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ABSTRACT

This paper proposes an approach for finding a single web
page in a large web site or a cloud of web pages. We formal-
ize this problem and map it to the exact match on rare item
searches (EMRIS). The EMRIS is not much addressed in the
literature, but many closely related problems exists. This
paper presents a state-of-the-art survey on related problems
in the fields of information retrieval, web page classification
and directed search.

As a solution to the EMRIS, this paper presents an inno-
vative algorithm called the lost sheep. The lost sheep is
specifically designed to work in web sites with of links, link
texts and web pages. It works as a pre-classifier on link texts
to decide if a web page is candidate for further evaluation.

This paper also defines sound metrics to evaluated the EM-
RIS. The lost sheep outperforms all comparable algorithms
both when it comes to maximizing accuracy and minimizing
the number of downloaded pages.
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1. INTRODUCTION

The amount of information available online on public web
sites is increasing drastically. Many public web sites host
huge amount of information on diverse topics, often in dy-
namic environments. Furthermore, the concept of web sites
is becoming less important as it is neither clear nor impor-
tant for most users where one web site starts and another
ends. In these highly dynamic web sites, it is not possible to
keep all information indexed at all times, which is required
for traditional crawlers and search engines. Additionally, for
copyright or privacy reasons, many web site owners deliber-
ately restrict crawlers from visiting part of their web site
using the robot exclusion protocol [1].

The consequence of these emerging properties of the public
web is that large parts of published information falls into
the deep web and unindexable dynamic clouds and cannot
be found by crawlers nor indexed by major search engines.
This leads to navigation challenges for users even when the
users know the area they are looking for, and critical web
pages could be very difficult find.

This paper is on finding a single web page in a web site when
only one page is relevant. This is a specifically challenging
area of information retrieval named the exact match on rare
item searches [2], referred to in this paper as EMRIS.

In web page classification algorithms, web pages are often
treated as single isolated entities. However, web pages have
more information available apart from what is available in
the page itself. Each page is part of a structured web site.
Literature shows that web pages which link to each other
have a semantic correlation. For example, it is more likely
that a web page about sport will link to another web page
about sport, than linking to a web page about the financial
market [3]. Similarly, web pages within the same topics tend
to link to each other [4]. Hence for web page classification it
is valuable information that one web page links to another.
This information is seldom utilized in web classification al-
gorithms.

The paper is organized as following. The EMRIS is not much
addressed in literature, but a survey introducing EMRIS
and related algorithms are presented in section 2. Section 3
presents the lost sheep a novel approach to the EMRIS. No
sound metric to evaluate EMRIS is available in the literature
and section 4 presents metrics from related fields and based
on these defines metrics for EMRIS. The empirical results



are presented in 5. Finally the conclusion and future work
are presented in 6 and 7.

2. RELATED WORK

This section presents the state-of-the-art on how web sites
are modeled, on finding single web pages in web sites, and
relevant algorithms within each field. The algorithms pre-
sented here are also implemented and the corresponding re-
sults presented in section 5.1.4.

The terms used in the following algorithm descriptions in
some cases differ from the original cited paper. This is in-
tentionally done to make a consistent description throughout
the paper.

2.1 Website / directed graph

Web sites are often modeled as graphs of nodes connected
with directed edges [5, 6, 7]. This is done to enable ana-
lytic analysis and controlled empirical experiments on the
web sites and algorithms interacting with the web sites. In
these models, each web page is represented as a node, and
the links between the web pages are represented as directed
edges between the nodes. In addition, web pages have link
texts that intend to informatively describe corresponding
web pages with short texts [5]. Link texts are not addressed
in the directed graph models. Because of this, this paper
extends the existing models with labels containing natural
language text connected to each edge.

In this paper, a web site is modeled as a directed graph
of nodes connected with directed edges and labels S; =
{P;,E;,L;}. Each web page is represented as a node p;.
N is the number of nodes in the directed graph S; so that
P, = {po .o .pN}.

The nodes are connected together with directed edges so
that edge e;r € E; is a link from node p; to pr. Each
edge has a corresponding label so that 5 € L; is a natural
language label connected to e;, and observable from node
node pj.

This is in line with existing models of web sites in the liter-
ature, but is extended with labels [5, 6, 7] and is empirically
shown to represent real web sites (see section 5.1). Table 1
presents the comparisons between the directed graph model
and read web sites.

‘Web site model Notation Real web sites

Node Dj Web page
Edge €,k Link
Label Lk Link text
Directed graph Si Web site

Table 1: Mapping between information retrieval and
web sites.

Figure 1 shows an example of a simple web site s; modeled as
a directed graph. s; consists of four web pages ps, pt, p1, p2-
The web page links consist of the directed edges es,¢, €s,1, €s,2
and the corresponding labels I, ¢,1s,1,ls,2. These labels are
observable from the starting node, ps, with out following the
any of the edges.

Figure 1: Web site example.

2.2 Exact match on rare item searches (EM-

RIS)

The EMRIS is a problem introduced by [2] focusing on find-
ing a single web page in a large set of web pages, such as
a web site or cloud of web pages. It was introduces for
the following reasons; It is particularly challenging to find
a single node in a large directed graph, and the objectiv-
ity of approaches that classify large amounts of data were
questioned. The EMRIS has not previously been formally
defined.

When a classification approach is developed with the inten-
tion to classify large amount of data, it is not practically
possible to first manually classify all data to perform con-
trolled experiments. The common approach is therefore that
the classifier is run with a relatively small set of manually
classified training data. Subsequently, the classification re-
sults are manually verified. Unfortunately, certifying the
results is not a deterministic approach. People tend to (sub-
consciously) give a unfair advantage to their own algorithms.
In contrast, with the EMRIS, there is only one relevant node
and this can easily be defined prior to conducting experi-
ments. Thus, as no manual verification of the results are
needed, the objectivity of the algorithms can no longer be
questioned.

A practical example of the EMRIS could be to find a tar-
get web page, p:, with contact information, such as physical
address and phone number. Neither the location nor prop-
erties of p; are known, only that the content of p; is related
to contact information. To identify contact information let
g be the input query ¢ = [contact, about, phone, address].

Let a be a hypothetical algorithm with the query (q), di-
rected graph (s1 in figure 1) and starting node (ps) as input,
and the expected target node as output: a(q,s1,ps) € P.
Using the directed graph si, a first downloads and parses



node ps. a observes that ps has the edges e+, €es,1,€s,2 and
corresponding labels ls ¢, ls,1,ls,2.

a knows, from examining the edges es:,es1,€s,2, that the
nodes p¢, p1, p2 exists. However, the content of p¢,ps and p3
are unknown. The goal is therefore to find which of p:,p1
and p3 have contact information and is the target node.

Since ps has been observed, the following could be known
and conclusions drawn:

pet A node with the edge es+ (from ps to p:) is represented
with the label I;; = “About us”. Since “about” € ¢,
a may conclude that p; is likely to contain to contact
information.

p1: A node with the edge es,1 (from ps to p1) is represented

with the label I51 = “Contact us”. “contact” € g,
a may conclude that p; is likely to contain contact
information.

p2: A node with the edge es 2 (from p, to ps) is represented
with the label I 2 = “Image Gallery”. Since neither
“image” € q nor “gallery” € ¢, a may conclude that ps
is not likely to have contact information.

Most web page classification algorithms use equal amount of
resources on p¢, p2 and ps. However, keeping in mind that
the labels describe the corresponding nodes [8], it is more
likely that either p; or p; is the target node. Thus, since the
alm is to find the target node and it is significantly more
costly to download a node than doing a memory operation
[9], it makes sense to focus most of the available resources
on what is likely to be the target nodes, namely p; and pi,
instead of pa.

To continue, let a download p; and p;. By comparing the
content of p; and p1 with ¢, a may conclude that p, matches
q best. a then returns p; as the node most probable to be
the target node.

[2] introduced three algorithms to solve the EMRIS: similar-
ity search (SIM), degree based search (DEG) and Similar-
ity*Degree (SIMDEG).

2.2.1 Similarity based search (SIM)

The Similarity Based Search (SIM) compares the input query
q to the content of neighboring nodes, and follows the node
which is most similar to ¢, SIM was used in [2] for EMRIS.

For each node p; the SIM follows all edges available from
Dis {€5,0,---€jn}. It calculates a similarity score between ¢
and all nodes available from {e;o,...¢e;n}. The algorithm
pursues the node with the largest calculated similarity score.

For SIM to work, the algorithm needs to be pulled towards
the target node p;. To pull SIM towards p; the nodes which
lead towards p; should have a higher similarity score than
remaining nodes. Since p; should be similar to ¢, it will
have a high similarity score. Similarly, nodes close to p:
(parent nodes) will be similar to p; and thus also have a
high similarity score. However, grandparent nodes (nodes

linked to parent nodes of p:) have been shown not to be
similar to p; [3, 4]. Thus we can expect high similarity score
of parent nodes, but not of grandparent or any other nodes.

This means, until the SIM reaches one of the parent nodes,
the nodes will not be similar to ¢ and the similarity score will
not help the SIM towards p;. As aresult, when the algorithm
is at a node far away from the target node, which is expected
in the beginning of a crawl, it will walk at random. This
problem is not addressed [2].

2.2.2  Degree based search (DEG)

A Degree Based Search (DEG) uses the number of edges
from neighboring nodes to guide the crawler. DEG was used
in [2] for the EMRIS.

The DEG approach is similar to the SIM. However, instead
of using the similarity score between ¢ and the nodes, DEG
pursues the neighboring node with the largest number of
edges. Thus, it assumes that p,; is more likely to be linked
from a node with many edges compared to a node with few.

2.2.3  Similarity*Degree Search (SIMDEG)
The Similarity*Degree Search (SIMDEG) combines SIM and
DEG. The SIMDEG was used in [2] for the EMRIS.

[2] showed some advantages and disadvantages of the DEG
and the SIM; The DEG assumes that p; is more likely to
be linked from a node with many edges, and SIM only uses
the content of the nodes and ¢ to calculate which are most
similar without using the edges.

To utilize the advantages of both the SIM and the DEG it
was combined as the SIMDEG. For each neighboring node,
the SIMDEG calculates the similarity score as well as a fre-
quency of edges. The algorithm pursues the node with the
highest similarity score times frequency of edges.

In practice this means that in the beginning a crawl, when
the algorithm is far away from p;, the frequency of edges will
be larger than the similarity score and the SIMDEG will be
guided towards the nodes with the largest number of edges.
When a node p; with an edge towards p; is reachable, the
similarity score of p; will increase and be larger than the
frequency of edges. In this situation the SIMDEG will crawl
towards p; which is close to p;.

It is therefore expected that the SIMDEG outperforms both
the SIM and the DEG, which was shown in [2].

2.3 Web page classification and surrounding
pages

The state-of-the-art classification algorithms for web pages
originates from text classification algorithms. Since web
pages are mostly text, it is natural that most web page clas-
sification algorithms are based on text classification algo-
rithm.

Some algorithms utilize the tagged semantic information
available in web pages such as title, heading information
etc. Others use information available outside of the actual
web page in a classification approach.



[10] used a portion of the parent web page (web page linking
to the page to be classified). This approach works so that
for each page p; to be classified, a set of neighboring pages
(pages linked to and from p;) should be downloaded. The
approach distinguishes between trusted and not trusted links
whereas a trusted link is a link similar to the target page.

Similarly, several approaches have been attempted in using
the link information for classification of web pages [11, 12].
The approaches still centers around a web page and try to
find the corresponding in-links, as following. For every web
page p;, search other pages that link to p; and use the de-
scriptive link text.

Others have used the link structure and link text for analyz-
ing web sites [9, 13]. These approaches focus on classifying
complete web sites, not individual web page.

The approaches further requires that significant parts of the
web sites, if not the entire web sites, to be downloaded and
processed, which is impractical and often impossible [14].

The above shows that in-links are powerful for web mining.
However, the approaches assumes knowledge of in-links to
web pages. Knowing all in-links to a page within a web site
requires significant resources [14]. Knowing all in-links from
other web sites is in practice impossible. A practical solution
would be to use search engines such as Google for finding
in-links.

[8] introduces an approach which utilizes the topical corre-
lation between linked web pages and takes advantage of the
links to other pages for describing the current page. Hence,
the approach shows that even though the links on a page
p; are to other pages, it can still be used to describe the
content of the page p;.

Hence, existing web page classification approaches do not
consider that web pages which are structured together can
be classified in a sequential manner, such as is common for
focused crawling where the link descriptions are used to de-
cide if web pages should be downloaded. Similarly, no web
page classification approach has been implemented with a
pre-classification on the link texts to decide if a page should
be downloaded.

Despite evidence that given a web page p;, the pages linking
to p; (parent pages) can be useful for classification of p;,
pages which link to parent pages of p; (grandparent pages)
are not useful. This is because they are most often not
topically related to p; [3, 4].

Traditional classification algorithms are not created to work
in directed graphs. Thus, they do not have functionality to
prioritize which nodes to visit.

Note that main purpose of this paper is not to find which
classification algorithms work best, but find a practical so-
lution to the EMRIS. Because of this, only a few algorithms
are presented in this section.

2.3.1 Hidden Markov Model Classifier (HMM)

This section presents a specific type of the HMM called the
Learning Automata (LA). More specifically LA presented
here is a two action multiple state Tsetlin Learning Au-
tomata. This is an LA with no absorbing states, and is
accordingly ergodic supporting dynamic environments, such
as web sites [15, 16].

This LA could be used as a binary classifier with the two
actions A = {f1, 82} and S states. The model has a begin-
ning state B € S and a quit state @@ € S as can been see in
figure 2.

Each LA is connected to a node and has the label text and
node text available. Initially, stemming is performed on the
label and node text. The state transitions follow a reward
penalty system. Whenever a word matches ¢ s;(t + 1) :=
sj(t)—1, sj(t+1) := s;(t)+1 otherwise. Thus, whenever the
classifier detects a word which was not in ¢, the model moves
one state closer to the quit state Q. Similarly, whenever the
classifier detects a word which was in the query, the model
moves one state closer to the state B. Thus, the LA closest
to the @) state is most probably connected to the target node
and the LA closest to the @ is least likely to be the target
node.

The transitions are done by comparing the detected words
with ¢ and number of comparisons is counted by ¢t. Note
that t is not used by the LA, but by the HMM Twofold
(section 2.3.2) and the LS (section 3).

Figure 2: Hidden Markov Model

2.3.2  Hidden Markov Model Classifier Two Fold (HMM2F)

By using the HMM it is often the choice between accuracy
and speed. By choosing many hidden states, the classifier
will be able to reach high accuracy but will use a many trans-
actions to do so. In contrast, by using few hidden states, it
is possible to quickly converge but will not reach a high ac-
curacy. [17].

Instead of letting the HMM move in a linear space, it has
been shown that by letting the number of states moved in
each transaction vary, quick convergence speed and high ac-
curacy can be reached. This is done so that if ¢ = 0, it moves
S/2 states, if ¢ = 1 it moves S/4 states and so on [18].

2.4 Focused crawling

A focused crawler is a crawler that aims at downloading web
pages of a specific predefined topic. The aim is to harvest
as much as possible of relevant information, maximizing the
harvest rate and minimizing the total recall (see section 4.3).

There are some clear similarities between focused crawl and
an EMRIS, namely to find a subset of nodes in a directed

graph based on relevance.

However, in contrast to the EMRIS, it is of no interest for



a focused crawler to only find one node with relevant in-
formation as this would not maximize the harvest rate nor
minimize the loss rate [19, 20].

2.4.1 Content based focused crawler using query in-

put
There are many different strategies used for focused crawl-
ing. Of these, the content based crawlers have been shown
most efficient [21].

Most focused crawlers use training data specifically designed
for focused crawling or user input. Unfortunately, this is not
available in the directed graph (see section 2.1).

[22] presented a content based focused crawler using query
keywords as input. The crawler basis itself around a queue
of nodes prioritized according to a satisfactory number. The
satisfactory number for a node p; is calculated as the number
of relevant nodes with edges linking towards p;. A node is
relevant if the content has at least one word in common with
the input query q.

For this approach to work, there has to be knowledge of
the nodes linking to p;. This is not possible from the be-
ginning of a crawl. Thus, the approach assumes knowledge
of the directed graph which is not available. This is even
acknowledged by [22] which assume that nodes have been
downloaded prior to the crawl.

3. THE LOST SHEEP ALGORITHM (LS)
This section proposes a new innovative algorithm for the
EMRIS, named the lost sheep (LS) after story which it re-
sembles. The LS is not a classifier, but a classification frame-
work for the EMRIS. It can be seen as a pre-classifier on
labels to decide if a node is candidate for further evaluation
and should be downloaded.

The algorithm works as following. A herder has a number
of sheep which runs out on a web site. The herder releases
all sheep at the same time. Each sheep runs a for while and
then returns back to the herder. A sheep which discovers
something interesting will spend longer time than a sheep
which did not discover anything interesting. The last sheep
to return to the herder, the lost sheep, has discovered the
most interesting information. The herder, which has perfect
knowledge of which nodes the sheep found, can then choose
to either accept the node the lost sheep found as the most
relevant node, or move to the node the lost sheep found and
repeat the process. The LS is formally described in section
3.1.

Figure 3 presents an example of the lost sheep algorithm.
The figure shows a shepherd releasing 5 sheep {z1,...,z5}.
T2,x3 and x5 examines the labels and choose not to pursue
the node further. However, x1 and x4 choose to following
their corresponding edge further, which means that either
1 or x4 finds the most interesting information and will be
the lost sheep.

Note that the duration is typically not duration in time, as
this could be biased, but a number indicating the level of
interesting information found.

This has the advantage that the algorithm does not spend
resources on classification of nodes which can, within a rea-
sonable certainty, say is not correct. Furthermore, the re-
sources are spent on the parts of the directed graph which
has the potential to be the target node. By nature, the al-
gorithm spends resources on parts of the web site which has
the potential to be correct. Or, in other words, the parts of
the web site closest to the correct solution.

Labels/ Nodes /
~ Link texts Web Pages

S

Label 2 ——

Label 3 ——

$X
Label 4 [/

Label 5 — 7

Herder

Figure 3: Lost sheep algorithm

The authors are of course aware of the “no free lunch” the-
orem which states that classifiers cannot learn what is not
available in the training data and that there is no algorithm
that works best for all cases [23]. This means that which
algorithm that will work best depends on the properties of
the training data and available features. Because of the “no
free lunch” theorem, the LS can be generalized to use any
classification algorithm which can interact with web sites.
For practical reasons this paper only presents a specific ver-
sion of the lost sheep using a hidden Markov model classifier
(described in section 2.3.1). This description can be used di-
rectly as an implementation specification.

3.1 Lost sheep description

This section presented the specific LS using a hidden Markov
model classifier. (For details on the hidden Markov model
classifier see section 2.3.1.) This works on a single directed
graph S;.

e Let the input query be a list of words: q.

e Let a threshold indicate when the algorithm should
stop be set to: threshold € [0, 1].

e Let a max depth to prevent infinite loops be set to
maxdepth > 0.

e Let f(z;) = t at all times, and let ¢t := 0 before LS
starts.



Lost sheep with a hidden Markov model classifier

1 Let p, be the start node with the edges £ = {es0...€s,n}

and corresponding labels L = {ls0...lsn} directly
observable, where n is the number of edges from ps.
2 The herder releases n sheep X = {zo,...,Tn}.
3 for each z; € X
3.1 Extract the edge label I ;.
3.2 Apply stemming to Is, ;.
3.3 Remove stop words from [ ;.
3.4 Split I,,; into a list of words: Wy, ;
3.5 for each word ws,j,x € W j.
3.5.1t:=t+1
3.5.21f ws ik € q,xj(t+1):=x;(t)+1,
otherwise z;(t + 1) := z;(¢t) — 1.
3.5.3if z;(t) = Q, f(z;) :=t, return.
3.6 Extract the web page text p;.
3.7 Apply stemming to p;.
3.8 Remove stop words from p;.
3.9 Split p; into a list of words:: Wj
3.10 for each word wjx € Wj .
3.10.1¢t:=t+1
3.10.2 if w;; € q,z;(t + 1) :=x;(t) + 1,
otherwise z;(t + 1) := z;(¢) — 1.
3.10.3 if z;(t) = Q, f(z;) :=t, return.
4 numruns := numruns +1
5 Find Zbest € X where f(ZTbest) = arg maxg; flz;)

6 If f(zbe“> < threshold and numruns < maxdepth, then

220 flzj
Ps = Tbest and goto 1.

Tpest 1S chosen as the sheep with the most likely to have the
correct solution.

4. PERFORMANCE METRICS

No satisfactory metrics for EMRIS exists. This section de-
fined metrics for EMRIS based using both existing EMRIS
metrics [2] and widely accepted metrics from relevant fields,
namely: web page classification, information retrieval and
focused crawling.

4.1 Classification

Web classification algorithms aim at maximizing the number
of pages classified correctly (True Positives TP, and True
Negative TN) as well as minimizing the number of web pages
wrongly classified (False Positives FP, and False Negative
FN).

Classification algorithms are typically evaluated according
to macro-precision, P, (S;) and macro-recall R, (S;) for the
binary classification problems as following [24].

1/ TP,

Pes) = o (X an 1) )
1/ TP,

B (Ss) = i(Z(TPmLFNi)) 2)

=1

For P,,(S;) and R, (S;) to be applicable, the EMRIS can
written as a binary classification problem

1. Classify the target node p; as relevant (P, and R},).

2. Classify all N — 1 non-relevant nodes ({p; € P : p; #
pe}) as non-relevant (P2 and R2,).

Note that 7 in equation 1 and 2 refers to the different classifi-
cation problems. For EMRIS, one of the classification prob-
lems is to classify the relevant node as relevant (Problem
1: P}, R:, TP, TN,,FP, and FN;) the other is to classify
all not relevant nodes as not relevant (Problem 2: P2 R2
TP, TN2,FP, and FN3). To be able to simplify the algo-
rithms, P, (S;) is split into P (S;),P2(S;) and R, (S;) into
RL(S:), R%,(S)).

((TP1 T FP) T (TPQT f QFPQ))
(Pn

P(S:) + Pa(S) (3)

N~ N~

TP,
((TP1 Y FNY) (TP + FNs ))
CACSERACH) (4)

N = N~

Since the EMRIS is on finding only one node, there is, in
contrast to most other binary classification problems, only
two possible scenarios for EMRIS; The correct node has been
found (section 4.1.1) or the correct node has not been found
(section 4.1.2). This means that even though both met-
rics Pp,(S:) and Ry, (S;) are relevant for binary classification
problems, it could be simplified for EMRIS.

Section 4.1.1 and 4.1.2 presents all possible outcomes of
P (S;) and R, (S;) for EMRIS. Using all possible outcomes,
section 4.1.3 presents simplified Pp,(S;) and Ry, (S;).

4.1.1 The correct node has been found

When a correct node has been found, it means that p; is
correctly classified as relevant. This gives TP, =1, FP; =0
and FN; = 0.

Keeping in mind that there is only one relevant node in
EMRIS, when the correct node has been found it means that
that all not relevant N — 1 nodes have also been correctly
classified as not relevant. This gives that TP, = N — 1,
FP, =0and FN, = 0.

Using equations 3 and 4 gives:

Lran TP, 1 B
P (S;:) = (TP 1 FP) = a+0) =1,when TP, =1

1y TP, 1 B
R,.(S;) = TP+ FNy) ~ (140) l,when TP, =1
and

TP, N-1

P2(S;) = = = 1,when TP, =1

mS) = Th T FR) T (Nmigo) - e Th
R2.(S)) = TP NoL 1,when TP, =1

(TP, + FN2)  (N—1+0)



4.1.2  The correct node has not been found
When a correct node has not been found, it means that p;
is wrongly classified as not relevant, which gives TP, = 0.

When p; is wrongly classified as not relevant it must be
an FN. Still all but one of the not relevant nodes are still
correctly classified as not relevant. Similarly, another node
must be wrongly classified as relevant which means that the
target node must be a FP. This gives TP, = N—-2, FP, =1
and FNo =1

Using equations 3 and 4, if the selected node is not p;, TP, =
0. This gives:

P (S;) = ﬁ = 0,when TP, =0
R (S:) = % =0,,when TP, =0
and:
P2(S:) = (TPQTf}PQ) = (N]i;il),when TP, =0
R2.(S)) = (TPngQF = (Nfi gi o when TP =0

413 P"L(Si) Cll’ld Rm(Si)

Following the logic in section 4.1.1 and 4.1.2 as well as equa-
tion 3 and 4, Pn(S;) and R, (S;) must, if the algorithm
correctly classifies p; as relevant, be:

Pu(s) = 5(Phis)+ Pa(sn)

= %(1 + 1) = 1l,when TP =1
Run(S)) = %(R}n(si) + R(51))

- %(1 T 1) = 1,when TP, = 1

Following the same logic if the algorithm wrongly classifies
p+ as not relevant. Pp,(S;) and R, (S;) must be:

Po(Ss) = %(P;(si)JrP,i(si))
= 30+ w1
= ;;]V%Z,When TP =0

Bn(5) = o (Rh(s0) + Rau(s)

1 N —2
ErEny)

= 50+
= Pm(Si),When TP1 =0

This shows, for EMRIS, P,,,(S;) and R, (S;) are always iden-
tical. Furthermore, P, (S;) and R (S;) can be derived di-
rectly from only knowing if T'P; exists and the number of
number nodes in the directed graph, N.

Thus, equation 1 and 2 can for the EMRIS be simplified as
following. If TPy, then R, (S;) = TP, otherwise Ry (S;) =

W, or written as following:

TP —1|)(N —2)
2N -2

R (Si) = TP (S;) = TP + ( (5)

4.1.4 Usefulness of Pn(S:) and R (S;) for EMRIS
Despite the common usage in classification problems and
used for EMRIS in, [2] it is noteworthy that R,,(S;) is not a
good metric for the EMRIS. This can be shown by defining
an algorithm which deliberately wrongly classify p; as not
relevant. This is the worst algorithm possible as TP will
always be 0. Even for such an algorithm R,,(S;) will cor-
rectly classify N — 2 nodes as non-relevant, which is highly
rewarded R, (S:).

Thus, even for the worst possible algorithm large directed
graphs will receive a score of % for Rm (S;).

TP —1|)(N -2
R (Si) lim = TP+ 4 2N|)_(2 )
= %,When TP =0. (6)

Also for small directed graphs, e.g. with a directed graph of
102 nodes, R, (S:) = % when TP = 0.

4.1.5 Accuracy

Another often used, but simpler, metric in the classification
field is accuracy. It is defined as the percentage of TP over
the total number of tests applied. Accuracy will for the
EMRIS be defined as the average T'P(S;):

=T
Accuracy = Z TP(S;)/T (7
i=0

where T is the number of tests applied.

Note that this is for multiple directed graphs. In EMRIS, for
one TP(S;) € {0,1}, and, for all tests T', Accuracy € [0, 1].

Keep in mind that Pn,(S;), Rm(S:), or averages of these over
number of T, are considered more valuable metrics for clas-
sification problems as these also include F'N, FP, and TN
[24], but are not good metrics for EMRIS (see section 4.1.4).

4.2 Information Retrieval
[2] presented evaluation metrics retrieved from various sources
for the EMRIS:

[2] defines effectiveness as F (S;) = %Im, but failed

to notice that P, (S;) and R, (S;) are identical for the EM-
RIS (see section 4.1.3) which gives the following:

2P (S:)Rm (S:)
P (Si) + R (S:)
2(Ron(51))?
2Rm(S:)
= Rmn(S:) = Pn(S:) (8)

Fi(S;)



Thus for EMRIS Fi(S;) = R (Si) = P (S:)

Additionally, [2] defined efficiency as the path length (num-
ber of downloaded nodes) and duration time.

4.3 Focused crawling
There are two main metrics in focused crawling [25]:

Target Recall: The fraction of relevant pages on the web
downloaded by the crawler.

Harvest Rate: The fraction of crawled pages over those
that are relevant.

Keeping in mind that the number of relevant nodes in a
directed graph is deliberately set to one for the EMRIS, the
metrics can be simplified.

Let D(S;) be the number of downloaded nodes and Ry, (.S;)

be the number of relevant nodes from directed graph S;.
This gives:

Harvest Rate = ZA J = D(S)) (9)

Total Recall = <= : (10)

Thus, from focused crawling, only the number of down-
loaded nodes (D(S;)) is a relevant metric for the EMRIS.

4.4 Relevant metrics
As discussed in sections 4.1, 4.2 and 4.3, the relevant func-

tions are T'P(S;) (the number of true positives, accuracy)
and D(S;) (the number of downloaded nodes).

Based on these metrics and the directed graph presented in
section 2.1, we can formally define EMRIS as:

EMRIS: For directed graph S;, maximize T'P(.S;) and min-
imize D(S;)

5. EXPERIMENTS

This section presents the experimental set up and results.
To give the best possible picture, two different types of ex-
periments were carried out.

Generated directed graphs:. Each web site is modeled as
a graph which are automatically generated. The are applied
in the simulated environment and verified verified. This al-
lows for many experiments with various setup.

Real web sites:. Selected algorithms are applied to real
web sites solving actual problems. This shows to what extent
the algorithms work in practice.

5.1 Generated directed graphs

This section presents the experimental setups and results us-
ing generated directed graphs. For each iteration of the ex-
periment, a directed graph is generated as described in sec-
tion 2.1. This graph represents a web site S; = {P;,E;, L;}
where P; = {po...pn~} and N is the number of nodes in the
site.

The directed graphs are generated as random controlled di-
rected graphs using the evolving copy model [6] with the
number of out-degrees (d-value) and in-degrees following an
inverse power law (Zipf) [26, 27]. [6] showed with empirical
evidence that the evolving copy model realistically repre-
sents the actual web.

It should be noted that part of the work in [6] shows how
the web evolves over time. The EMRIS focuses on finding
one node within a directed graph at a given time instance.
How results may change over time is not within scope of
this paper. Thus, the evolving part of the graphs in is not
relevant and is not implemented.

The content of the nodes are randomly generated using de-
fined governmental keywords from the Norwegian LOS struc-
ture [28].

The copy model is extended with edge labels representing
link texts. The edge labels are randomly chosen of words
within the corresponding node text with a probability o and
words not within the node with probability 1 — «. This
means that some labels are describing the corresponding
node while others are not. This resembles real web pages
which contain links with texts intended to describe the cor-
responding page, [5] but are often times are not [29].

5.1.1 Experimental setup

All algorithms described in section 2 and 3 are implemented
and tested. For each iteration, the algorithms are given a
directed graphs . The starting node, ps, is set to the start
of the directed graph. The target node, p:, is randomly
picked from P;. The input query, g, is a random selection of
words within p; with probability o and a words within P;
but outside p; with probability 1 — a. « is set to 0.75. N is
chosen, in line with [2] as N € {10%,10% 10%}. !

All results are average of 150 iterations.

5.1.2 Algorithms

Many algorithms exist in the field of information retrieval,
focused crawling and classification. For practical reasons
those that seemed most viable were selected in these exper-
iments. However, other algorithms from these fields may
yield different, and even better results. Nevertheless, the al-
gorithms and set up were chosen to give as fair and objective
results as possible, and provide a fair comparison with the
LS.

1[2} also included experiments for graph sizes of N = 10.
Experiments for N = 10 were carried out for this paper,
but have been deliberately been omitted. This was done
to present only the most relevant results and because it is
not useful to apply any EMRIS algorithms on a small graph
of only 10 nodes since downloading all 10 nodes should be
possible even with the limited capacity.



The algorithms have been implemented with as described in
section 2 and 3. As many of these have not been applied to
EMRIS previously, some assumption on the implementation
were required. This section presents the implementation
specific details. Additional algorithms are implemented to
show upper and lower bounds.

Further note that the LS is used with the exact same al-
gorithms and input parameters as HMM. Thus, the results
can empirically show the impact in accuracy and number of
downloaded nodes (D(S;)) by introducing LS.

Random Walk (RW). The Random Walk (RW) is an algo-
rithm which randomly crawls the directed graph. Despite
its simplicity it is an often used crawling strategy which has
many properties considered valuable when it comes to web
crawling [30].

The algorithm works as following. For each node p; the RW
selects a random edge e, available from p;. Subsequently,
it follows e; 1 to node pi and continues selecting random
edges.

Since it is unlikely that the RW reaches p; the performance
can be seen as a lower bound. To avoid infinite runs the
maximum length of the RW is set to 20% of the population
size, as was done in [2]..

Optimal. The optimal algorithm finds the shortest path be-
tween ps and p;. In a controlled experiment there is perfect
knowledge of the entire directed graph. The optimal algo-
rithm knows every possible path. Using this knowledge, it
measures which is the shortest path to reach p; from ps and
crawls these nodes. It will always reach the best possible re-
sult with the fewest number of downloaded nodes and should
be seen as an upper bound.

A* Many pathfinding algorithms exits. The aim of pathfind-
ing algorithms are to find the best, often the shortest, path
between the starting node ps and target node p;. This is
done by inputting the ps and p:. L.e., in contrast to the EM-
RIS, the algorithms always know when p; has been reached.

There are however similarities between pathfinding and the
EMRIS. Pathfinding algorithm use path and edge informa-
tion in order to decide which link(s) to follow to get the most
probable path to the p;.

A common example of pathfinding algorithms is the A* al-
gorithm. To find the most cost cost effective path from p,
to pt a distance cost function is calculated consisting of: (1)
A path-cost function per path and (2) a heuristic estimate
to the goal.

Note that what is the most cost effective path according
to A* is not by itself important for EMRIS. The number
of nodes to download to reach the best and find the target
page is important (see section 4).

To avoid giving the A* an unfair advantage, p: is not used
as input. Instead we let the heuristic estimate of the dis-
tance towards the target node be the similarity metric of its
neighbors [2].

Focused crawler. The satisfactory factor in the content
based focused crawler, which is used as part of the stop cri-
teria in the crawler, is set to the number of relevant down-
load nodes compared to the expected relevant nodes. Since
the number of relevant nodes in EMRIS is set to only one,
the satisfactory is set very small: P(C) = 1/N. Note that
in the controlled experiment N is available. However, this
cannot be assumed for real web sites where the number of
pages in the web site in most cases are not known.

The content based focused crawler assumes that nodes are
available in the directed graph before a crawl starts [22].
This is not available.

To make the algorithm work in practice, the following two
assumptions were implemented:(1) Let the crawler download
all nodes from the p, as a starting point. (2) When new
nodes and edged are discovered, let the crawler continuously
update the knowledge of the directed graph.

HMM /HMM 2F. Traditional classification algorithms are
not created to work in directed graphs and do not have func-
tionality to prioritize which nodes to visit. Because of this,
in our experiments we let the classification algorithms down-
load every available node in the graph. This means that the
classification algorithms will not perform well with respect
to the number of downloaded nodes, but should have a fair
chance when it comes to accuracy.

5.1.3 Threshold

The threshold in this experiments are set to {0.25,0.75}.
The algorithms OPTIMAL, RW and FOCUSED do not de-
pendent on thresholds. A* SIM, DEG and SIMDEG origi-
nally do not depend on thresholds, but need a threshold to
work in this experimental set up. Except for OPTIMAL,
RW and FOCUSED, all algorithms are run with the same
thresholds. The thresholds are set up with in an attempt
to give fair results.In order to be brief, and because be-
cause the thresholds {0.25,0.75} were enough to communi-
cate the findings, additional thresholds were omitted. How-
ever, other thresholds which have not been tested may yield
different results.

5.1.4 Results from generated directed graphs

This section, including figure 4 and 5 shows only a selected
subset of the results. Additional results are available in ap-
pendix A table A. The metrics used for the results are pre-
sented in section 4.

Figure 4 shows the accuracy of the selected algorithms with
different number of nodes in the directed graph (N) in thresh-
0ld=0.75. Figure 5 shows the number of downloaded nodes
in the same experimental runs.

The results in figure 4 and 5, show that in some cases SIMDEG
is better than DEG. This is the expected behavior [2]. How-
ever, in many cases SIMDEG is not better than SIM. This
is in contrast to previous findings. This behavior may be
because the number of edges from a node will not always
be good indicators of where the target node is located. In
fact, the results suggest that occasionally the number of the
edges is misleading.
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The further results show that the LS2F with 100 states
(LS2F S=100) outperforms all other algorithms (not consid-
ering optimal) when it comes to accuracy. The superiority
is significantly more visible when N = 10000 compared to
when N € {100,1000}. LS2F reaches an accuracy of 0.57.
It even outperforms the HMM2F S=100 which reaches an
accuracy of 0.03. Keep in mind that HMM2F and LS2F
uses the the exact same classification algorithm, and that
HMMZ2F downloads the entire directed graph. This sug-
gests that the tested classifiers work better when less nodes
are available to classify.

For the directed graph when N = 10000, the LS2F S=100
downloads in average on 715.1 nodes. Several other algo-
rithms download significantly less nodes but are nowhere
near when it comes to accuracy; SIM downloads 36.1 nodes
and reach an accuracy of 0.04, while SIMDEG downloads
46.9 nodes reaching an accuracy of ~ 0.0.

Thus the LS2F S=100 can reach an accuracy of 0.57 in a
directed graph of 10000 by only downloading 715.1 nodes.
In a directed graph of 1000 nodes in reaches the accuracy of
0.72 by only downloading 58.2 nodes.

Thus, the LS significantly outperforms existing algorithms,
and it performs comparatively better as the size of the graph
increases.

5.2 Results on real web site
To show how the algorithms work in practice, this section
presents selected algorithms applied on real web site.

The test is finding the mail record web page on Norwegian
municipality web sites. This is a page important for the
transparency on local Norwegian government. The target
page p:, the page the algorithms should find, is therefor set
to the web page presenting mail records. For the web sites
which did not have mail records, no target page is available.

The algorithms used in this experiment are the LS2F with
100 states (LS2F S=100) and the Similarity Search (SIM),
with the threshold for stopping set to 0.75. LS2F and SIM
were chosen since it is the setups which yielded the best
results in the simulated environment.

The query used is derived from the most common words,
after removing stop words, in a random selection of 10 mail
record pages. To ensure that no algorithm has an unfair ad-
vantage, the exact same query is used for both algorithms.
Furthermore, all pages from which the query have been ex-
tracted, have deliberately been removed from the experi-
ment.

The web site size is estimated to consist of 26000 pages. This
estimations is based on a median value of number of results
from Google per site.?

In total 420 municipality web sites where used for this ex-
periment. Each result is verified manually and categorized
as either correct or incorrect. The accuracy, Ac and num-
ber of downloaded pages, D are calculated as described in
section 4.

26000p (real web sites)
Ac. | D
Threshold=0.75

LS2F S=100 || 0.84 | 25.35

SIM 0.28 | 84.03

Algorithm

Table 2: Real results from evaluating 420 Norwe-
gian municipal web sites. Detecting mail records in
municipal web sites.

The experiments show that both LS2F S=100 and SIM work
better when applied to real web sites than in the generated
directed graphs. The difference between the experiments in
live web sites and generated graphs may be because (1) The
generated graphs made the experiment particularly hard
problem, (2) The setup of detecting mail records in pub-
lic municipal web sites was particularly easy. Or perhaps
a combination of these. For example, the target page p: in
the generated graphs where randomly selected. However,
we can expect that the target page in the live web sites, the
page with mail record, is closer to the starting page than
randomly generated. This would be an easier problem.

In the results from real web site, the LS2F yields a signif-
icantly better accuracy than SIM, as well as significantly
fewer number of downloaded pages.

2Note that the number of pages per site is not gaussion
distributed, and have a arithmetric mean of ~87000. There
are a few huge web sites, while most are around the median
of 26000 pages.



6. CONCLUSION

This paper addresses finding a single node in a directed
graph of nodes with directed edges and labels. It is a prob-
lem equivalent to finding a single page in a web site. This
problem, referred to as the exact match on rare item searches
(EMRIS), has not been addressed much in the literature.
However, many very closely related problems have been ad-
dresses in the fields of information retrieval, web page clas-
sification and directed search.

This paper presents a formal description of the EMRIS, in-
cluding a description of the environment from which the
EMRIS interacts.

This paper also defines metrics valuable for evaluating the
EMRIS. These metrics are based on findings in related fields.
The analysis shows that the most viable metrics to use for
EMRIS is the number of downloaded nodes and accuracy.

As a solution to the EMRIS, this paper presents a new in-
novative algorithm called the lost sheep. It is specifically
designed to work in a directed graph consisting of edges, la-
bels and nodes. The lost sheep can be seen as a pre-classifier
on node labels (link texts) and decide if a node (web page)
is candidate for further evaluation before downloading it.

State-of-the-art algorithms, both algorithms previously used
for EMRIS field, and the research fields closely related, have
been implemented and empirically tested both on generated
graphs and real web sites.

The results show that the lost sheep significantly outper-
forms the state-of-the-art algorithms, both when it comes
to accuracy and number of downloaded nodes. That it out-
performs the other algorithms in the number of downloaded
nodes is not surprising as the lost sheep is the only algorithm
which utilises the labels which describe the corresponding
nodes. However, the results also show that the lost sheep has
a significant increased accuracy of the results. The perfor-
mance of the lost sheep drastically increases as the number
of nodes part of the directed graph increases.

7. FUTURE WORK

In some cases the link texts in web pages are not descrip-
tive, however the text close to the link text may be valuable
information [25]. An example is the text “find the contact
information here” where here is the link text. This not con-
sidered in the directed graph model. By extending the edge
labels with text close to the link may increase the accuracy.

The lost sheep does not addresses that nodes may be of
different sizes. In the real web, as well as in the model
presented in this paper, nodes may be of different sizes which
could influence the results. The performance of the lost
sheep may improve if the size of the nodes are considered.

This paper presents empirical results on the lost sheep al-
gorithm for graph sizes 10%,10% and 10* and real web sites.
The authors plan to run experiments for more graph sizes.
Additionally the authors plan to present analytically results
on how the lost sheep works and the complexity of the algo-
rithms.
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APPENDIX

A. RESULTS
100p 1000p 10000p

Algorithm Ac. | D Ac. | D Ac. | D

No threshold
OPTIMAL 1.0 2.74 1.0 2.87 1.0 2.01
RW 0.02 | 20 0.00 | 200 0.00 | 2000
FOCUSED 0.28 | 35.14 || 0.32 | 171.9 || 0.00 | 771.7

Threshold=0.25
SIM 0.02 | 8.00 0.01 | 15.8 0.03 | 23.6
DEG 0.0 8.50 0.0 15.1 0.0 29.7
SIMDEG 0.01 | 7.38 0.0 14.1 0.0 24.5
A* 0.04 | 11.94 || 0.04 | 40.8 0.02 | 537.4
HMM S=3 0.80 | 100 0.41 | 1000 0.07 | 10000
HMM S=100 0.68 | 100 0.28 | 1000 0.02 | 10000
HMM S=200 0.58 | 100 0.22 | 1000 0.14 | 10000
HMM S=400 0.47 | 100 0.16 | 1000 0.09 | 10000
LS S=3 0.78 | 20.84 || 0.68 | 106.4 || 0.52 | 429.3
LS S=100 0.49 | 27.10 || 0.31 | 77.0 0.14 | 826.0
LS S=200 0.40 | 24.13 || 0.18 | 57.2 0.25 | 1670.7
LS S=400 0.14 | 14.67 || 0.18 | 146.1 0.13 | 1736.0
HMM2F S=100 || 0.75 | 100 0.49 | 1000 0.04 | 10000
HMM2F S=200 || 0.68 | 100 0.40 | 1000 0.06 | 10000
HMM2F S=400 || 0.75 | 100 0.47 | 1000 0.04 | 10000
LS2F S=100 0.79 | 11.77 || 0.70 | 48.4 0.47 | 195.6
LS2F S=200 0.78 | 12.25 || 0.65 | 50.8 0.67 | 368.8
LS2F S=400 0.73 | 13.94 || 0.67 | 52.6 0.51 | 187.0

Threshold=0.75
SIM 0.07 | 10.89 || 0.05 | 23.4 0.04 | 36.1
DEG 0.00 | 11.16 || 0.0 31.6 0.0 51.9
SIMDEG 0.10 | 10.91 || 0.03 | 22.6 0.0 46.9
A* 0.21 | 24.76 || 0.08 | 255.6 || 0.08 | 1853.4
HMM S=3 0.69 | 100 0.45 | 1000 0.09 | 10000
HMM S=100 0.71 | 100 0.30 | 1000 0.07 | 10000
HMM S=200 0.60 | 100 0.26 | 1000 0.06 | 10000
HMM S=400 0.47 | 100 0.20 | 1000 0.09 | 10000
LS S=3 0.75 | 22.52 || 0.67 | 124.0 || 0.32 | 1839.2
LS S=100 0.57 | 35.19 || 0.34 | 356.5 || 0.10 | 5088.0
LS S=200 0.37 | 35.64 || 0.25 | 519.4 || 0.17 | 5442.7
LS S=400 0.30 | 43.45 || 0.16 | 633.8 || 0.09 | 8278.1
HMM2F S=100 || 0.73 | 100 0.41 | 1000 0.03 | 10000
HMM2F S=200 || 0.75 | 100 0.45 | 1000 0.06 | 10000
HMMZ2F S=400 || 0.74 | 100 0.47 | 1000 0.04 | 10000
LS2F S=100 0.76 | 12.52 || 0.72 | 58.2 0.57 | 715.1
LS2F S=200 0.80 | 12.64 || 0.66 | 75.8 0.41 | 578.4
LS2F S=400 0.78 | 11.72 || 0.64 | 75.2 0.35 | 793.0

Table 3: The average accuracy (Ac.) and average
Number of downloads (D) of algorithms for web sites
with 100 , 1000 and 10000 pages (100p, 1000p and

10000p).




