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ABSTRACT
The Web is the largest repository of data available, with
over 150 million high-quality tables. Several works have
combined efforts to allow queries on these tables, but
there are still challenges, like the various different types
of structures found on the Web. In this paper, we pro-
pose a taxonomy for the tabular structures and formal-
ize the ones used with relational data and show, through
an experimental evaluation, that WTClassifier, our
supervised framework, classifies Web tables with high
accuracy. Additionally, we use WTClassifier to cat-
egorize more than 300 thousand Web tables into our tax-
onomy and found that 82.25% are not formatted simi-
larly to relational structure.

1. INTRODUCTION
According to Cafarella et al. [2], there are over

150 million HTML tables on the Web with high-
quality relational data. The main incentive for
working with this information is enabling analysis
and integration of data on the Web, since it is the
larger corpus of table ever seen. Several works have
combined their efforts to properly identify [15, 16,
8], extract [9, 3, 12] and label [7, 14] this data, so
it can be used as basis for structured queries. How-
ever, most of them have formatting different from
relational databases. Hence, they should be indi-
vidually analyzed to understand their structures.

Fig. 1 shows a Web table with high-quality re-
lational data found in Wikipedia. Its structure ad-
dresses some challenges faced in table understand-
ing. First of all, attribute names are disposed verti-
cally, and not in a row, as in relational tables. Be-
sides, there are two tables nested and attributes De-
veloped by and Language(s) are multivalued. Data
interpretation within these characteristics is easily
understood by humans, but not by machines.

In face of the many structure types found in ta-
bles on the Web, it is necessary to catalog and in-
terpret most used categories. Thus, we can sim-
plify understanding and processing of Web struc-

Figure 1: Web table with heterogeneous formatting.

tured data. Crestan et al. [6] have already proposed
a taxonomy with nine heterogeneous structures, but
we argue that some important types were ignored.

In this paper, we propose Relational Knowl-
edge Web table categories and present WTClas-
sifier, an Artificial Neural Network-Based Classi-
fier, which learns by analyzing features from each
category. In summary, this paper makes the follow-
ing contributions: (i) definition of a taxonomy for
heterogeneous Web tables; (ii) formalization of its
Relational Knowledge categories; and (iii) a frame-
work for classification of heterogeneous Web tables.

The remainder of this paper is organized as fol-
lows. In Section 2, we propose a Web table tax-
onomy and formalize Relational Knowledge cate-
gories. Later, in Section 3, our classification frame-
work is described. Its experimental evaluation is
shown in Section 4, along with a classification of
342,795 tables collected from the Web. Section 5
discusses related work and compares our framework
with a similar one. Finally, Section 6 presents con-
clusions e future work.

2. WEB TABLES TAXONOMY AND
FORMALIZATION

The Relational Model [5] considers relations as
data structures. Given n sets of domains S1, · · · ,
Sn, R is a relation on these n sets if it is a set of
n-tuples each of which has its first element from S1,
its second element from S2, and so on [5]. In view
of this definition, we propose the subsequent defini-
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tions to formalize Web tables, having the relational
model definition as base. As these Web tables have
relational purpose, i.e., are composed of relational
data, they should also be treated as relations.

The early part of this section brings general con-
cepts of Web tables. They are important to prop-
erly define each Web table category later, in Sub-
section 2.2. Web tables used without relational pur-
poses are briefly described in Subsection 2.3.

2.1 General Concepts
Structure presented on Table 1, with x rows and

y columns, will be used to illustrate some concepts.

Table 1: Structure of a Web table.

v11 v12 · · · v1y
v21 v22 · · · v2y
...

...
...

vx1 vx2 · · · vxy

Definition 2.1 (Web Table). We call Web ta-
bles wt tabular structures found in Web pages,
composed of an ordered set of x rows and y columns.

Definition 2.2 (Cell, Label, Data and Multivalued
Data). Let wt be a Web table with x rows and y
columns, represented on Table 1. Each intersection
between a row and a column determines a cell cij,
which has a value vij, where 1 6 i 6 x and 1 6 j 6
y. Values vij come from set L = {l1, ..., ly}, com-
posed of labels, or from set D = {d1, ..., d(x−1)·y},
composed of data. The elements domain in L is
string, while the elements domain in D might be
strings, Web tables, null values or a set of atomic
values. A value vij is said to be multivalued data
iff it is composed of a set of data values.

Comparing with Relational Model [5], labels are
equivalent to domain names, while data values cor-
responds to elements of these domains. According
to notation presented in [1], labels correspond to
attributes. The major difference between Relational
Tables and Web tables is that the first one has a
unique structure, in which the first row corresponds
to attribute names and the others, to tuples. Fig.
3a shows an example of Web table, where la-
bels (Title and Year), located in the first row, cor-
respond to attribute names for data below.

In order to better understand some Web tables
characteristics, it is important to introduce the con-
cept of sequential cells. It will be used in the
definition of merged cells, found in some cate-
gories presented later.

(a) Main classification.

(b) Secondary classification.

Figure 2: Classification of Web table types.

Definition 2.3 (Sequential Cells). Let cab and cde
be two cells of a Web table wt, where a and
d are indices for the rows and b and e, for the
columns. cells cab and cde are said to be sequen-
tial cells iff only one of the following conditions
is true: d = a + 1 or e = b + 1.

Let m, n and p be three arbitrary cells. If m
is sequential to n and n is sequential to p, then m,
n and p compose a set of sequential cells. For
instance, in Fig. 5a, observe cells in the first row.
The one containing value PLANT is sequential to
cell with COLOR, and this second is sequential to
cell with HEIGHT. Together, all the three com-
pose a set of sequential cells.

Definition 2.4 (Merged Cell). Let mc be a set of
sequential cells of a Web table wt. mc is
said to be merged cell iff all their elements are
associated to the same value v, with v ∈ L or v ∈ D.

An example can be seen in Fig. 5a, where val-
ues v21, v22 and v23 are associated to SHRUBS. As
they have the same value, they are presented in one
condensed cell. It is important to note that only
sequential cells can form a merged cell.

2.2 Relational Knowledge Web Tables
Categorization

Considering all these definitions presented, we
will now introduce and categorize Web table
structures, whose hierarchical classification is pre-
sented in Fig. 2. Note that, as we are interested
on tables with relational purpose, only Relational
Knowledge ones, which can generate data in Rela-
tional Model, are formalized. The others are infor-
mally described in Subsection 2.3.

Definition 2.5 (Horizontal Web Table). A Web
table wt is said to be horizontal iff values vij
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(b 6 i 6 x; j = 1) come from the domain S1,
values vij (b 6 i 6 x; j = 2), from domain S2, and
so on. b corresponds to index of the first row where
∃ vij ∈ D (∀ i; ∀ j). If ∃ vij ∈ L (i = 1; ∀ j),
b assumes value 2 and vij ∈ D (b 6 i 6 x; ∀ j).
Otherwise, b = 1 and values vij ∈ D (∀ i; ∀ j).

In Codd’s definition [5] for the Relational Model,
labels correspond to domain names on which the
Web table wt is defined. The labels set is lo-
cated on the first row, and the values of the remain-
ing rows are data, likewise in a relational table.
Fig. 3a exemplifies this type of structure.

Definition 2.6 (Vertical Web Table). A Web ta-
ble wt is said to be vertical iff values vij (i = 1;
b 6 j 6 y) come from the domain S1, values vij
(i = 2; b 6 i 6 y), from domain S2, and so on.
b corresponds to index of the first column where
∃ vij ∈ D (∀ i; ∀ j). If ∃ vij ∈ L (∀ i; j = 1),
b assumes value 2 and vij ∈ D (∀ i; b 6 j 6 y).
Otherwise, b = 1 and values vij ∈ D (∀ i; ∀ j).

In other words, wt is said to be vertical if its
tuples are disposed vertically. labels set, when
present, is located in first column. In the structure
shown on Table 1, label represented by v11 would
be associated to data located on the first row, i.e.,
from v12 until v1n. This structure was informally
defined as Horizontal Listing in [6] and as Vertical
Table in [14]. Fig. 3b shows an example of this
Web table, where labels (Born, Residence, Na-
tionality, etc.) are located in the first column.

Definition 2.7 (Matrix Web Table). Let S1, S2

and S3 be three different domains. A Web table
wt is said to be matrix iff values vij ∈ S1 (i = 1;
2 6 j 6 y), vij ∈ S2 (2 6 i 6 x; j = 1) and
vij ∈ S3 (2 6 i 6 x; 2 6 j 6 y). Let V be a set
with all values vij ∈ wt. v11 ∈ L and (V−v11) ∈ D.
Each value vij (2 6 i 6 x; 2 6 j 6 y) belongs to
the same tuple as vmj (m = 1) and vin (n = 1).

In other words, each value that are not in the
first row/column is associated to a value in row
header and to another in column header. Fig. 4
shows statistics for car accident, where domain S1

is decades, S2 is causes and S3 is the number of
accidents. A human observer can easily note that
cell c22 content, the number 26, is not an instance
of row header (1980s) neither column header (Pi-
lot error), as they are no labels. It corresponds to
the Number of accidents that happened on 1980s by
Pilot error. Value in cell c11 is the only label in
this Web table, and in this case, is associated to
the first column data values. There are no labels
for Decades and Number of accidents values.

(a) Horizontal Web
table. (b) Vertical Web table.

Figure 3: Examples of Web tables

Figure 4: Example of Matrix Web table.

Definition 2.8 (Concise Web Table). Let mc be
any merged cell. A Web table wt is said to
be concise iff wt ⊃ mc.

In a concise Web table, there is occurrence
of merged cells to avoid repetition of values, so
then it becomes more compact, i.e., concise. Chal-
lenges on interpreting this structure where already
mentioned in recent work [14], where merged cell
is considered a sub-header for the rows below it. We
see the problem in a most general way. In the case
illustrated in Fig. 5a, merged cell values repre-
sent common data for rows below and can be seen
as sub-headers. It could be also represented as a
new attribute posed in another column, with value
shrubs for plants azalea and buddleia; and cultivated
annuals for plant alyssum.

However, in the situation of Fig. 5b, cells dis-
posed vertically were merged and do not act as sub-
headers. In order not to repeat equal year values,
which are the same for the films Death at a Funeral,
I Love You Too and Pete Smalls is Dead (2010 ),
original cells were merged into one.

Definition 2.9 (Nested Web Table). A Web ta-
ble wt is said to be nested iff ∃ vij ∈ wt that is
another Web table.

The Web table presented in Fig. 1 is classified
as nested. It can be observed that there are two
Web tables nested in one, separated for merged
cells containing each Web table title.

(a) (b)

Figure 5: Examples of Concise Web tables
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Definition 2.10 (Splitted Web Table). A Web
table wt is said to be splitted iff its la-
bels present sequential ordered repetitions in the
row/column header. Let s be the number of these
repetitions. Hence, each label is repeated every
z

s+1 cell(s), where z = y if the wt is horizon-
tal; and z = x if it is vertical.

Comparing with Relational Model, we can say
that each data row of a splitted Web table is
composed of s+1 tuples. This fact can be observed
in Fig. 6, where the splitted Web table has
s = 1, i.e., it was horizontally splitted once. Thus,
the set of labels consisting of Rank, City name
and Pop. appears repeated once. In analogy with
the Relational Model, it can be said that rows from
2 to 6 are composed of two tuples.

Figure 6: Example of Splitted Web table.

Definition 2.11 (Multivalued Web Table). Let vij
be any value of Web table wt. wt is said to
be multivalued iff ∃ vij ∈ wt that is a multi-
valued data, composed of a set of k data val-
ues {m1, ...,mk}, which come from the domains
{S1, ..., Sk}, respectively.

In this case, some data values are sets of other
data values, as we will see in subsequent definitions.

Definition 2.12 (Simple Multivalued Web Table).
Let vij be a multivalued data of Web table
wt with k data values. wt is said to be simple
multivalued iff S1 = ... = Sk, i.e., all k data
values of vij come from the same domain.

The Web table in Fig. 1 has multivalued
data in two situations. The first one is in data
value for Developed by, which is composed of two
names (David Benioff and D. B. Weiss). The other
case occurs in Language(s), where the data value
is a set of two strings (English and Dothraki).

Definition 2.13 (Composed Multivalued Web Ta-
ble). Let vij be a multivalued data of Web ta-
ble wt. wt is said to be composed multivalued
iff S1 6= ... 6= Sk, i.e., all k data values of vij are
from different domains.

The Web table in Fig. 3b has composed mul-
tivalued data in Born value, which consists of
information about date and city of birth.

2.3 Layout Web Tables
Most of the HTML tables found on the Web are

used only for layout purpose. According to [6], they
can be divided in formatting and navigational.
The first one is used in order to organize elements
(text, images, videos, tables, etc.) in the page, while
the second category disposes items of menus con-
taining hyperlinks for navigating purpose.

3. WTCLASSIFIER, A NEURAL
NETWORK-BASED CLASSIFIER

In order to automate the Web tables classifica-
tion process, we have developed WTClassifier,
a supervised Neural Network classifier using Neu-
roph1. Our framework learns from analyzing each
category patterns, represented by a list of layout,
HTML and lexical features, likewise approach used
in [6]. Along with 20 features they described, we
added 5 new ones: position of inner HTML tables
and ratio of cells containing unordered lists, ordered
lists, commas and brackets. The first feature helps
on identification of Formatting Web table, while the
other four often characterize multivalued data.

For the training phase, we have provided a list
of 25 features extracted from 4,000 Web tables and
their categories (golden collection). As output, we
have 1 neuron per category, with value ranging from
0 to 1. We have used Multilayer Perceptron Net-
work, with 1 hidden layer and resilient propagation.
Classification process steps are described below.

Main Classification separates Web tables in
five categories: horizontal, vertical, matrix,
formatting and navigational. These classes are
mutually exclusive, i.e., a Web table cannot be in
more than one of these classes at a time.

Secondary Classification categorizes hor-
izontal, vertical and matrix in concise,
nested, splitted, simple multivalued and/or
composed multivalued. As input, we consider
25 features mentioned before plus the category ob-
tained in Main Classification. Output categories are
not mutually exclusive.

4. EXPERIMENTS
We have developed a crawler focused on extract-

ing Web tables. As seeds, we have used Wikipedia,
e-commerce, news and university sites, visiting a
total of 174,927 pages, in which 104,261 contained
Web tables. From these pages, we have extracted
631,382 HTML tables. Discarding repeated ones,
342,795 were left.

1Neural Network Framework (neuroph.sourceforge.net)
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(a) Main Classification.

(b) Secondary Classification.

Figure 7: Recall vs precision graphs.

(a) Main Classific. (b) Secondary Classific.

Figure 8: Distribution of Web tables.

4.1 Web Tables Distribution
First, we have ran WTClassifier to categorize

the set with 342,795 Web tables in Main Classifica-
tion. Latter, the ones first categorized as Relational
Knowledge (75,233), went through Secondary Clas-
sification. Observing Fig. 8a, we note that the most
used structure to represent relational data is hori-
zontal (17.1%), followed by vertical (5.7%). A
total of 1.3% of our set was not classified in any
of our categories. Observing Secondary Classifica-
tion distribution, it can be seen that multivalued
is the most often type, occuring in 74.9% of Re-
lational Knowledge Web tables (40.1% inclusive
plus 34.8% composed).

In order to verify how many Relational Knowl-
edge Web tables were formatted similarly to rela-
tional structure, we have counted the number of
horizontal occurences that do not fit in any cat-
egory of Secondary Classification. We found that
only 17.75% present this homogeneous structure.

4.2 WTClassifier Quality Evaluation
For each classification phase, there were gener-

ated 10 non-overlapping sets from our golden collec-
tion (90% of examples used for training and 10% for
testing purpose). Using these values, through a 10-

fold cross-validation process, we obtained precision
and recall values represented in Fig. 7. matrix, the
category with the lowest representation (Fig. 8a),
is the one with worst precision values. This hap-
pens because there are too few cases of matrix in
the training set (14). In Secondary Classification, it
can be seen that WTClassifier is presenting diffi-
culties on distinguishing categories where merged
cells are more often (concise and nested), and
therefore, they present lower precision values. On
the other hand, simple and composed multival-
ued have the best results due to their representa-
tively in training set, plus full cover of their main
patterns in features list described in Section 3.

Comparing F-measure values in Table 2 for over-
lapping categories, we can see that WTClassifier
outperforms TabEx [6] in horizontal, vertical,
formatting and navigational categories.

TabEx WTClassifier
Horizontal 0.72 0.83
Vertical 0.24 0.71
Matrix 0.30 0.22
Formatting 0.86 0.95
Navigational 0.45 0.60

Table 2: F-measure for TabEx and WTClassifier.

5. RELATED WORK
Since Cafarella [2] attested the wealth of knowl-

edge present in HTML tables, some studies have fo-
cused on them [7, 10, 14, 3, 13, 11]. The main issue
with this data structure comes from the fact of them
being made for human consumption, and therefore,
machines have difficulty on interpreting some kinds
of formatting. Heterogeneous structures for HTML
tables, like vertical tables and lists presented in two
dimensions were already noticed and dismissed in
previous work [4, 14]. While most of them only
worried about detecting HTML tables similar to re-
lational tables [2, 4, 16], Yoshida et al. [17] came
up with a method to integrate tables of the Web
and proposed nine categories. However, these cate-
gories do not reflect the most common cases found
on the Web today. A more complete taxonomy was
proposed by Crestan et al. [6], where categories
range from tables used only for layout purpose to
structures similar to relational tables.

The most recent taxonomy proposed [6] has 7
categories of Relational Knowledge Tables. Even
though this classification is useful, it presents some
conceptual issues. One should note that, planning
algorithms for bringing heterogeneous Web tables
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to a unique structure, Attribute/Value (Web table
with only one entity) and Enumeration (Web table
with only one attribute) categories should be simply
classified in Vertical or Horizontal categories; while
Form type should not be classified as Relational
Knowledge Table, as they have no high-quality rela-
tional data. Furthermore, they consider only inner
HTML tables in classification process, assuming all
ones are formatting; while we add this character-
istic as input on Neural Network and let it decide
how important this feature is for each category. An-
other point is that since we are dealing with tables,
which are, formally, relations [5], it would be ap-
propriate to formally define them according to the
Set Theory.

Comparing results in Fig. 8a with the one re-
ported by Crestan et. al [6], we note that Lay-
out categories (formatting and navigational)
do not present similar values for Web table distri-
bution. We suppose this is due to different seeds
used for crawling. As we are most interested in an-
alyzing Relational Knowledge structures, many of
our Web tables come from Wikipedia, known for
its high-quality data. Thereby, we obtained higher
occurrences of Horizontal and Vertical Web
tables. Moreover, tables classified as Enumera-
tion and Attribute/value in TabEx are classified as
Horizontal or Vertical in WTClassifier.

6. CONCLUSIONS AND FUTURE
WORK

We have presented formalizations for Relational
Knowledge Web tables, essential for defining algo-
rithms to deal with them. Besides, we propose a
taxonomy for Web tables categories, with five not
mentioned in previous work. Comparing F-measure
values of WTClassifier with reported results of
TabEx [6], we note that our framework outperforms
on identifying four, in a total of five categories in
common. As future work, we highlight the impor-
tance of defining algorithms for bringing all cate-
gories to a unique structure. Thus, applications
which deal with Web table data would not worry
about their heterogeneous characteristics. Another
issue consists of Web tables which subject is in sur-
rounding text, and not within its structure.
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