

1 Relational table classification
2 Header detection
3 Table type classification

3 Table corpora
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Header Detection

Definition

To extract data in a structured format, the semantics of tables need to be
uncovered to some extent, for instance, whether they contain a header row
or column. This is known as the task of header detection.
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Header Detection

Headers may be seen as a particular kind of table metadata

Header detection is commonly addressed along with the other two
tasks and uses similar features

Find resources here (statistic on table schema):
https://web.eecs.umich.edu/~michjc/data/acsdb.html
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Outline for this Part

1 Table types
2 Table extraction

1 Relational table classification
2 Header detection
3 Table type classification

3 Table corpora
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Table Type Classification

Definition

Table type classification is the task of classifying tables according to a
pre-defined type taxonomy.
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Balakrishnan et al. (2015)

They follow a similar approach to (Cafarella et al., 2008b) for
relational table classification, but use a richer set of features, which
include both syntactic and semantic information

Syntactic features are related to the structure of the table, as
in (Cafarella et al., 2008b) (e.g., number of rows and columns).

Semantic features are obtained by (detailed in part-2)
1 Determining whether the table falls into a boilerplate section of the

containing page
2 Detecting core columns
3 Identifying column types
4 Detecting binary relationships between columns

They also developed a table search engine (Google Fusion Tables)
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Take-away Points from (Balakrishnan et al., 2015)

1 Most certainly bad tables can be easily excluded using simple rules

2 Semantic features contribute to table type identification
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Lehmberg et al. (2016)

A web table corpus is constructed from the Common Crawl (WDC
Web Table Corpus, to be detailed later)

First, they filter out non-genuine tables (referred to as not innermost
tables, i.e., tables that contain other tables in their cells) and tables
that contain less than 2 columns or 3 rows

Then, using the table extraction framework of DWTC 1, the filtered
tables are classified as either relational, entity matrix, or layout
tables (Eberius et al., 2015)

1https://wwwdb.inf.tu-dresden.de/misc/dwtc/
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Take-away Points from (Lehmberg et al., 2016)

Top level domains Header
cappex.com date
hollisterco.com name
ucm.es comments
wikipedia.org categories
google.com title
d3football.com description
heatlthgrades.com time
reef.org team
seatgeek.com price
gtaforums.com forum

1 Numerical and string attributes share almost equal fractions

2 Contextual metadata and timestamp information are provided
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Nishida et al. (2017)

1 They design a framework named TabNet, consisting of RNN Encoder,
CNN Encoder, and Classifier

2 The RNN Encoder encodes the input table cells to create a 3D table
volume, like image data, in the first step

3 The CNN encoders encode the 3D table volume to capture table
semantics, which is used for table type classification by the Classifier
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Results

Method F1
Cafarella08 0.6926
TabNet 0.8842

Full training dataset result in the best performance

Learning more tables covering various structures and topics helps to
understand the semantics of tables

Though TabNet is designed to capture table structure, it can be
applied to any matrix for type classification
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Feature Summary I

Table: Selected features for relational table classification (RTC), header detection
(HD), and table type classification (TTC) (Part 1/3).

Features Explanation Task
Global layout features
Max rows Maximal number of cells per row RTC, TTC
Max cols Maximal number of cells per column RTC, TTC
Max cell length Maximal number of characters per cell RTC, TTC
#rows Number of rows in the table RTC, HD
#cols Number of columns in the table RTC, HD
%rows Percentage of rows that are mostly NULL RTC
#cols non-string Number of columns with non-string data RTC
µ Average length of cell strings RTC
δ Standard deviation of cell string length RTC
µ
δ

Cell string length RTC
%length one Percentage of columns with |len(row1)− µ| > 2δ HD
%length two Percentage of columns with δ ≤ |len(row1)− µ| ≤ 2δ HD
%length three Percentage of columns with |len(row1)− µ| < δ HD
Avg rows Average number of cells across rows RTC, TTC
Avg cols Average number of cells across columns RTC, TTC
Avg cell length Average length of characters per cell RTC, TTC
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Feature Summary II

Table: Selected features for relational table classification (RTC), header detection
(HD), and table type classification (TTC) (Part 2/3).

Features Explanation Task
Layout features
Std dev rows Standard dev. of the number of cells per row RTC
Std dev cols Standard dev., of the number of cells per column RTC
Std dev cell length Standard dev. of the number of characters per cell RTC
Local length avg Average size of cells in segment RTC
Local length variance Variance of size of cells in segment RTC
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Feature Summary III

Table: Selected features for relational table classification (RTC), header detection
(HD), and table type classification (TTC) (Part 3/3).

Features Explanation Task
Content features
%body non-string Percentage of non-string data in table body HD
%header non-string Percentage of non-string data in the first row HD
%header punctuation Percentage of columns with punctuation in the first row HD
Local span ratio Ratio of cells with a 〈span〉 tag RTC, TTC
Local ratio header Cells containing a 〈th〉 tag RTC, TTC
Local ratio anchor Cells containing an 〈a〉 tag RTC, TTC
Local ratio input Cells containing 〈input〉 tag RTC, TTC
Ratio img Ratio of cells containing images RTC, TTC
Ratio form Ratio of cells containing forms RTC, TTC
Ratio hyperlink Ratio of cells containing hyperlinks RTC, TTC
Ratio alphabetic Ratio of cells containing alphabetic characters RTC, TTC
Ratio digit Ratio of cells containing numeric characters RTC, TTC
Ratio empty Ratio of empty cells RTC, TTC
Ratio other Ratio of other cells RTC, TTC
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Extracting Other Tables

Wikipedia Tables (Bhagavatula et al., 2015; Fetahu et al., 2019)

Extract tables from the Wikipedia dump based on markup
Entity linking is not needed
Pay attention to header detection (spanning headings)

Spreadsheets (Chen and Cafarella, 2013)

Spreadsheets are often roughly relational
A data frame is defined as a block of numerical data
50.5% of the spreadsheets contain a data frame and 32.5% of them
have hierarchical top or left attributes

Scientific tables

Tables from PDFs

...
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Take-away Points for Table Extraction

1 Table extraction aims to extract and store tabular data for convenient
utilization

2 Relational table classification is important as they account for only
1% of all tables

3 Table type taxonomy is developed for table type classification

4 For table extraction, feature engineering works well, but neural
approaches may also be used
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Outline for this Part

1 Table types
2 Table extraction

1 Relational table classification
2 Header detection
3 Table type classification

3 Table corpora
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Table Corpora

Table corpora Type #tables Source

WDC 2012 Web Table Corpus Web tables 147M Common Crawl
WDC 2015 Web Table Corpus Web tables 233M Common Crawl
Dresden Web Tables Corpus Web tables 174M Common Crawl
WebTables Web tables 154M Web crawl
WikiTables 2013 Wikipedia tables 1.6M Wikipedia
WikiTables 2017 Wikipedia tables 3.3M Wikipedia
TableArXiv Scientific tables 0.34M arxiv.org
TableBank Image tables 417K Documents
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Take-away Points for Table Corpora

1 Several large-scale corpora are publicly available (not limited to large
search engine companies)

2 Table corpora are a result of one-off extraction efforts, can become
outdated
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