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Chapter 6

DETECTING TABLES IN HTML DOCUMENTS

6.1 Introduction

The increasing ubiquity of the Internet has brought about a constantly increasing
amount of online publications. A Hypertext Markup Language (HTML) document
format is used on the World-Wide Web. In the traditional document image analy-
sis, the input are images which are obtained by scanning normal document pages.
The document analysis is conducted from the image pixel level. The web docu-
ment analysis is worked on HTML documents. Built on top of SGML, “Tags” in
HTML are embedded in the text. Matched pairs of directives, like ¢ ‘<TABLE>’’ and
¢ “</TABLE>’’ are used to delimit text which is to appear in a special place or style.
By checking the different tags, we can know the different entity types.

As a compact and efficient way to present relational information, tables are used
frequently in web documents. Since tables are inherently concise as well as infor-
mation rich, the automatic understanding of tables has many applications including
knowledge management, information retrieval, web mining, summarization, and con-
tent delivery to mobile devices. The processes of table understanding in web doc-
uments include table detection, functional and structural analysis and finally table
interpretation [35].

In this chapter, we concentrate on the problem of table detection. The web pro-
vides users with great possibilities to use their own style of communication and expres-
sions. In particular, people use the <TABLE> tag not only for relational information

display but also to create any type of multiple-column layout to facilitate easy view-



71

2 CRMDaily: Real-time CRM Industry News from Around the World - Microsoft Internek | - 10| x|

Fie Edt Wiew Favories | Toos  Help |

GaBack ~ = - @D [2) i} | @search GFavortes (Brisory | G- S @ - =]

adiress [ http:(fowmn crmelily. com/stocks/ = [unks ”‘
CRIMDAILY & } crM sTOGKS Explore; [NewsFactor Sties by Topic '|

i free newsfeeds™ | open farums' free newsletters’|

Non-genuine
able

business software

& Gaction Updsted Today

[Ceront page®  [archives # [Tcustemer Loyalty | I I Mgrt_|
3 lization ® | Back Offica ® | Contact Centers | Big Deals [Tups 8 Downs ® | “stock Index®__|

E " Rugust 09, 2001
5

tech news for. T
your web site

MARKET WATCH
APAC seP 1183.53
ABAC 291 -0.04 X% -1.689%
(G0 MAS  1968,36
Applix 140 a1 K 7omen M business software [[EISSN NFCECERT:
(APLE) )
Blus Martini A week on This Siter
(BLUE) 150 -0.05 X -3.22% . NOW WEBSPHERE [T EE ) unINzwsFa:m

Most Popular
?’\“J‘gi‘;‘“” 212 -0.22 X -6.38% B“"mus YOU % Most Popular

i THE POWER INSIDE

Calico 0.14  0.00 & 036 H OF DYNAMIC Genuine Table
(GLIC) g - b |

E-BUSINESS.
Comvergys oo oo

MEW Oracle La
(cva)

-0.68 X -2.21%
Davox

e a.00 +0.05 % +0.55%

MEW: Study: Consultants
0.17 -0.04 X -19.04% DOWNLOAD Hl-Equipped To Integrate

Packaged Apps
FREE TRIAL CODE. |[ENSSonts

Dalano
(DTES)

28ain
(EET) wEws CRM Weekly
eloyalty nte 0,02 K 41808 Roundtabls: Give

(ELov) b Biometrics Cradit =

I il Stnams
‘ | _’lJ
A

&1 hittp:/jvwn.crmdaily. comj [ [ [ nternet

1.85 -0.01 X -0.53%

Figure 6.1: Examples of genuine and non-genuine tables.

ing, thus the presence of the <TABLE> tag does not necessarily indicate the presence of
a true relational table. In this chapter, we define genuine tables to be document enti-
ties where a two dimensional grid is semantically significant in conveying the logical
relations among the cells [75]. Conversely, Non-genuine tables are document entities
where <TABLE> tags are used as a mechanism for grouping contents into clusters for
easy viewing only. Figure 6.1 gives a few examples of genuine and non-genuine ta-
bles. While genuine tables in web documents could also be created without the use
of <TABLE> tags at all, we do not consider such cases in this article as they seem very
rare from our experience. Thus, in this study, Table detection refers to the technique
which classifies a document entity enclosed by the <TABLE></TABLE> tags as a genuine
or non-genuine table.

In this chapter, we describe a new machine learning based approach for table

detection from generic web documents. While many learning algorithms have been
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developed and tested for document analysis and information retrieval applications,
there seems to be strong indication that good document representation including fea-
ture selection is more important than choosing a particular learning algorithm [69].
Thus in this work our emphasis is on identifying features that best capture the charac-
teristics of a genuine table compared to a non-genuine one. In particular, we introduce
a set of novel features which reflect the layout as well as content characteristics of
tables. These features are then used in a tree classifier and a support vector machine
classifier trained on thousands of examples. To facilitate the training and evaluation
of the table classifier, we designed a novel web document table ground truthing proto-
col and used it to build a large table ground truth database. The database consists of
1,393 HTML files collected from hundreds of different web sites and contains 11,477
leaf <TABLE> elements, out of which 1,740 are genuine tables. Experiments on this
database using the cross validation method demonstrate a significant performance
improvement over the previously developed rule-based system [75].

The rest of the chapter is organized as follows. We review the previous work in
Section 6.2. We describe our feature set in Section 6.3, followed by a brief description
of the decision tree classifier and support vector machine classifier in Section 6.4. In
Section 6.5, we present a novel table ground truthing protocol and explain how we
built our database. Experimental results are then reported in Section 6.6 and we

conclude with future directions in Section 6.7.

6.2 Literature Review

Several researchers have reported their work on web table detection [15, 35, 105].
In [15], Chen et.al. used heuristic rules and cell similarities to identify tables. They
tested their table detection algorithm on 918 tables from airline information web pages
and achieved an F-measure of 86.50%. Yoshida et.al. proposed a method to integrate

WWW tables according to the category of objects presented in each table [105]. Their



73

data set contains 35,232 table tags gathered from the web. They estimated their
algorithm parameters using all of table data and then evaluated algorithm accuracy
on 175 of the tables. The average F-measure reported in their paper is 82.65%. In
[75], Penn et.al proposed a rule-based algorithm for identifying genuinely tabular
information as part of a web content filtering system for content delivery to mobile
devices. The algorithm was designed for major news and corporate web site home
pages and consisted mainly of the following rules: a table element is a genuine table
if: (1) it is multi-row and multi-column, (2) its table cells have at most one non-text-
level-formatting tag and no lists, frames, forms or image tags; and (3) the length (in
characters) of the content of each cell is less than a given threshold. It was tested
on 75 web site front-pages and achieved an F-measure of 88.05%. While it worked
reasonably well for the system it was designed for, it has the disadvantage that it
is domain dependent and difficult to extend because of its reliance on hand-crafted
rules.

To summarize, previous methods for web table detection all relied on heuristic
rules and were only tested on a database that is either very small [75], or highly
domain specific [15]. Hurst mentioned that a Naive Bayes classifier algorithm pro-
duced adequate results but no detailed algorithm and experimental information was

provided [35].

6.3 Features for Web Table Detection

Feature selection is a crucial step in any machine learning based methods. In our
case, we need to find a combination of features that together provide significant
separation between genuine and non-genuine tables while at the same time constrain
the total number of features to avoid the curse of dimensionality. Past research
has clearly indicated that layout and content are two important aspects in table

understanding [35]. Our features were designed to capture both of these aspects.
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In particular, we developed 16 features which can be categorized into three groups:
seven layout features, eight content type features and one word group feature. In the
first two groups, we attempt to capture the global composition of tables as well as
the consistency within the whole table and across rows and columns. With the last
feature, we investigate the discriminative power of words enclosed in tables using well
developed text categorization techniques.

Before feature extraction, each HI'ML document is first parsed into a document
hierarchy tree using Java Swing XML parser with W3C HTML 3.2 DTD [75]. A
<TABLE> node is said to be a leaf table if and only if there are no <TABLE> nodes
among its children [75]. Our experience indicates that almost all genuine tables are
leaf tables. Thus in this study only leaf tables are considered candidates for genuine
tables and are passed on to the feature extraction stage. In the following we describe

each feature in detail.

6.3.1 Layout Features

In HTML documents, although tags like <TR> and <TD> (or <TH>) may be assumed
to delimit table rows and table cells, they are not always reliable indicators of the
number of rows and columns in a table. Variations can be caused by spanning cells
created using <ROWSPAN> and <COLSPAN> tags. Other tags such as <BR> could be used
to move content into the next row. Therefore to extract layout features reliably one
can not simply count the number of <TR>’s and <TD>’s. For this purpose, we maintain
a matrix to record all the cell spanning information and serve as a pseudo rendering
of the table. Layout features based on row or column numbers are then computed
from this matrix.

Given a table 7', assuming its numbers of rows and columns are rn and cn respec-

tively, we compute the following layout features:

e Average number of columns, computed as the average number of cells per row:
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c= 2 > it ci, where ¢; is the number of cells in row 7,7 = 1, ..., 7n;

rn

e Standard deviation of number of columns: dC' = \/# Z:Zl(cz —¢) X (¢ — ¢);

e Average number of rows, computed as the average number of cells per column:

r==L > it i, where 7; is the number of cells in column 4, i = 1,..., en;
rn 1=

e Standard deviation of number of rows, dR. dR = \/i Yo (ri—r) % (r; — 7).

Since the majority of tables in web documents contain characters, we compute

three more layout features based on cell length in terms of number of characters:

e Average overall cell length: ¢l = i Yoo cl;, where en is the total number of

cells in a given table and cl; is the length of cell 7, 2 = 1,..., en;

e Standard deviation of cell length: dCL = \/i doit(eli — el) x (cl; — l);
e Average Cumulative length consistency, CLC.

The last feature is designed to measure the cell length consistency along either row
or column directions. It is inspired by the fact that most genuine tables demonstrate
certain consistency either along the row or the column direction, but usually not
both, while non-genuine tables often show no consistency in either direction. First,
the average cumulative within-row length consistency, C'LC,., is computed as follows.
Let the set of cell lengths of the cells from row 7 be R;, i = 1,...,r (considering only

non-spanning cells):
1. Compute the mean cell length, m,, for row R;.

2. Compute cumulative length consistency within each R;:

CLC,; = Z LC,,.

clER;
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Here LC, is defined as: LC,; = 0.5 — D, where D = min{%, 1.0}. Intu-
itively, LC,; measures the degree of consistency between cl and the mean cell
length, with —0.5 indicating extreme inconsistency and 0.5 indicating extreme
consistency. When most cells within R; are consistent, the cumulative measure

CLC; is positive, indicating a more or less consistent row.

3. Take the average across all rows:

1 T
CLC, = . ; CLC;.

After the within-row length consistency C'LC) is computed, the within-column
length consistency C'LC, is computed in a similar manner. Finally, the overall cumu-

lative length consistency is computed as CLC = max(CLC,,CLC.).

6.3.2 Content Type Features

Web documents are inherently multi-media and has more types of content than any
traditional documents. For example, the content within a <TABLE> element could
include hyperlinks, images, forms, alphabetical or numerical strings, etc. Because of
the relational information it needs to convey, a genuine table is more likely to contain
alpha or numerical strings than, say, images. The content type feature was designed
to reflect such characteristics.

We define the set of content types 7 = { Image, Form, Hyperlink, Alphabetical,

Digit, Empty, Others }. Our content type features include:

e The histogram of content type for a given table. This contributes 7 features to

the feature set;

e Average content type consistency, C'T'C.
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The last feature is similar to the cell length consistency feature. First, within-row
content type consistency C'T'C,. is computed as follows. Let the set of cell type of the

cells from row i as 7;, i = 1,...,r (again, considering only non-spanning cells):

1. Find the dominant type, DT}, for 7;.

2. Compute the cumulative type consistency with each row R;, 1 =1,...,7:
CTC;= Y D,
ct€ER;

where D = 1 if ct is equal to DT; and D = —1, otherwise.

3. Take the average across all rows:

1 r
CTC, ==Y CTC,

The within-column type consistency is then computed in a similar manner. Fi-

nally, the overall cumulative type consistency is computed as:

CTC = max(CTC,,CTC,).

6.3.3 Word Group Feature

If we look at the enclosed text in a table and treat it as a “mini-document”, table
classification could be viewed as a text categorization problem with two broad cate-
gories: genuine tables and non-genuine tables. In order to explore the the potential
discriminative power of table text at the word level, we experimented with several
text categorization techniques.

Text categorization is a well studied problem in the IR community and many al-
gorithms have been developed over the years (e.g., [42, 104]). For our application,

we are particularly interested in algorithms with the following characteristics. First,
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it has to be able to handle documents with dramatically differing lengths (some ta-
bles are very short while others can be more than a page long). Second, it has to
work well on collections with a very skewed distribution (there are many more non-
genuine tables than genuine ones). Finally, since we are looking for a feature that
can be incorporated along with other features, it should ideally produce a continuous
confidence score rather than a binary decision. In particular, we experimented with
three different approaches: vector space, naive Bayes and weighted kNN. The details

regarding each approach are given below.

Vector Space Approach

After morphing[80] and removing the infrequent words, we obtain the set of words
found in the training data, Y. We then construct weight vectors representing genuine
and non-genuine tables and compare that against the frequency vector from each new
incoming table.

Let Z represent the non-negative integer set. The following functions are defined

on set W.

e df : W — Z, where df®(w;) is the number of genuine tables which include

word w;, 1 =1,..., |[W)|;

o tf¢: W — Z where tf(w,) is the number of times word w;, i = 1,...,|W],

appears in genuine tables;

o df¥ : W — Z, where df" (w;) is the number of non-genuine tables which include

word w;, i = 1,...,|W|;

o tfV : W — Z where tf¥(w;) is the number of times word w;, i = 1,...,|W|,

appears in non-genuine tables.
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o tfT:W — Z, where tfT(w;) is the number of times word w;, w; € W appears

in a new test table.

To simplify the notations, in the following discussion, we will use df, tf¢ , dfN
and tf¥ to represent df%(w;), tf¢(w;), df ¥ (w;) and tf¥ (w;), respectively.

Let N9, NV be the number of genuine tables and non-genuine tables in the train-
ing collection, respectively and let C' = max(N¢, NV). Without loss of generality, we
assume N¢ # 0 and NV # 0. For each word w; in W, i = 1,..., [W|, two weights, p¢

and p’ are computed:

S = thlog(NG di +1), when df¥ #0 (6.1
' tfl-Glog(NG C+1), when dfy =0

N
oY — tf-Nlog(%’N ;\]i—g +1), when dff #0 (62)
Z leog( C’ +1), when dff =0

As can be seen from the formulas, the definitions of these weights were derived

from the traditional ¢ f *idf measures used in informational retrieval ([42]), with some
adjustments made for the particular problem at hand.

Given a new incoming table, let us denote the set including all the words in it as
W,.. Since W is constructed using thousands of tables, the words that are present
in both W and W, are only a small subset of WW. Based on the vector space model,
we define the similarity between weight vectors representing genuine and non-genuine
tables and the frequency vector representing the incoming table as the corresponding
dot products. Since we only need to consider the words that are present in both W
and W,, we first compute the effective word set: W, = W N W,,. Let the words in
W, be represented as w,,,, where my,k = 1,...,|[W,|, are indexes to the words from

set W = {wq, ws, ..., w|W|}. we define the following vectors:

— G Pm
e Weight vector representing the genuine table group: Gg= (%, pgz R %) ,

We|
where U is the cosine normalization term: U = \/ Elk el G, x pS .
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e Weight vector representing the non-genuine table group:

N N N
om (%2 B

Vv’ V

: : ot LV — Wel n N
, where V' is the cosine normalization term: V = \/ pist Py X Doy

e Frequency vector representing the new incoming table:
o T T T
IT: (tfmlat mgy ’tfmIWeI) .

Finally, the word group feature is defined as the ratio of the two dot products:

- = - -
I:Gs  when Iy - Ng# 0
Ir-Ns - = "
Weys = 1, when Iz - Gs=0and Iy - Ng=0 (6.3)
- = - =
10, when Iz - Gg# 0and Iy - Ng=0

Naive Bayes approach

In the Bayesian learning framework, it is assumed that text data has been generated
by a parametric model, and a set of training data is used to calculate Bayes optimal
estimates of the model parameters. Then, using these estimates, Bayes rule is used
to turn the generative model around and compute the probability of each class given
an input document.

Word clustering is commonly used in a Bayes approach to achieve more reliable
parameter estimation. For this purpose we implemented the distributional clustering
method introduced by Baker and McCallum [3]. First stopwords and words that only
occur in less than 0.1% of the documents are removed. The resulting vocabulary
has roughly 8000 words. Then distribution clustering is applied to group similar
words together. Here the similarity between two words w; and w; is measured as the
similarity between the class variable distributions they induce: P(C|w;) and P(C|wy),
and computed as the average KL divergence between the two distributions. (see [3]

for more details).
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Assume the whole vocabulary has been clustered into M clusters. Let w, represent
a word cluster, and C = {g,n} represent the set of class labels (g for for genuine,

n for non-genuine), the class conditional probabilities are (using Laplacian prior for

smoothing):
tfG we) + 1
tfN¥ (w,) + 1
PluyC =n) = — L W)+ 1 (6.5)
M+ 35, 8N (wi)
The prior probabilities for the two classes are: P(C' = g) = Né\i% and P(C'=n) =
NN

Given a new table d;, let d;; represent the kth word cluster. Based on the Bayes

assumption, the posterior probabilities are computed as:

P(C = g)P(di|C = g)

P(C = gld;) = ) (6.6)
P(C = g) TI|2, P(wis]C = g)

~ g e 9/ (6.7)
P(C = n) [Til, P(wix|C = n)

~ L . (6.9)

Finally, the word group feature is defined as the ratio between the two:

P(C = g) TT{, P(wii|C = g)
W = BT =) |di|1 —, (6.10)
") [[rmy P(wik|C = n)
[d:]
_ N¢ 11 P(wix|C = g) (6.11)

NN Eel P(wl,k|0 = n)
Weighted kNN Approach

kNN stands for k-nearest neighbor classification, a well known statistical approach. It
has been applied extensively to text categorization and is one of the top-performing

methods ([104]). Its principle is quite simple: given a test document, the system
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finds the k nearest neighbors among the training documents, and uses the category
labels of these neighbors to compute the likelihood score of each candidate category.
The similarity score of each neighbor document to the test documents is used as the
weight for the category it belongs to. The category receiving the highest score is then
assigned to the test document.

In our application the above procedure is modified slightly to generate the word
group feature. First, for efficiency purpose, the same preprocessing and word clus-
tering operations as described in the previous section is applied, which results in M
word clusters. Then each table is represented by an M dimensional vector composed
of the term frequencies of the M word clusters. The similarity score between two
tables is defined to be the cosine value ([0, 1]) between the two corresponding vectors.
For a new incoming table d;, let the k training tables that are most similar to d; be
represented by d; ;,7 = 1, ..., k. Furthermore, let sim(d;, d; ;) represent the similarity
score between d; and d, j, and C(d; ;) equals 1.0 if d, ; is genuine and —1.0 otherwise,

the word group feature is defined as:

k .
. Cl(d; ;)sim(d;, d; ;

Wi~ Tkt Oldigim(as i) 012
> =1 stm(d;, d; ;)

6.4 Classification Scheme

Various classification schemes have been widely used in document categorization as
well as web information retrieval [104, 64]. For the table detection task, the decision
tree classifier is particularly attractive as our features are highly non-homogeneous.
We also experimented with Support Vector Machines (SVM), a relatively new learning

approach which has achieved one of the best performances in text categorization [104].

6.4.1 Decision Tree

Decision tree learning is one of the most widely used and practical methods for induc-

tive inference. It is a method for approximating discrete-valued functions in a way
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that is robust to noisy data.

Decision trees classify an instance by sorting it down the tree from the root to some
leaf node, which provides the classification of the instance. Each node in a discrete-
valued decision tree specifies a test of some attribute of the instance, and each branch
descending from that node corresponds to one of the possible values for this attribute.
Continuous-valued decision attributes can be incorporated by dynamically defining
new discrete-valued attributes that partition the continuous attribute value into a
discrete set of intervals [68].

An implementation of the continuous-valued decision tree described in [30] was
used for our experiments. The decision tree is constructed using a training set of
feature vectors with true class labels. At each node, a discriminant threshold is
chosen such that it minimizes an impurity value. The learned discriminant function
splits the training subset into two subsets and generates two child nodes. The process
is repeated at each newly generated child node until a stopping condition is satisfied,
and the node is declared as a terminal node based on a majority vote. The maximum
impurity reduction, the maximum depth of the tree, and minimum number of samples

are used as stopping conditions.

6.4.2 Support Vector Machine

Support Vector Machines (SVM) are based on the Structural Risk Management princi-
ple from computational learning theory [90]. The idea of structural risk minimization
is to find a hypothesis h for which the lowest true error is guaranteed. The true error
of h is the probability that A will make an error on an unseen and randomly selected
test example.

The SVM method is defined over a vector space where the goal is to find a decision
surface that best separates the data points into two classes. More precisely, the

decision surface by SVM for linearly separable space is a hyperplane which can be
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written as

w-Z—b=0

where ¥ is an arbitrary data point and the vector W and constant b are learned from
training data. Let D = (y;, ;) denote the training set, and y; € {+1,—1} be the
classification for z;, the SVM problem is to find @ and b that satisfies the following
constraints:

—

w-z; —b>+1 fory, =+1
w-z; —b< =1 fory,=-—1

while minimizing the vector 2-norm of .

The SVM problem in linearly separable cases can be efficiently solved using quadratic
programming techniques, while the non-linearly separable cases can be solved by ei-
ther introducing soft margin hyperplanes, or by mapping the original data vectors to
a higher dimensional space where the data points become linearly separable [90, 18].

One reason why SVMs are very powerful is that they are very universal learners.
In their basic form, SVMs learn linear threshold functions. Nevertheless, by a simple
“plug-in” of an appropriate kernel function, they can be used to learn polynomial
classifiers, radial basis function (RBF) networks, three-layer sigmoid neural nets, etc.
[18].

For our experiments, we used the SV M"9" system implemented by Thorsten

Joachims !.

6.5 Data Collection and Ground Truthing

Since there are no publicly available web table ground truth database, researchers
tested their algorithms in different data sets in the past [15, 75, 105]. However,

their data sets either had limited manually annotated table data (e.g., 918 table

 http:/ /svmlight.joachims.org
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tags in [15], 75 HTML pages in [75], 175 manually annotated table tags in [105]), or
were collected from some specific domains, (e.g., a set of tables selected from airline
information pages were used in [15]). To develop our machine learning based table
detection algorithm, we needed to build a general web table ground truth database

of significant size.

6.5.1 Data Collection

Instead of working within a specific domain, our goal of data collection was to
get tables of as many different varieties as possible from the web. To accomplish
this, we composed a set of key words likely to indicate documents containing ta-
bles and used those key words to retrieve and download web pages using the Google
search engine. Three directories on Google were searched: the business directory and
news directory using key words: {table, stock, bonds, figure, schedule,
weather, score, service, results, value}, and the science directory using key
words {table, results, value}. A total of 2,851 web pages were downloaded in
this manner and we ground truthed 1,393 HTML pages out of these (chosen randomly
among all the HTML pages). These 1,393 HTML pages from around 200 web sites

comprise our database.

6.5.2 Ground Truthing

There has been no previous report on how to systematically generate web table ground
truth data. To build a large web table ground truth database, a simple, flexible and
complete ground truth protocol is required. Figure 6.2(a) shows the diagram of our
ground truthing procedure. We created a new Document Type Definition(DTD)
which is a superset of W3C HTML 3.2 DTD. We added three attributes for <TABLE>
element, which are “tabid”, “genuine table” and “table title”. The possible value
of the second attribute is yes or no and the value of the first and third attributes

is a string. We used these three attributes to record the ground truth of each leaf
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<TABLE> node. The benefit of this design is that the ground truth data is inside
HTML file format. We can use exactly the same parser to process the ground truth
data.

We developed a graphical user interface for web table ground truthing using the
Java [9] language. Figure 6.2(b) is a snapshot of the interface. There are two
windows. After reading an HTML file, the hierarchy of the HT'ML file is shown in
the left window. When an item is selected in the hierarchy, the HT'ML source for the
selected item is shown in the right window. There is a panel below the menu bar.
The user can use the radio button to select either genuine table or non-genuine table.

The text window is used to input table title.

6.5.3 Database Description

Our final table ground truth database contains 1,393 HTML pages collected from
around 200 web sites. There are a total of 14,609 <TABLE> nodes, including 11,477
leaf <TABLE> nodes. Out of the 11,477 leaf <TABLE> nodes, 1,740 are genuine
tables and 9,737 are non-genuine tables. Not every genuine table has its title and
only 1,308 genuine tables have table titles. We also found at least 253 HTML files
have unmatched <TABLE>, </TABLE> pairs or wrong hierarchy, which demonstrates

the noisy nature of web documents.

6.6 Experiments

A hold-out method is used to evaluate our table classifier. We randomly divided the
data set into nine parts. The decision tree was trained on eight parts and then tested
on the remaining one part. This procedure was repeated nine times, each time with
a different choice for the test part. Then the combined nine part results are averaged
to arrive at the overall performance measures[30].

For the layout and content type features, this procedure is straightforward. How-
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Figure 6.2: (a) The diagram of ground truthing procedure;

ground truthing software.

(b) A snapshot of the
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ever it is more complicated for the word group feature training. To compute w,
for training samples, we need to further divide the training set into two groups, a
larger one (7 parts) for the computation of the weights p¢ and pV, i = 1,..., (W,
and a smaller one (1 part) for the computation of the vectors 55, ]\_f) s, and I—;; This
partition is again rotated to compute w, for each table in the training set.

The output of the classifier is compared with the ground truth and a contingency
table is computed to indicate the number of a particular class label that are identified
as members of one of two classes. The possible true- and detected-state combina-

tions are shown in Table 6.1. Three performance measures Recall Rate(R), Precision

Rate(P) and F-measure(F) are computed as follows:

pe N o Ny o REP
Ngg‘l’Ngn Ngg+Nng 2

Table 6.1: Possible true- and detected-state combinations for two classes

True Assigned Class
Class genuine table | non-genuine table
genuine table Ny, Ny,
non-genuine table Ny Non

6.6.1 Feature Study

For comparison among different features we report the performance measures when
the best F-measure is achieved. The results of the table detection algorithm using
various features and feature combinations are given in Table 6.2. For both the naive
Bayes based and the kNN based word group features, 120 word clusters were used

(M = 120).
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Table 6.2: Experimental results using various feature groups

L T LT | LTW-VS | LTW-NB LTW-KNN
R (%) | 87.24 | 90.80 | 94.20 94.25 95.46 89.60
P (%) | 88.15 | 95.70 | 97.27 97.50 94.64 95.94
F (%) | 87.70 | 93.25 | 95.73 95.88 95.05 92.77

L: Layout features only.

T: Content type features only.

LT: Layout and content type features.

LTW-VS: Layout, content type and vector space based word group features.
LTW-NB: Layout, content type and naive Bayes based word group features.
LTW-KNN: Layout, content type and kNN based word group features.

As seen from the table, content type features performed better than layout features
as a single group, achieving an F-measure of 93.25%. However, when the two groups
were combined the F-measure was improved substantially to 95.73%, reconfirming the
importance of combining layout and content features in table detection.

Among the different approaches for the word group feature, the vector space based
approach gave the best performance when combined with layout and content features.
However even in this case the addition of the word group feature brought about only
a very small improvement. This indicates that the text enclosed in tables is not very
discriminative, at least not at the word level. One possible reason is that the cate-
gories “genuine” and “non-genuine” are too broad for traditional text categorization

techniques to be highly effective.
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6.6.2 Classification Scheme Study

Table 6.3 compares the performances of different learning algorithms using the feature
set LT'W-VS, which gained the highest F-value by the decision tree classifier. The
learning algorithms tested include the decision tree classifier and the SVM algorithm

with two different kernels — linear and radial basis function (RBF).

Table 6.3: Experimental results using different learning algorithms.

Tree | SVM (linear) | SVM (RBF)
R (%) | 94.25 93.91 95.98
P (%) | 97.50 91.39 95.81
F (%) | 95.88 92.65 95.89

As seen from the table, for this application the SVM with radial basis function
kernel performed much better than the one with linear kernel. It achieved an F
measure of 95.89%. The F measure value achieved by the decision tree classifier was
95.88%. The total number of genuine tables in our data set is 1, 740. When comparing
these two results, the Z-test gives 2=0.0148 with the p-value of 0.4941. So the two
results are statistically equivalent.

Overall, the best results were produced with the combination of layout, content
type and vector space based word group features and using support vector machine
classifier, achieving an F-measure of 95.89%. Figure 6.3 shows two examples of cor-
rectly classified tables, where Figure 6.3(a) is a genuine table and Figure 6.3(b) is a
non-genuine table.

Figure 6.4 shows a few examples where our algorithm failed. Figure 6.4(a) was
misclassified as a non-genuine table, likely because its cell lengths are highly inconsis-
tent and it has many hyperlinks which is unusual for genuine tables. The reason why

Figure 6.4(b) was misclassified as non-genuine is more interesting. When we looked
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|DatE |Dppunent ‘Wﬂ'L |Scure

[sept 17 [errTERURGH W [z
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[t7ov. 5 |sT. LomIS L [31-17 g e Bl S Bt Procasecs... g EpeatTmper, Ftancs, e
|NOV 12 |P1ttsburgh ‘L |37_? Traders & Brokers Associations & Organisations
|Nov 19 |WASI—IINGTON ‘T |2g,23 Physical, Intemational, Futures Consummers, Trade Bodies, Produsers
[tTov. 26 [Ptiladetphia i [35-13 Logistics & Packing Industrial Sugar Users

[Dec 3 |cLEVELAND i [38-17 Supervision, Bags, Shipping... Canfectionery, Beverages.

[Dec. 10 [5t. Lowis L [31-13 Government & Policy Research & Technical

[Dec. 17 [Waskington L [34-24 Environment,Tasiffs, Healtl, Trade... Trade, Field, History, Factory...

(a) (b)

Figure 6.3: Examples of correctly classified tables: (a) a genuine table; (b) a Non-
genuine table.

at its HT'ML source code, we found it contains only two <TR> tags. All text strings in
one rectangular box are within one <TD> tag. Its author used <p> tags to put them in
different rows. This points to the need for a more carefully designed pseudo-rendering
process.

Figure 6.4(c) shows a non-genuine table misclassified as genuine. A close exami-
nation reveals that it indeed has good consistency along the row direction. In fact,
one could even argue that this is indeed a genuine table, with implicit row headers of
Title, Name, Company Affiliation and Phone Number. This example demonstrates
one of the most difficult challenges in table understanding, namely the ambiguous
nature of many table instances (see [32] for a more detailed analysis on that).

Figure 6.4(d) was also misclassified as a genuine table. This is a case where layout
features and the kind of shallow content features we used are not enough — deeper
semantic analysis would be needed in order to identify the lack of logical coherence

which makes it a non-genuine table.
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Figure 6.4: Examples of misclassified tables: (a), (b) Genuine tables misclassified as
non-genuine; (c), (d) Non-genuine tables misclassified as genuine.
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For comparison, we tested the previously developed rule-based system [75] on the
same database. The initial results (shown in Table 6.4 under “Original Rule Based”)
were very poor. After carefully studying the results from the initial experiment we
realized that most of the errors were caused by a rule imposing a hard limit on cell
lengths in genuine tables. After deleting that rule the rule-based system achieved
much improved results (shown in Table 6.4 under “Modified Rule Based”). However,
the proposed machine learning based method still performs considerably better in
comparison. This demonstrates that systems based on hand-crafted rules tend to be
brittle and do not generalize well. In this case, even after careful manual adjustment

in a new database, it still does not work as well as an automatically trained classifier.

Table 6.4: Experimental results of the rule based system.

Original Rule Based | Modified Rule Based
R (%) 48.16 95.80
P (%) 75.70 79.46
F (%) 61.93 87.63

A direct comparison to other previous results ([15], [105]) is not possible currently
because of the lack of access to their system. However, our test database is clearly
more general and far larger than the ones used in [15] and [105], while our precision

and recall rates are both higher.

6.7 Summary

Table detection in web documents is an interesting and challenging problem with
many applications. We present a machine learning based table detection algorithm

for HTML documents. Layout features, content type features and word group features
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were used to construct a feature set and a tree classifier was built using these features.
For the most complex word group feature, we investigated three alternatives: vector
space based, naive Bayes based, and weighted K nearest neighbor based. We also
designed a novel table ground truthing protocol and used it to construct a large
web table ground truth database for training and testing. Experiments on this large
database yielded very promising results and reconfirmed the importance of combining
layout and content features for table detection.

Our future work includes handling more different HTML styles in pseudo-rendering,
detecting table titles of the recognized genuine tables and developing a machine learn-
ing based table interpretation algorithm. We would also like to investigate ways to

incorporate deeper language analysis for both table detection and interpretation.



