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Abstract. The problem of extracting structured data (i.e. lists, record
sets, tables, etc.) from the Web has been traditionally approached by
taking into account either the underlying markup structure of a Web
page or the visual structure of the Web page. However, empirical results
show that considering the HTML structure and visual cues of a Web page
independently do not generalize well. We propose a new hybrid method to
extract general lists from the Web. It employs both general assumptions
on the visual rendering of lists, and the structural representation of items
contained in them. We show that our method significantly outperforms
existing methods across a varied Web corpus.
Keywords: Web lists, Web mining, Web information integration.

1

Introduction

The extraction of lists from the Web is useful in a variety of Web mining tasks,
such as annotating relationships on the Web, discovering parallel hyperlinks,
enhancing named entity recognition, disambiguation, and reconciliation. The
many potential applications have also attracted large companies, such as Google,
which has made publicly available the service Google Sets to generate lists from
a small number of examples by using the Web as a big pool of data [13].
Several methods have been proposed for the task of extracting information embedded in lists on the Web. Most of them rely on the underlying HTML markup
and corresponding DOM structure of a Web page [13,1,9,12,5,3,14,7,16,17]. Unfortunately, HTML was initially designed for rendering purposes and not for
information structuring (like XML). As a result, a list can be rendered in several
ways in HTML, and it is diﬃcult to ﬁnd an HTML-only tool that is suﬃciently
robust to extract general lists from the Web.
Another class of methods is based on the rendering of an HTML
page [2,4,6,10,11]. These methods are likewise inadequate for general list extraction, since they tend to focus on speciﬁc aspects, such as extracting tables
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where each data record contains a link to a detail page [6], or discovering tables
rendered from Web databases [10] (deep web pages) like Amazon.com. Due to
the restricted notion of what constitutes a table on the web, these visual-based
methods are not likely to eﬀectively extract lists from the Web in the general
case.
This work aims to overcome the limitations of previous works for what concerns the generality of extracted lists. This is obtained by combining several
visual and structural features of Web lists. We start from the observation that
lists usually contain items which are similar in type or in content. For example,
the Web page shown in Figure 1a) shows eight separate lists. Looking closely
at it, we can infer that the individual items in each list: 1) are visually aligned
(horizontally or vertically), and 2) share a similar structure.
The proposed method, called HyLiEn (Hybrid approach for automatic List
discovery and Extraction on the Web), automatically discovers and extracts
general lists on the Web, by using both information on the visual alignment of
list items, and non-visual information such as the DOM structure of visually
aligned items. HyLiEn uses the CSS2 visual box model to segment a Web page
into a number of boxes, each of which has a position and size, and can either
contain content (i.e., text or images) or more boxes. Starting from the box representing the entire Web page, HyLiEn recursively considers inner boxes, and
then extracts list boxes which are visually aligned and structurally similar to
other boxes. A few intuitive, descriptive, visual cues in the Web page are used
to generate candidate lists, which are subsequently pruned with a test for structural similarity in the DOM tree. As shown in this paper, HyLiEn signiﬁcantly
outperforms existing extraction approaches in speciﬁc and general cases.
The paper is organized as follows. Section 2 presents the Web page layout
model. Sections 3 and 4 explain the methodology used by our hybrid approach
for visual candidate generation and Dom-Tree pruning, respectively. Section 5
provides the methodology of our hybrid approach. The experimental results are

Fig. 1. a) Web page of Mathematics Department of University of Illinois. b) The boxes
structure of the Web page.
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reported in Section 6. Section 7 summarizes our contributions and concludes the
paper.

2

Web Page Layout

When an HTML document is rendered in a Web browser, the CSS2 visual formatting model [8] represents the elements of the document by rectangular boxes
that are laid out one after the other or nested inside each other. By associating
the document with a coordinate system whose origin is at the top-left corner, the
spatial position of each text/image element on the Web page is fully determined
by both the coordinates (x, y) of the top-left corner of its corresponding box,
and the box’s height and width. The spatial positions of all text/image elements
in a Web page deﬁne the Web page layout.
Each Web page layout has a tree structure, called rendered box tree, which
reﬂects the hierarchical organization of HTML tags in the Web page. More precisely, let H be the set of occurrences of HTML tags in a Web page p, B the
set of the rendered boxes in p, and map : H → B a bijective function which
associates each h ∈ H to a box b ∈ B. The markup text in p is expressed by a
rooted ordered tree, where the root is the unique node which denotes the whole
document, the other internal nodes are labeled by tags, and the leaves are labeled by the contents of the document or the attributes of the tags. The bijective
map deﬁnes an isomorphic tree structure on B, so that each box b ∈ B can be
associated with a parent box u ∈ B and a set CB = {b1 , b2 , · · · , bn } of child
boxes. Henceforth, a box b will be formally deﬁned as a 4-tuple n, u, CB, P ,
where n = map−1 (b) and P = (x, y) is the spatial position of b, while a rendered
box tree T will be formally deﬁned as a directed acyclic graph T = {B, V, r},

Fig. 2. The box tree structure of Illinois Mathematics Web Page
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where V ⊂ B × B is the set of directed edges between the boxes, and r ∈ B is
the root box representing the whole page. An example of a rendered box tree
is shown in Figure 2. The leaves of a rendered box tree are the non-breakable
boxes that do not include other boxes, and they represent the minimum units
of the Web page. Two properties can be reported for the rendered box trees.
Property 1. If box a is contained in box b, then b is an ancestor of a in the
rendered box tree.
Property 2. If a and b are not related under property 1, then they do not overlap
visually on the page.

3

Candidate Generation with Visual Features

Even though there is no strictly followed set of best practices for Web design,
diﬀerent information-carrying structures within Web page often have distinct
visual characteristics which hold in general. In this work, we make the following
basic assumption about the visual characteristics of a list:
Definition 1. A list candidate l = {l1 , l2 , . . . , ln } on a rendered Web page consists of a set of vertically and/or horizontally aligned boxes.
We describe in [15] that this assumption alone is suﬃcient to outperform all
existing list extraction methods. Indeed, it seems that a human user might ﬁnd
these alignment features to be most important in identifying lists manually.
Therefore, with this assumption we can generate list candidates by comparing
the boxes of a rendered Web page. Unfortunately, this assumption by itself does
not cover Web pages such as the one in Figure 1 where the list elements are
not necessarily all mutually aligned. For instance, all of the orange boxes inside
Box A2 2 correspond to a single list in the page, but there are many pairs of
elements in this list which are not visually aligned. Therefore, inside the region
of A2 2 , the ﬁrst step of our method will ﬁnd three vertical list candidates and
many horizontal list candidates based on our deﬁnition, and there will be some
degree of overlap between these lists.
Definition 2. Two lists l and l are related (l ∼ l ) if they have an element in
common. A set of lists S is a tiled structure if for every list l ∈ S there exists
at least one other list l ∈ S such that l ∼ l and l = l . Lists in a tiled structure
are called tiled lists.
Three tiled lists, namely A2 2 1 , A2 2 2 and A2 2 3 , are shown in Figure 1b). As
explained below, the notion of tiled list is useful to handle more problematic
cases by merging the individual lists of a tiled structure into a single tiled list.

4

Pruning with DOM-Tree Features

Several papers exploit the DOM-structure of Web pages to generate wrappers,
identify data records, and discover lists and tables [13,1,9,12,5,3,14,7,16,17]. We
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Algorithm 1: HybridListExtractor
input : Web site S, level of similarity α, max DOM-nodes β
output: set of lists L
RenderedBoxTree T (S);
Queue Q;
Q.add(T .getRootBox());
while !Q.isEmpty() do
Box b = Q.top();
list candidates = b.getChildren();
list aligned = getVisAligned(candidates);
Q.addAll(getNotAligned (candidates));
Q.addAll(getStructNotAligned (candidates, α, β));
aligned = getStructAligned (aligned, α, β);
L.add(aligned);
return L;

notice that, even if purely DOM-centric approaches fail in the general list ﬁnding
problem, the DOM-tree could still be a valuable resource for the comparison
of visually aligned boxes. In a list on a Web page, we hypothesize that the
DOM-subtrees corresponding to the elements of the list must satisfy a structural
similarity measure (structSim) to within a certain threshold α and that the
subtrees not have a number of DOM-nodes (numN odes) greater than β.
Definition 3. A candidate list l = {l1 , l2 , . . . , ln } is a genuine list if and only
if for each pair (li , lj ), i = j, structSim (li , lj ) ≤ α, numN odes(li ) ≤ β and
numN odes(lj ) ≤ β.
This DOM-structural assumption serves to prune false positives from the candidate list set. The assumption we make here is shared with most other DOMcentric structure mining algorithms, and we use it to determine whether the
visual alignment of a certain boxes can be regarded as a real list or whether the
candidate list should be discarded. Speciﬁcally, the α and β parameters are essentially the same as the K and T thresholds from MDR [9] and DEPTA [16,17],
and the α and C thresholds from Tag Path Clustering [12].

5

Visual-Structural Method

The input to our algorithm is a set of unlabeled Web pages containing lists. For
each Web page, Algorithm 1 is called to extract Web lists. We use the open
source library CSSBox 1 to render the pages.
The actual rendered box tree of a Web page could contain hundreds or thousands of boxes. Enumerating and matching all of the boxes in search of lists of
arbitrary size would take time exponential in the number of boxes if we used a
1

http://cssbox.sourceforge.net
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Algorithm 2: getVisAligned
input : list candidates
output: list visAligned
Box head = candidates[0];
list visAligned;
for (i = 1; i < candidates.length; i + +) do
Box tail = candidates[i];
if (head.x == tail.x || head.y == tail.y) then
visAligned.add(tail);
if visAligned.length > 1 then
visAligned.add(head);
return visAligned;

brute force approach. To avoid this, our proposed method explores the space of
the boxes in a top-down manner (i.e., from the root to boxes that represent the
elements of a list) using the edges of the rendered box tree (V). This makes our
method more eﬃcient with respect to those reported in the literature.
Starting from the root box r, the rendered box tree is explored. Using a Queue,
a breadth ﬁrst search over children boxes is implemented. Each time a box b is
retrieved from the Queue, all the children boxes of b are tested for visual and
structural alignment using Algorithms 2 and 3, thereby generating candidate
and genuine lists among the children of b. All the boxes which are not found to
be visually or structurally aligned are enqueued in the Queue, while the tested
boxes are added the resultset of the Web page. This process ensures that the
search does not need to explore each atomic element of a Web page, and thus
makes the search bounded on the complexity of the actual lists in the Web page.
Algorithm 2 uses the visual information of boxes to generate candidate lists
which are horizontally or vertically aligned. To facilitate comprehension of the
approach, we present a generalized version of the method where the vertical and
horizontal alignments are evaluated together. However, in the actual implementation of the method these features are considered separately; this enables the
method to discover both the horizontal, vertical and tiled lists on the Web page.
Algorithm 3 prunes false positive candidate lists. The ﬁrst element of the
visually aligned candidate list is used as an element for the structural test. Each
time the tail candidate is found to be structurally similar to the head, the tail
is added to the result list. At the end, if the length of the result list is greater
than one, the head is added. If none of the boxes are found to be structurally
similar, an empty list is returned.
To check if two boxes are structurally similar, Algorithm 4 exploits the
DOM-tree assumption described in Def. 3. It works with any sensible tree similarity measure. In our experiments we use a simple string representation of
the corresponding tag subtree of the boxes being compared for our similarity
measurement.
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Algorithm 3: getStructAligned
input : list candidates, min. similarity α, max. tag size β
output: list structAligned
Box head = candidates[0];
list structAligned;
for (i = 1; i < candidates.length; i + +) do
Box tail = candidates[i];
if getStructSim (head, tail, β) ≤ α then
structAligned.add(tail);
if structAligned.length > 1 then
structAligned.add(head);
return structAligned;

Algorithm 4: getStructSim
input : Box a, b, max. tag size β
output: double simV alue
TagTree tA = a.getTagTree();
TagTree tB = b.getTagTree();
double simV alue;
if (tA.length ≥ β || tB.length ≥ β) then
return MAXDouble;
simV alue = Distance(tA, tB);
return simV alue;

At the end of the computation, Algorithm 1 returns the collection of all the
lists extracted from the Web page. A post-processing step is ﬁnally applied to
deal with tiled structures. Tiled lists are not directly extracted by this algorithm.
Based on Section 2, each list discovered is contained in a box b. Considering the
position P of these boxes, we can recognize tiled lists. We do this as a postprocess by: 1) identifying the boxes which are vertically aligned, and 2) checking
if, the element lists contained in that boxes are visually and structurally aligned.
Using this simple heuristic we are able to identify tiled lists and update the result
set accordingly.

6

Experiments

We showed in [15] that implementing a method that uses assumption in Def. 1
is suﬃcient to outperform all existing list extraction methods. Thus we tested
HiLiEn on a dataset used to validate the Web Tables discovery in VENTex [4].
This dataset contains Web pages saved by WebPageDump2 including the Web
page after the “x-tagging”, the coordinates of all relevant Visualized Words
(VENs), and the manually determined ground truth. From the ﬁrst 100 pages of
2

http://www.dbai.tuwien.ac.at/user/pollak/webpagedump/
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the original dataset we manually extracted and veriﬁed 224 tables, with a total
number of 6146 data records. We can use this dataset as test set for our method
because we regard tables on the Web to be in the set of lists on the Web, that
is, a table is a special type of list. This dataset was created by asking students
taking a class in Web information extraction at Vienna University of Technology
to provide a random selection of Web tables. This, according to Gatterbauer et
al.[4], was done to eliminate the possible inﬂuence of the Web page selection on
the results. We use the generality advantage of this dataset to show that also
our method is robust and the results are not biased from the selected test set.
HyLiEn returns a text and visual representation of the results. The former
consists of a collection of all the discovered lists, where each element is represented by its HTML tag structure and its inner text. The latter is a png image,
where all the discovered lists are highlighted with random colors.
We compared HyLiEn to VENTex, which returns an XML representation of
the frames discovered. Because of the diﬀerences in output of the two methods,
we erred on the side of leniency in most questionable cases. In the experiment,
the two parameters α and β required by HeLiEn are empirically set to 0.6 and
50, respectively.
Table 1 shows that VENTex extracted 82.6% of the tables and 85.7% of the
data records, and HyLiEn extracted 79.5% of the tables and 99.7% of the data
records. We remind readers that HyLiEn was not initially created to extract
tables, but we ﬁnd that our method can work because we consider tables to be
a type of list.
We see that VENTex did extract 8 more tables than HyLiEn. We believe
this is because HyLiEn does not have any notion of element distance that could
be used to separate aligned but separated lists. On the contrary, in HyLiEn,
if elements across separate lists are aligned and structurally similar they are
merged into one list. Despite the similar table extraction performance, HyLiEn
extracted many more records (i.e., rows) from these tables than VENTex.
We did judge the precision score here for comparison sake. We ﬁnd that, from
among the 100 Web pages only 2 results contained false positives (i.e., incorrect
list items) resulting in 99.9% precision. VENTex remained competitive with a
precision of 85.7%. Table 2 shows the full set of results on the VENTex data set.
We see that HyLiEn consistently and convincingly outperforms VENTex.
Interestingly, the recall and precision values that we obtained for VENTex
were actually higher than the results presented in Gatterbauer et al. [4] (they
show precision: 81%, and recall: 68%). We are conﬁdent this diﬀerence is because
we use only the ﬁrst 100 Web pages of the original dataset.
Table 1. Recall for table and record extraction on the VENTex data set

# tables
# records

Ground truth VENTex HyLiEn
224
82.6% 79.5%
6146
85.7% 99.7%
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Table 2. Precision and Recall for record extraction on the VENTex data set
Recall Precision F-Measure
VENTex 85.7% 78.0%
81.1%
99.4%
HyLiEn 99.7% 99.9%

7

Discussion and Concluding Remarks

We have empirically shown that by exploiting the visual regularities in Web
page rendering and structural properties of pertinent elements, it is possible to
accurately extract general lists from Web pages. Our approach does not require
the enumeration a large set of structural or visual features, nor does it need to
segment a Web page into atomic elements and use a computationally demanding
process to fully discover lists.
In contrast, the computation cost of HyLiEn list extraction is actually
bounded on the structural complexity of lists in a Web page. Considering the
assumption that the number of lists in a Web page is many orders of magnitude
smaller than the number of all the HTML tags, the computation time for HyliEn
is quite small: only 4.2 seconds on average.
As a matter of future work we plan on ﬁnding a better HTML rendering
engine, which can be used to speed up the execution of our method. When such
an engine is found we will perform a more rigorous computational performance
evaluation. With our new list ﬁnding algorithm we plan on using extracted lists
to annotate and discover relationships between entities on the Web.
Part of this future work is the theory that entities (e.g., people) which are
commonly found together in lists are more similar than those which are not
frequently found together in lists. Other interesting avenues for future work
involve tasks such as indexing the Web based on lists and tables, answering
queries from lists, and entity discovery and disambiguation using lists.
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