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ABSTRACT

This paper discusses the problem of automatically identifying the
language of a given Web document. Previous experiments in lan-
guage guessing focused on analyzing “coherent” text sentences,
whereas this work was validated on texts from the Web, often pre-
senting harder problems. Our language “guessing” software uses
a well-known n-gram based algorithm, complemented with heuris-
tics and a new similarity measure. Both fast and robust, the soft-
ware has been in use for the past two years, as part of a crawler
for a search engine. Experiments show that it achieves very high
accuracy in discriminating different languages on Web pages.

1. INTRODUCTION

Language identification has become increasingly important, as
more and more textual data is making its way on-line. When pro-
cessing multilingual document collections, appropriate language
annotations can be used to bootstrap shallow machine translation,
parts-of-speech tagging, topic labeling or information retrieval [18].
Automatic “language guessing” systems have been described in
the past, achieving very high accuracy [24]. However, text from
the Web is considerably different [1], motivating us to revisit the
problem. Difficulties introduced by the Web domain are gener-
ally related to the “noisier” nature of the text, including things like
spelling errors, multilingual documents or small amounts of text.

In this paper, we describe a system to automatically identify the
language of Web pages. It implements the n-gram based algo-
rithm originally presented by Cavnar and Trenkle, and described
as very fast, precise and tolerant to errors [6]. We also comple-
mented the original algorithm with a more efficient similarity mea-
sure, together with heuristics to better handle Web data. We use
this software in the context of a Portuguese Web search engine
(www . tumba.pt). Language information is used to decide if a doc-
ument crawled from a top-level domain other than “.PT” should be
indexed. We are only interested in documents from domains other
than “.PT” if they are written in Portuguese.

The rest of this document details the language identification sys-
tem and the most important issues faced during its development.
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2. RELATED WORK

Sibun and Reynar provided a good survey on existing techniques
for language identification [24]. A variety of features have been
used as discriminators. These include the presence of particular
characters [28, 22], the presence of particular words [14, 26] and
word classes [18], the presence of particular character n-grams [6,
11], or others [25]. In this context, n-grams refer to n-character
contiguous slices of a longer string.

The n-gram method proposed by Canvar and Trenkle [6] seems
to be the most promising approach. It is not only very efficient, as it
also presents all the properties we deem most desirable: it performs
well on brief passages of text, requires minimal amounts of train-
ing data, it is very robust to textual errors, and is fast and relatively
easy to implement. In the published evaluation results, their method
achieved 99.8% precision on discriminating among 8 different lan-
guages, misclassifying only 7 articles out of 3478. Furthermore,
the algorithm was also reported to exhibit interesting generaliza-
tion behaviors. For instance, when trained on English, French and
Spanish, it tends strongly to classify German as English, therefore
confirming the historical basis of English as a Germanic language.

Dunning’s method [11], which involves n-gram statistics and
Markov models, is also reported to perform very well — 99.9%
of accuracy in discriminating two moderately-related languages,
English and Spanish. It assumes that language can be modeled
by a low order Markov process generating strings, and then uses
Bayesian decision rules to select which of two phenomena caused
a particular observation.

Other methods based on n-gram statistics have also been re-
ported. For instance relative entropy, also known as Kullback-
Leibler distance, was used by Sibun and Reynar [24]. Damashek
used a model that computed dot-products of frequency vectors [10].

Besides applications in the language identification problem, it is
interesting to note that n-gram based methods have also been ap-
plied to other problems involving text processing [20]. Previous
studies report they perform very well in the extreme cases of docu-
ment categorization according to topic [6] or the analysis of genetic
sequences [11].

3. N-GRAMSIN TEXT CATEGORIZATION
ACCORDING TO LANGUAGE

In this work, we propose to assign language labels to textual
strings, using an approach based on the statistical characterization
of text in terms of its constituent n-grams. The key benefit that n-
gram based matching provides derives from its very nature: since
every string is decomposed into small parts, any errors that are
present tend to affect only a limited number of those parts, leaving
the remainder intact. This is particularly interesting to our prob-
lem of language identification in Web pages. Tolerance to spelling



and grammatical errors is of crucial importance on the Web, as the
quality of the documents varies considerably. If we count n-grams
that are common to two strings, we get a measure of their similarity
that is resistant to a wide variety of textual errors.

The definition of n-grams of characters also does not explicitly
or implicitly require the specification of a separator, a problem that
occurs for words [13]. For instance, text tokenization, stemming
and/or lemmatization, which are relatively easy in English, become
much more difficult for languages such as German, notable for the
extensive use of compound words [4]. If n-grams of characters are
used instead of words as the basic unit of information, there is sim-
ply no need to recognize words, and therefore no need for morpho-
logical and lexical analysis. Related forms of a word (e.g advance,
advanced, advancing) also have a lot in common when viewed as
sets of n-grams, and can therefore be appropriately treated.

Our approach to the language identification problem is based on
the n-gram analysis method proposed by Cavnar and Trenkle [6].
Their technique is conceptually simple and achieves good perfor-
mance, even with relatively small training sets (S50Kb of training
text is more than enough) or short strings to be classified (e.g. hav-
ing more than 300 characters is enough for optimal performance).

Essentially, the categorization method involves constructing a
probabilistic model (or “profile”) based on character n-grams of
different lengths, one for each language in the classification set The
most frequent items in the profiles will reflect common letter com-
binations (i.e. “th”, “40”) and morphemes (“the”, “op”). Classifi-
cation of an unknown string of text is performed by selecting the
model most likely to have generated it, using an easily calculated
distance measure between the model generated for the string to be
classified and the language profiles.

In our system, we use n-grams of multiple lengths simultane-
ously, with n ranging from 1 to 5. The rationale for using unigrams
in our system (in contrast to the original proposal by Cavnar and
Trenkle) is directly related to diacritic characters, which we think
are good clues in guessing the language of a document. We also
append blanks to the beginning and ending of the string, in order
to help with matching beginning-of-word and ending-of-word sit-
uations. Using the underscore character to represent blanks, the
string “TUMBA!” would be composed of the following n-grams:

unigrams: _, T,U M,B,A,!, _

bigrams: _T, TU, UM, MB, BA, A!, |_

trigrams: _TU, TUM, UMB, MBA, BA!, Al_,!__
quadgrams: _TUM, TUMB, UMBA, MBA!, BA!_,A!l_,!

quintgrams: _TUMB, TUMBA, UMBA!, MBA!_,BA!__, A!__,!

The extracted n-grams are hashed into a table, storing the number
of occurrences in the text. They are then sorted in descending order
by their occurrence frequency. As reported by Cavnar and Trenkle,
the top 400 or so n-grams are highly correlated to the language. We
use these top 400 to build the profiles.

To measure the minimum distance between profiles, Cavnar and
Trenkle used a simple rank-order statistic, obtained by calculating
how far “out-of-rank™ an n-gram in one profile is from its ranking
position in the other — see Figure 1, borrowed from the original
article. For each n-gram in the document profile, they would find
its counterpart in the class profile, and then calculate how far out of
place it is. The sum of all these values gives the measure, and the
class profile corresponding to the lowest value is finally selected.

In this work we argue for the use of a new, more efficient, simi-
larity measure. In the past, Lin has investigated the theoretical basis
of similarity, deriving the general form of an information theoretic
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Figure 1: Computing similarity between two n-gram profiles.

measure [17]. Experiments have shown that the proposed approach
outperforms other popular similarity measures [3, 17]. Under the
assumption that the probability of an n-gram occurring in a string is
independent of other n-grams, Lin proposed the following formula
to calculate the similarity between two strings x and y, given their
constituent n-grams ng(x) and ng(y) respectively:

. _ 2L seng(x)nng(y) 10gP(1)
Slm(xd}) o ):reng(x) ]‘)gP(f)+Zteng(y') log P(1)

The term independence assumption is very common on text anal-
ysis. It is untrue for words, and wildly untrue for n-grams, as ad-
jacent n-grams share all but one letter. Nonetheless, the similarity
metric does not appear to suffer from this unrealistic assumption.

Jiang and Conranth proposed a similar formula, using the same
elements as Lin in a different way [16]:

Sim(xvy) =2x ZrEng(x)ﬁng(y) IOgP(t) - (Zteng(x) IOgP(t) + Zteng(y) 10g P([))

Their measure captures distance, the inverse of similarity. Previ-
ous experiments suggested this different arithmetic combination of
the same terms does indeed yield better results [5].

4. HEURISTICS FOR THE CATEGORIZA-
TION OF WEB DOCUMENTS

Although the n-gram approach is quite simple and reported to
work very well, even on small strings, some issues have to be ad-
dressed when applying it to Web documents. These include:

1. Extract the text, the markup information, and meta-data.
. Use meta-data information, if available and valid.

. Filter common or “automatically generated” strings.

2

3

4. Weight n-grams according to HTML markup.

5. Handle situations where we possibly have insufficient data.
6

. Handle multilingualism and the “hard to decide” cases.

The need to remove tags and comments from HTML documents
before performing the categorization, as well as handling HTML
character internationalization issues, is obvious. However, dealing
with the large variety and diversity of information sources over the
Web introduces challenges. Having a robust parser capable of toler-
ating common errors associated with malformed HTML documents
is a very important aspect of dealing with Web data.

Some HTML pages include a language meta-tag, specifying its
language. However, many HTML editing tools automatically set
its value to English by default. As a result, meta-tag information is
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Figure 2: Results for the Language Identification Algorithm In Different Settings.

not always reliable. There is also no uniform way of specifying the
language on the meta-tag (for instance Portuguese can be specified
as pt, pt-pt, por, portugues, pt-portuguese, etc.) and therefore au-
tomatic tools are not always able to process this data. In our case,
if we succeed in matching the information on the language meta-
tag with the names of a set of known languages, and if the value
provided corresponds to a language other than English, we return
it instead of the language inferred by the n-gram classification sys-
tem.

Another problem concerns the fact that strings like “This page
uses frames” or “Made for Internet Explorer” are very frequent and
do not necessarily mean that a given Web resource has written con-
tent in the English language. For instance, in a large crawl of the
Portuguese Web (about 3.5 million documents), we found the two
strings above occurring about 35.000 times. We keep a small dictio-
nary of such sentences, which are filtered in a pre-processing stage.
Common words in the Internet, such as “applet” or “java”, are also
ignored through this process, as they occur all over the global Web,
independently of language.

Pages containing tables with numeric data are also very com-
mon. To better handle these cases, we ignore all n-grams composed
of only numeric and/or white space characters. N-grams are also
weighted according to markup information. HTML defines a set of
fields to which text in a document can be assigned. Terms appear-
ing in different fields intuitively have different importance [9, 15]
(i.e. text from the title of the page should, in principle, be more im-
portant). In our system, these fields serve as multiplicative factors
for the frequency of n-grams within their scope. More specifically:

e n-grams in the title are counted three times.
e n-grams in descriptive meta-tags are counted twice.

Another heuristic concerns pages with very little text. When the
text extracted from a Web page has less than 40 characters, we sim-
ply assign the document an “unknown language” label. This way,
we make a small trade of recall for precision. Some documents
will not be classified at all, but we have better chances of assigning
a correct label.

Finally, multilingual documents are also very common on the
Web. This constitutes a problem if we wish to assign the full con-
tent of a given document to one single language. For instance
home-pages for people with foreign names are very common over
the Portuguese Web, at least inside large institutional sites. To
better handle this, we use a simple heuristic: when a document
is neither classified as Portuguese or English (the two most com-
mon languages in our document collection) the algorithm is very

likely making a mistake. In these cases, we try to re-apply the n-
gram algorithm, weighting the largest continuous text block in the
document (blocks are identified in the HTML parsing stage, taking
in account the markup information) as three times more important
than the normal text. The rationale for this is that the longest block
will very likely correspond to a good description of the page, pos-
sibly in its main language.

S. EXPERIMENTS

For our experimental scenario, we used language profiles for 23
different languages, constructed from textual information extracted
from newsgroups and the Web. Since we could not find an appro-
priate collection of Web pages to use as the “golden standard”, we
also organized a test collection, manually assigning HTML docu-
ments to one of twelve different languages (Danish, Dutch, English,
Finnish, French, German, Italian, Japanese, Portuguese, Russian,
Spanish and Swedish). The total number of documents in the col-
lection is 6000, with 500 documents for each language. The pages
in the collection were crawled from sites like on-line newspapers
or Web portals. These generally contain a large number of pages in
the same language, therefore making it easier to build the test col-
lection and check it for errors in the language assignment process.

With this document collection, we tested the language identifica-
tion system in different settings, using the three different similarity
measures and the heuristics described above. Results are shown on
Figure 2. Lin’s measure was consistently the most accurate. On av-
erage, it outperformed the original “rank-order” measure proposed
by Cavnar and Treckle by 32%. Results also confirm that the pro-
posed heuristics improve the accuracy of the system. Using Lin’s
similarity measure without the heuristics results in a decrease in
performance of about 2.8%. In the future, we plan on conduct-
ing statistical significance tests, in order to estimate a confidence
degree in the reported improvements. This is particularly impor-
tant to evaluate the benefit introduced by our heuristics, since the
reported improvement is much smaller than in the case of the simi-
larity measures.

Table 1 details the results obtained in the best setting for the sys-
tem (Lin’s measure with the heuristics). Although the reported val-
ues are good enough for the system to be used effectively, they are
lower than those available in other studies with similar systems.
‘We believe that this is mainly due to the much noisier nature of the
texts being processed. The generalization behavior of the classifier
was also quite notorious. For instance, similar European northern
languages were many times confused. In detecting only the Por-
tuguese documents, the system achieves 99% accuracy, with 92%
of precision and 95% of recall — see Table 2.



Lang Dan Dut Eng Fin Fre Ger Ita Jap Por Rus Spa Swe
Chi 0 0 0 0 0 1 0 6 1 12 0 0
Dan 480 48 0 6 0 3 5 0 0 12 2 22
Dut 2 447 0 0 2 0 0 0 0 0 0 0
Eng 5 3 499 31 1 6 12 4 10 37 24 17
Fin 0 0 0 421 0 0 0 0 0 0 0 0
Fre 0 0 0 4 495 1 4 0 0 0 2 0
Ger 1 0 0 7 0 482 12 0 9 16 9 0
Ice 1 0 0 0 0 0 0 0 0 0 0 0

Ita 0 0 0 1 0 0 403 0 0 0 0 0
Jap 0 0 0 0 0 0 0 475 0 0 0 0
Por 0 0 0 0 0 0 20 0 475 6 15 0
Rus 0 0 0 0 0 0 0 0 0 444 0 0
Spa 0 0 0 0 0 2 42 0 0 0 435 1
Swe 0 0 0 16 0 0 0 0 0 2 0 425
Unkown 11 2 1 14 2 5 2 15 5 1 13 35
#Correct 480 447 499 421 495 482 403 475 475 444 | 435 425
Y%Correct | 96% | 89% | 100% | 84% | 99% | 96% | 80% | 95% | 95% | 89% | 81% | 85%

Table 1: Results for the Language Identification Algorithm Using Lin’s Similarity Measure.

Portuguese Docs | Non-Portuguese Docs
Assigned as Portuguese 475 41
Assigned as Non-Portuguese 25 5459

Table 2: Discriminating Portuguese Documents.

In our testing, we worked with a Pentium IV 2.66GHz server
with 896 MB main memory, running RedHat Linux 9.0 and with
the Java Development Kit version 1.4.2 installed (the n-gram cate-
gorization software was implemented in Java). For the 6000 doc-
uments in our test collection, and for each setting of the language
guessing system, the total time for loading language profiles from
disk, loading and parsing HTML, extracting the text, and classify-
ing it according to language, was less than twenty minutes, corre-
sponding to about five documents per second.

Also interesting are the results of running this algorithm on a
large collection of about 3.5 million pages from the Portuguese
Web, as indexed by our search engine — see Figure 5. Given the
high accuracy of our language guessing system, we can state that
a significant portion of the pages hosted under the “.PT” domain is
actually written in foreign languages, especially English.

Language # Documents
Portuguese (71%) 2334389

English (17%) 552761

unknown (4%) 142509

German (3%) 108277

Emms | SPAish (1%) 41813
B oxgisn French (1%) 21411
Some || Romanian (0%) 12555
Polish (0%) 11561

Swedish (0%) 5320

Italian (0%) 4454

others (1%) 36841

Norwegian (0%) 2951

(100%,) 3274842

Figure 3: Language distribution on the Portuguese Web.

6. LIMITATIONS

Our experiments confirm that the more similar two languages
are, the harder it becomes to statistically discriminate them. The
generalization behavior of the classification approach can be inter-
esting in some tasks, but we ideally would like to discriminate very
similar languages, or even slight variations of the same language.

The main problem we have in the application of this system lays
in its inability to discriminate Portuguese documents from Brazil-
ian ones (we expect similar problems in discriminating English
texts originating from the UK or from USA, or documents from
different French speaking countries). On a small test, our system
indeed achieved poor precision in these cases, and this is a practical
necessity for our Web crawler, since we do not want to harvest all
pages from Brazil. Even humans can have difficulties in perform-
ing the task [27], so the problem will always be hard to solve using
only the textual information from the documents.

In our search engine, we currently ignore resources from the
“.BR” domain, but in the future, we would like to find a more
elegant approach to this problem. Instead of just using the most
frequent n-grams for a language, these cases could be further dis-
ambiguated using n-grams that although do not appear frequently
are very specific to a given language. For instance, the characters
“4” or “0” are used on Brazilian words but not on Portuguese ones.

Another solution could involve complementing our method with
hyper-link analysis and/or meta-data propagation [7, 19], as Brazil-
ian Web documents are in principle more likely to point to other
Brazilian documents than to Portuguese ones. Using the informa-
tion in the Whois databases (information for IP address space allo-
cations and assignments) could also prove beneficial for our Web
harvesting problem, as Whois records contain information about
the contact address of the persons responsible for the domains.
However, Whois database information is generally not public.

7. CONCLUSIONS AND FUTURE WORK

This paper presented a language identification system based on
a well known algorithm that measures similarity according to the
prevalence of short letter sequences (n-grams). Because Web docu-
ments have special characteristics, the method was complemented
with a set of heuristics, in order to better handle this information.

Although the system has already demonstrated good performance
on a realistic setting, there is still room for further improvements.
For instance, a better tuning of the profiles used to classify new
documents could raise performance to values closer to the ones re-
ported in other experiments involving n-gram based classification
systems.

Using linkage information and the text from hypertext anchors
could also provide improvements on the overall results. Previous
experiments have concluded that hypertext anchors provide very
good summaries of the target documents [2]. We could, for in-
stance, associate all the text coming from in-link anchors to the



documents being pointed to, or even propagate text and/or meta-
data using linkage information. However, this would not be appro-
priate to our Web crawling problem, as full linkage information is
only available after all pages have been visited. The same could
be said for a more advanced n-gram weighting scheme, requiring
frequency statistics from the entire collection [23, 21].

We would also like to explore principled approaches for smooth-
ing the data (i.e. Good-Turing [12]), in order to account for rare
character sequences. Chen and Goodman provide a good survey
on the subject [8]. A central notion to many smoothing techniques
is the Good-Turing estimate, stating that for any n-gram that oc-
curs r times, we should pretend that it occurs r* times, where r* =
(r+ 1)";1%‘ and n, is the number of n-grams that occur exactly r
times in the training data.

Finally, our “language classification” system can also one-day be
used for other classification problems (categorizing pages by topic,
by author, etc.), as the n-gram method has also been previously
reported as promising in many different tasks.
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