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Abstract

Language Identification on the World Wide Web

by

Katia Hayati

We report on our experiments with adapting a classical language identification method for use on

a Web corpus. We show how to refine its feature selection stage and its similarity measure by us-

ing the Fisher discriminant function and the cosine similarity metric respectively, and report on the

improvements to the performance of the classifier. Lastly, we describe how to use Web-specific

information, namely inlinks, to improve the performance of the classifier on very short Web docu-

ments.
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1 Introduction

Automatically identifying the language of a Web page is an important problem in infor-

mation retrieval. We initially approached this problem wanting to implement a simple and efficient

language recognizer for Web documents. One method which is popular for its performance and

simplicity is Cavnar and Trenkle’sn-gram based algorithm [1]. However, when we implemented

this algorithm and tested it on Web documents, we found the results to be disappointing. The accu-

racy of the classifier on our Web corpus was significantly lower than the accuracy the authors report

for Usenet data. We conjectured that the feature selection stage of the algorithm should be refined,

and (consequently) its similarity function modified. We also noticed that the algorithm performed

especially badly on short documents. When we improved the algorithm as planned, we still found

that our classifier, while more accurate than the original, often failed on very short documents. This

fact led to experiments with incorporating extra, Web-specific information into our classifier.

In this project, we report on our experiments and describe the various classifiers we im-

plemented. We show how using the Fisher discriminant function [2] to select features reduces the

number of errors by a factor of about two. Further, we show that using information about the pages

which point to a page to be classified doubles the accuracy of the classifier on very short documents

(less than 25 characters).

The rest of this paper is organized as follows. First, we describe our data and experi-

mental setting. Then we describe our experiments with Cavnar and Trenkle’s algorithm [1]. In

Section 4 we explain how to use the Fisher discriminant function to improve the performance of the

base classifier. Then in Section 5 we describe experiments that exploit information about top-level
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domains, outlinks and inlinks. We show that using inlink information doubles the performance of

the classifier on short Web pages. Section 6 describes related work, and Section 7 concludes.

2 Data and methodology

We obtained a sample of 1359 webpages spanning eleven languages (Danish, German,

English, Spanish, Finnish, French, Italian, Dutch, Norwegian, Portuguese, Swedish) from the In-

ternet Archive1. We manually classified them according to language. We restricted ourselves to

pages in the Windows-1252 character set [12] (a superset of the ISO-8859-1 character set, also

called Latin-1). This is because unlike other character sets such as Euc-JP (a Japanese character

set), Latin-1 does not determine a language. By this we mean that if a page uses the portion of

Euc-JP which is not ASCII it is certainly written in Japanese. No such conclusion can be drawn for

a page that uses the Latin-1 character set. There are also very good solutions [4, 7] to the problem

of automatically identifying a character set, so it seems reasonable to focus on the Windows-1252

character set.

From these pages we removed all HTML markup (as well as scripts, etc.) and non-

alphabetic characters. We also normalized spaces so there would be exactly one space between

words. We divided the documents into training and testing sets. The performance of the algorithms

was recorded on the testing sets.

Because the classification was manual, a certain bias against very short pages was intro-

duced. This is because we needed at least a few words to be able to correctly assign a language to

a Web page. In order to test the performance of our methods on very short pages (a few words at

most), we had to go back and specifically look for short pages to introduce in our corpus.

1http://www.archive.org
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We formed a second corpus of pages under 50 characters long (the length of the page is

calculated after normalization). These pages were selected from a sample of pages that were linked

to from weblog entries on LiveJournal2 over a period of eight hours. Most of these short pages were

in English, but there were a few pages in other languages. Although these pages are biased towards

English, we believe they are acceptable as a sample. This is because (as will be explained later) our

final algorithm does not take any information into account beyond the text of documents. Gathering

a more diverse corpus of short documents is a hard task that we leave for future work.

3 Cavnar and Trenkle’s algorithm

In this section we describe Cavnar and Trenkle’s method [1], and explain how we im-

plemented it. It should be noted that strictly speaking, the authors originally used their method to

determine the provenance of Usenet postings. The authors conflated a message being in a particular

language with the message being posted in the appropriate newsgroup in thesoc. hierarchy.

3.1 The method

An n-gram can be described as a sliding window over a set of characters. For example, in

the text fragment “the quick”, the 3-grams are “the”, “he “, “e q”, “qui”, “uic”, “ick”, “ckt”, “kth”.

Notice that then-grams wrap around, so that there are always as manyn-grams as characters in the

text.

The method is quite simple. To each language in the corpusLi corresponds a set of

training documentsDi. Forn = 1..5, we find the set of all charactern-grams appearing in eachDi.

2http://www.livejournal.com
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We form a ranked listGi of theC most commonn-grams in eachDi. In this way each languageLi

is represented by a list of its most commonn-gramsGi.

To classify a new documentd, we find itsC most commonn-grams forn in 1..5 and form

the listG. We then compareG to each of theGi and find the closest one.

Let G = (g1, g2, . . . , gC), Gi = (gi1 , . . . , giC ), and defineindex(g,G) to be the index of

g in list G, or C + 1 if g 6∈ G. To measure the similarity of two lists, we use the following formula:

d(G, Gi) =
C∑

j=1

|index(gj , Gi)− j| (0.1)

That is, we sum up the difference between the ranks of eachn-gram in both lists. Note that this

measure is not symmetric, so is a pseudo-distance rather than a distance.

We now formalize the algorithm.

Algorithm 3.2 (BASE algorithm) Let L = {L1, . . . , Lk} be the set of known languages, and let

D = {D1, . . . , Dk} be the set of training documents associated with each language.

TRAINING PHASE : To train the algorithm:

1. For i = 1..k: computeGi, the list ofC most commonn-grams inDi for n in 1..5.

CATEGORIZATION : Input: d, a document to classify. Output:Li ∈ L, a guess as to the language

of d.

1. FindG, the list ofC most commonn-grams ind for n = 1..5.

2. For i = 1..k: computesi = d(G, Gi).

3. Find i such thatsi is minimal, and returnLi.
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3.3 Implementation and results

Cavnar and Trenkle report that a good value ofC is about 400. We choseC to be 399.

The classifier had an accuracy of 86.8%.

3.4 Discussion

We examined the documents which caused the classifier to produce an erroneous answer.

We found that most of the mistakes were either made on short documents, or consisted of assigning

to a document a language which was linguistically close to the correct language (e.g., Spanish and

Italian). To understand this phenomenon, we examined the representativen-grams for sets of close

languages (French, Spanish and Italian is an example of such a family). We observed that those

lists shared many commonn-grams, as may be expected. Therefore, our technique for selecting

representativen-grams did not yieldn-grams which had sufficient discriminatory power to allow

the classifier to distinguish close languages. This led us to consider other schemes for feature

selection.

4 Using the Fisher discriminant function

In this section we present a method for improving the baseline classifier described in

Section 3. We use the Fisher discriminant function [2] to choose representativen-grams for all the

languages, and compare new documents to the reference by using the cosine similarity measure.

Calculating the Fisher discriminant for all then-grams in every language forn = 1..5

would be possible but is computationally prohibitive. This is especially true since the function must

be recomputed from scratch if a new language is introduced in the corpus (on the other hand, in
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Cavnar and Trenkle’s method only the profile for the new language must be computed). For this

reason we have chosen to fix ann. It has been shown [10, 11] thatn = 3 is a good choice. From

now on when we speak ofn-grams we will mean 3-grams. It would be interesting to see if allowing

n to range from 1 to 5 would produce better results.

4.1 The Fisher discriminant function

The idea here is to select from all then-grams appearing in every training document those

n-grams which have the most discriminatory power to distinguish between languages. Intuitively, a

“good” n-gram is common in one language but rare in the remainder of the languages.

Let us define the Fisher discriminant functionF more formally. First, we need to fix some

notation. As before, letL =
⋃

Li be the set of all languages in consideration, and letD =
⋃

Di be

the union of the training documents for each language. LetA be the set of all 3-grams appearing in

D. Let g ∈ A andd ∈ D. Let #(g, d) denote the number of occurrences ofg in d. We define the

frequencyof g in d as follows:

freq(g, d) =
#(g, d)
|d|

(0.2)

Now we can define thenormalized frequencyof g in d:

Freq(g, d) =
freq(g, d)√∑
h∈A freq(h, d)2

(0.3)

The vector(Freq(g1, d), . . . , F req(gk, d)) is the vector(freq(g1, d), . . . , freq(gk, d)) normalized

to have length 1.

Following Chakrabarti [2], we can define the mean normalized frequency of ann-gramn

in a set of training documentsDi:

µi(g) =
∑

d∈Di
Freq(g, d)
|Di|

. (0.4)
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Finally, we can defineF (g), the Fisher discriminant ofg, as:

F (g) =

∑
Li,Lj

(µi(g)− µj(g))2∑
i

∑
d∈Di

(Freq(g,d)−µi(g))2

|Di|

. (0.5)

4.2 The training phase

To train the classifier, we computeF (g) for everyn-gram in every training document.

Then we sort then-grams in descending order of their discriminant, and select the top 1000 as

representatives, obtaining the vector(g1, g2, . . . , g1000). Then for each languageLi, we form the

vectorvi where:

vij =
∑

d∈Di
#(gj , d)∑

d∈Di
|d|

(0.6)

To obtain therepresentative vectorfor languageLi, we normalizevi and get:

ri =
vi

||vi||
(0.7)

4.3 Classifying new documents

To classify a new documentd, we form its representative vector as follows:

r = (Freq(g1, d), F req(g2, d), . . . , F req(g1000, d)) (0.8)

We comparer to each referenceri by computing their dot productr · ri. This is known as the

cosine similarity measure, becausev1 · v2 = cos(θ(v1, v2)) · ||v1|| · ||v2||. If both vectors have

unit length, the dot product measures the angle between them, which is understood as representing

their similarity. Since a smaller angle means a larger cosine (at least in the first quadrant, where we

work), we want to find the reference vectorrm which maximizes the dot product. Thenr will be

closest tormm, and we assign languageLm to d.
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4.4 Algorithm formulation

We present a precise formulation of the NFC (forn-grams, Fisher and cosine) algorithm.

Algorithm 4.5 (NFC algorithm) As before, letL = {L1, . . . , Lk} be the set of known languages,

D = {D1, . . . , Dk} the set of training documents associated with each language.

TRAINING PHASE To train the classifier:

1. FindA, the set of all 3-grams inD.

2. For i = 1..k:

(a) For d ∈ Di:

i. For g ∈ A: find Freq(g, d)

(b) For g ∈ A: find µ(g,Di) using the information just computed.

3. For g ∈ A: computeF (g) using the information computed aboutµ andFreq.

4. SortA in descending order ofF , and select the top 1000 to formR = (g1, . . . , g1000).

5. For i = 1..k:

(a) Compute an approximation ofvi by formingC = Di1 + Di2 + . . . + Dim, the

concatenation of all the documents inDi, and computing

ṽi = (Freq(g1, C), . . . , F req(g1000, C)). (0.9)

(b) Computeri := ṽi/||ṽi||.

CATEGORIZATION Input: d, a document to classify. Output:Li ∈ L, a guess as to the language

of d. As above,R = (g1, . . . , g1000) is the vector of reference 3-grams.
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1. Computev = (Freq(g1, d), . . . , F req(g1000, d)).

2. Computer = v/||v||.

3. For i = 1..k: computescore(i) = r · ri.

4. Find i such thatscore(i) is maximized, and returnLi.

4.6 Experimental results

Using this method, we achieved an accuracy of 93.9% on our sample. In other words, the

number of errors is halved in comparison to Cavnar and Trenkle’s algorithm. Although there were

not very many short documents in our sample, we observed that the classifier performed badly on

them. We decided to investigate the use of Web-only information to improve the performance of the

classifier on very short documents.

5 Using Web information

To improve the performance of the Fisher discriminant-based classifier of Section 4, we

considered adding Web-specific information to help the classifier. We considered top-level domains,

outlinks and inlinks. We describe the results in this section.

5.1 Top-level domains

The algorithm

We conjectured that top-level domains are a good predictor of language. To test this

hypothesis, we implemented a very simple classifier based on top-level domains only. To train the

classifier, we find the most common language for every top-level domain in the training documents.
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Then, to classify a new document, we assign the language corresponding to its domain. We give a

precise algorithm below.

Algorithm 5.2 (T OP-LEVEL DOMAIN algorithm) Let d be a webpage. Letsite(d) represent the

site part of the URL ofd. Definetld(d), the top-level domain ofd, as the part ofsite(d) after the

rightmost period.

TRAINING PHASE To train the algorithm:

1. ComputeT = {tld(d) : d ∈ D}, the set of all top-level domains inD.

2. For eacht ∈ T , for eachLi ∈ L: computeF (t, Li) = |{d ∈ Di : tld(d) = t}|.

3. For eacht ∈ T , findLi such thatF (t, Li) is maximized, and letL(t) = Li.

CATEGORIZATION Letd be a document to classify.

1. ReturnL(tld(d)).

We use a naive definition of top-level domain. One could implement a more accurate

definition (for example, consideringco.uk andac.uk as two different domains), but we chose to

retain this definition because it is very easy to compute and does not require any knowledge of the

classifier.

Results

Using this method we achieved an accuracy of 69.2%. So the TOP-LEVEL DOMAIN

classifier is a quick and dirty way of getting a reasonable estimate for the language of a Web page,

but is not adequate for our purposes. One could investigate combining a classifier based on top-level

domains and the NFC classifier in a naive Bayesian way. We leave this for further investigation.
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5.3 Outlinks

Using a sample of 799 links, we assessed that roughly 95% of all links are between pages

written in the same language. LetP be a page which is too short for the classifier to give a reliable

answer. We consider the pagesP points to (its outlinks)O1, . . . , On. We compute the language of

eachOi using the base classifier, and select the most common language by majority vote and assign

it to P .

Unfortunately, in preliminary experiments this method did not work as well as we hoped,

because short pages are unlikely to contain links. We did not pursue this line of investigation further.

5.4 Inlinks

We then turned to inlinks of a pageP , that is pages which point toP . The hope is that if a

page is short, there may nonetheless be longer pages which point to it, and which could be leveraged

to infer the language of the short page.

The sample of webpages we originally collected did not contain many very short pages.

This is in part due to the bias introduced by the manual classification of the pages, because we

had less trouble confidently assigning a language to longer pages. In order to test the performance

of our algorithm on very short pages, we used the sample of short Web documents described in

section 2. We divided this sample into two subsamples: one contained documents whose length was

less than 25 characters, and the other one contained documents whose length was between 25 and

50 characters.

We did not retrain the NFC algorithm on this new sample. We believe that to be effective,

our language recognizer must be versatile enough to be trained once and then used anywhere. We
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very carefully selected our original training set to have many documents in each language, a feature

which would be impossible to reproduce by random samplings of the Web.

We give a more formal description of the INLINKS algorithm.

Algorithm 5.5 (I NLINKS algorithm) Input: d, a webpage to be classified. Output:Li ∈ L, a

guess as to the language ofd.

1. If |d| > MIN LENGTH for some minimum lengthMIN LENGTH, returnNFC(d).

2. FindInlinks(d), a set of pages which point tod such that

|Inlinks(d)| ≤ MAX INLINKS (0.10)

(we chose this set to contain at most 10 pages) and such that the length of each document

in Inlinks(d) is at leastMIN REF LENGTH. In practice we found this set using the

Google API3 and a query of the formlink: url(d).

3. Compute themultisetR = {NFC(r) : r ∈ Inlinks(d)} ∪ {NFC(d)}.

4. ReturnLi ∈ L such thatLi is the element ofR with the largest multiplicity.

We choseMIN REF LENGTH to be 150 characters. We leave the investigation of

the relationship between the optimalMIN REF LENGTH andMIN LENGTH for future

work.

5.6 Experimental results

On the first sample (less than 25 characters), we first ran the NFC classifier. The accuracy

was 33.8%. Then we used the INLINKS classifier. To find the pages pointing to the pages in our

3http://api.google.com
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Lenght in characters Accuracy of NFC Accuracy of INLINKS

< 25 33.8% 71.0%
≥ 25, < 50 43.3% 70.9%

< 50 38.0% 70.0%

Table 5.1: Accuracy of INLINKS compared to NFC

sample, we used the Google API and limited the maximum number of inlinks to 10 per page. We

then fetched those pages, classified them, and selected the most common language of these pages as

the result. Using this method, we achieved an accuracy of 71.0%, or more than double the accuracy

of NFC. We observed that the classifier mainly made mistakes on pages which had few or no inlinks.

On the second sample (length between 25 and 50 characters), the NFC classifier had an

accuracy of 43.3%, and the INLINKS classifier achieved an accuracy of 70.9%. So we again see a

substantial gain by using inlink information, though the difference is not as large as in the sample

with shorter pages.

6 Related work

A number of methods have been developed to identify the language of a document. We

mention some categories and representative works. We base these descriptions on the papers by

Sibun and Reynar [10] and Souter et al [11], as they both contain a survey of existing methods.

Dictionary methods are a commonly used approach. They basically consist in building

a list of commonly found words (usually stopwords such as “the”) in languages and scanning un-

known texts for those words and assigning a language to them based on those words. They work

moderately well, but are not automatic in that the words to be included in dictionaries are chosen by

linguists. In a similar vein, unique strings have been considered as a way to classify documents [11].
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This method performs poorly because unique strings found in training documents might not appear

in testing documents.

Hidden Markov Models [3] are another line of research. They have been found to be

slightly less efficient than then-gram method. They are also not easy to implement. The basic idea

behind HMMs is to compute reference Markov chains for the training sets. Then when a text comes

in, we must compute the probability that a certain model produced the output that we see (this is the

“hidden” part: the model is hidden but the output is what we have to classify). The model with the

highest probability is chosen as an answer.

Many probabilistic methods have also been considered. Sibun and Reynar [10] give an

overview. These methods are shown to perform well on relatively long documents, but generally

not on documents shorter than one line (about 80 characters).

Most recent work in language identification has focused on speech language recognition

and image language recognition, because it was deemed [6] that Cavnar and Trenkle’s method solves

the problem of textual language identification.

Kikui [4] developed an approach for language and character set identification on the Web.

The approach is to use some bytes to make a few guesses about possible language encodings. For

each such possible encoding, the text is decoded and a statistical language model is used to find

the most likely language for this encoding. This is done until a satisfactory answer is found. This

method solves a slightly different problem than this one, since it identifies a character encoding first

and then determines a language based on this information.

The idea that links between Web documents carry interesting information has been used

by the HITS [5] and PageRank [9] algorithms. We derived the idea of using inlinks from these

works.
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7 Conclusion

In this paper, we report on our experiments with a classical method of language identifi-

cation based onn-gram frequencies, and show that it did not perform as well as expected on our

sample of web pages. We show that refining then-gram selection method by using the Fisher dis-

criminant improves the accuracy of the classifier. However, the resulting classifier does not perform

well on short webpages. We incorporate web-specific information (inlinks) into the classifier and

test it on a new sample of short webpages. The new information more than doubles the accuracy of

the classifier on pages with less than 25 characters, and slightly less than doubles the accuracy on

pages with less than 50 characters.

We do not investigate incorporating top-level domain information into our classifier, per-

haps for use on pages where our classifier has low confidence. It would be interesting to see if this

information could be leveraged in a useful way. We also do not investigate the optimization of the

inlink classifier, by fine-tuning the number of inlinks required and their length.

Finding inlinks statically is costly. We envision that our classifier could be used by a

crawler while crawling, perhaps maintaining confidence information and link information as it finds

pages. One could also imagine implementing the classifier as a recursive graph algorithm on the

web graph (or the graph of collected web pages). We have begun investigation in this direction, by

starting to integrate our classifier with Nutch [8], an open-source search engine.
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