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1 Introduction

This is a report on the development of an language recognizer (henceforth ‘LR’) within the ldismjasOper-
andi. This LR is intended to be part of an integrated system which is thus outlined in a recent project description:

Modus Operandi [has] the objective of applying Language Engineering ... to support [OLAF] staff by automatically

analysing and processing large amounts of textua information written in any of the European languages. [OLAF]'s

needs include finding documents relevant to current interests, assessing the contents of documents quickly, extract-
ing relevant bits of information, presenting them in an informative manner and, possibly, deriving meta-knowledge
from texts such as ways in which fraud develops over time and which countries become involved with specific
products. The main goal ... is to develop a prototype system which automatically recognises the language in which
texts are written, identifies their keywords, detects [their] subject domains ... and groupsctoeding to their

similarity with each other. ... The motivation for thegping is to see whether the clusters of fraud-related texts can

be used to derive a fraud case classification. Techniques will be investigated which allow retrieving relevant docu-
ments from multilingual ... collections such as the interneObAE]’s intranet. [Barbas & Steinberger 99, p 25]

Half through this summary description we understand that this LR constitutes the first module of this prototype.

2 Preparation of training material
2.1 Definition of the alphabet

First of al we decide on the elements, i.e. the letters expected to be found in the data to analyze, or the alphabet

of the texts. We are dealing with all current ten official EU languages written using various extensions of the

Latin alphabet; Danish, Dutch, English, Finnish, French, German, Italian, Portuguese, Spanish, and Swedish.

Greek, having its own aphabet, is treated separately. As a matter of fact, all of these except English count on at

least a couple of characters with diacritics as more than a curiosity in their respective orthography. In some lan-

guages (the Nordic ones and Spanish) some “diacritics” even enjoy full status as letters and not as variants of
those without diacritic signs — a practical thing to know when consulting e.g. telephone books in those countries.

Writers of not only these nine non-English EU languages but practaléllyther Latin alphabet -based lan-
guages in the Western world are inevitably affected by the fact that diacritics are rare and tend to be mere op-
tional curiosities in English as this is the language by with the global computerization is coming about. One can
guess that U.S. software and keyboard designers would not mind the slightest considering the inclusion of dia-
critic characters (which was also done in the classic ABiTsl code) did they only knowvhich ones to include

and forwhat purpose. This is simply not an American problem and it is up to those who see it as a problem to do
something about it. Without deviating too much from the focus of this report, let us just note that e.g. in Sweden
some actuallydid something about not being able to easily refer to their business r@meas\wken and

SkANskA — they simply changed the spelling, dropping the diacritics (and thereby, at least to other Swedes, also
changed the pronounciation from “Yah-bahn-ken” and “Skon-skah” to “Gota-bahn-ken” and “Skan-skah”, re-
spectively). These two heavy actors on the Swedish financial scene were, by the way, quite rediculed by nationals
for this cowardy recessment or “streamlining” in favour of the English World Standard 26 Character Latin Al-
phabet (which, one must however note, was not only a simplification to writers of English).

We see nevertheless that the diacritics do not have to be given up on. May we guess that where the (we are
mainly talking about) Europeans themselves do not influence on the character standards, the well known ‘market
forces’ will stimulate U.S. providers to facilitate the use of these characters. Some changes are in fact already
detectable in some products. Wherever there is money to make ...

Diacritic characters may seem surprisingly big a fuss to those who do not have them in their own language. Note
that confusion and graphical incompatibility is far from uncommon even between European linguistic communi-
ties themselves. Either these characters are ignored altogether, or they are not provided on the keyboards in the
neighbouring country, or they do exist but have different functions (cf. ‘6’ modifying the ‘o’ differently in Ger-

man than in Dutch and that ‘0’ in German modifies the function of ‘U’ in a much different way than it does in
Spanish). Diacritic characters however actuddigs matter a lot, and very luckily so, as it comes to automatic
language recognition based on letter statistics. So the first thing we do here is to provide an all-EU-covering
Latin alphabet by unifying the single ones. This extended alphabet is shown in Figure 1 and only for these nine
languages some extra 30 characters, maily vowels, had to be added to the English 26.

ABCDEFGHIJKLMNOPQRSTUVWXYZAAAAAAZECEEEEINOOOOOZRUUJUUYY

abcdefghijkimnopgrstuvwxyzdaédadsecéeéeiiiindoddogRuudiyy
Figure1 The extended Latin a phabet needed to capture ten official EU languages.
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Note that in our processing, the feature upper/lower case is not considered. All characters are converted to either

all upper or al lower case. It is quite intuitive, knowing the typical statistical distribution of the diacritic charac-

ters in these languages, that by simply scanning such a letter count, one could make a good guess of what lan-

guage has been examined. But even if we were disposed of diacritics, we would nevertheless have quite some
information left indicating particularities of the single languages; if there are plenty of 'k’ we would go for a
Germanic language and are there also many ‘W we could most likely exclude from this group the Nordic lan-
guages. On the expence of ‘k’ we find higher rates of ‘c’ and ‘q’ in the Latin languages and in that subgroup we
may use the presence of ‘j’ and ‘x’ to lower the possibility for the text of being Italian but raising it for French.
The letter 'y’ would also lower the probability regarding both Italian and Portuguese but eqwually raddshe

for both Spanish and French, and so forth.

2.2 Creation of bigram matrixes

Letter statistics tell a lot, but better still are sequence tables showing how letters follow each other. If we talk
about statistics dEtter pairsin a language, we refer to thigrams of that language. A text (written in the same
language or not) can be even more specifically characterized than that; one could calculate and describe it with
its trigrams as well, thus showing in a three-dimensional table the frequencies of the sequences of three charac-
ters. Note that a separator (a common one will do, representing the space character and all other non-alphabetical
characters) must also be included in such a bi- or trigram as it will give as valuable information as any of the al-
phabetical characters — namely which of the latter are common in word startings and endings.

A special, independently working program was built for the creation of bigram tables based on whatever text
supplied by the user in simple text format. That program was fed with typical samples of each of the ten lan-
guages in question in order to create a ‘character pair’, or a bigram matrix for each language. In Figure 2 we see
the top left part of one for German. This matrix is defined on the 56 characters of Figure 1 plus the general sepa-
rator character just described above, in the figure denoted as ‘_'. This table was based on 250,111 character pairs
which is not particularly big a text sample but the bigram does not change much once a representative enough
guantity of text is analyzed. Having huge and too varied model texts might even bring some undegies]

into the bigram matrix via proper names and formatting codes which leave strange looking letter traces after the
conversion from formatted text to simple text format. The partition we see below constitutes only 1.5% of the
whole matrix.

German 57 250111
_ a b c d e f.
0 1624 2095 978 6103 2331 635
242 2073 59 266 505 15 351 .
86 176 140 2 0 2004 0 .
41 118 1 6 2 205 0 .
2000 528 59 0 115 7883 1
9262 87 583 715 1035 2235 528
237 27 9 1 264 211 174 .
2152 347 8 4 204 3890 19

Q"D OO0 TO|

Figure2 Top left corner of a bigram matrix for German. The charac-
ter ‘' denotes ‘space’ or other delimeters/separators. Th624
words in this sample start with an ‘a’ and there is only one word [con-
taining the sequence ‘~fc~' but not a single one containing ‘~cf~'.

Just commenting on the three most frequent sequences found in Figure 2: many German words in the sample end
in ~e (9,262); the letter d is often followed by e, forming ~de~ (7,883), and many words start with d~ (6,103).
The second and especially the third of these sequences occur in the frequent German definite articles, standing in
various case forms.

3 Therunning recognizer
3.1 Loading theinput files

Starting up, the LR first reads a file defining the alphabet. It simply consists of what is shown by Figurel in a
little simple ASCII file. Secondly the language matrices are loaded. Currently they are all contained in one file,
following each other. Even thisfileis of simple text format. Although being easily extendable to more languages,
this LR was implemented to be immediately and solely applied on non-Greek EU texts. Therefore, and for the
sake of efficiency, the number of languages has not yet been parametrized, i.e. the program is currently hard-
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coded to expect matrices for these ten languages — something which at present makes the code in these proce-
dures look a little unnecessarily wordy and repetitive. This matter could however easily be changed to meet fu-
ture broader application areas, e.g. preparing the LR to recognize languages of automatically scanned web pages,
when the number of languages will be parametrized and given automatically at the reading of the matrix file(s).

3.2 Language-representing data types

With the alphabet and the matrices loaded into the system, the file to be examined is opened and the analysis

proper starts. Two central data types of@heode are thetructuresLING andwORD; leaving the latter to be de-
scribed below, the thang structure is a set of information units each describing the dynamics of the relevance

of each EU language as the input text is analyzed. Were this LR implemente@-usitigese units would suita-

bly be represented by ‘objects’ but already the standard non-object-or@steductures serve this purpose

quite adequately. TheseNG structures contain each the variablds— a textualdentifier of the language con-

sisting of the first three letters of the languages, i.e. Finnish, Swedish, Danish, German, Dutch, English, French,
Italian, Spanish, and Portuguese; @ which is an integer number functioning as an index to a language, an
index assigned to the languages as lined up iGHugraphical order just given, from Finland to Portugal; the
structures, further, contain the variabdamp which counts how many words in the text were identified as be-
longing to that language; and finally the variab$esn, Product, and AggShare, the use of which will be ex-

plained in the next section. The structures are stored lined umiragrcalledLingArr.

3.3 Graphotactic language characteristics

As the matrices are scanned by the program, each languagare of the arrayingArr is instantiated with the

above information and, either for the reason of sheer curiosity or to make a contrastive study of one of the lan-
guage matrices, an averageG structure is also calculated, thus representing the mean matrix of the whole col-
lection. By comparing the matrix of any of the other languages with this average matrix, we can identify the pe-
culiarities of that language. This also offers a way of checking for unwanted anomalies due to data noise. Figure
3 shows a contrastive bigram table for Finnish; the original normalized bigram was compared to the average one
and the differences are evidenced in this matrix.

_ a b c d e h i j k | mon [¢) p s t u v y z a [s)
_ . . . . . . . 58 . . . . . . . . 55 . . .
a 55 . 94
b . .
c .
d 58 .
e 76 72
f . .
g . o . .
h 98 . e 75 58 83 . .
i . . . 68 97 . . . - 94 94 100
j 74 53 - 92 52 . . - 100 87 .
k . . 67 . 72 64 . 58 .
| . . . . 52
n . 70 .
n . . . 76 57
o 71 73 79 . . . .
p . . . 96 67 97
q . . . .
r 91 . .
s 58 - . 77 84
t - 86 . . . 53 77 64
u 78 66 - 84 96 53 . . .
% . . 53 . 81 - 58 73
w . . . .
y - 100 87 100 86 65 69 72 - 100 - 100 100 100
| & 100 100 59 100 67 75 100 72 - 100 100 92 69 - 100 100 100
| 6 94 66 - 100 65 87 100 78 - 100 100 100

Figure 3 Contrastive bigram of Finnish with respect to the average values of ten EU languages. Dots ‘[ denote
zero occurrences and bulletsdccurrences up to < 150% of the average for the letter sequence in question. For

remarkable frequencies, i.e. > 150% up to < 200% of the average, the anmeeadiegl 00% is written in num
bers, so ‘84’ means 184% average or 84%nore than the average value for that letter pair; values of twice|the
average or more, i.e.200%, are written as ‘100’ in boldde which thus is the maximal value indication.

What we see in Figure 3 is exactly what the language recognizer uses to calculate the probabilities of each lan-
guage when scanning atext. As a matter of fact, all sequence values are considered and quite exactly so, down to
the precision of several decimals (not shown in the figure). Looking at this figure, it is quite clear why words like
oliiviod liya , hasselpahkindd liy lla , and olii vi6 ljy tyd ryh

dates for Finnish. The same goes for words like hyvaksyttyj  en, tehtyja , polkumyy nnin , analyy si , and
jasenyyteen , sometimes apparently even without the help of & and 6 outside the English 26 |etter alphabet.
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Let us have alook at another contrastive bigram matrix, the Dutch one, where as much as half of the language-
typical sequences fall within the range of possible two-letter combinations of the English al phabet.

- 100

_ a b ¢ d e f g h i j k nm n o p q r s t u v w x y z é e & & i [
a
b . .
c . 100 5 o N
d . . . + 52 .« 87 . . .
e « o« 51 . P . . o . - o . 100 100
f « 89 . . 72 « 100 « 75 . 68 - - -
g . 72 . . . .« 57 5
h . . . e
il o o o o o o o o o 92 . e . PR - o . 100
j 72 . . - 53 .+ 96 100 100 + 100 92 . 55 87 « 100 ° - 100 . .
K . S 5 . o . 94 3 . . 76 . . . 92 - 74
| o o o o o o o . 79
ig - 82 « 56 - 84
n . . . . « 56 . . a
0 o+ o . . 90 . 56 5 . 100
p 62 .« 79 . . - 100 :
q - - - .
r
s P
t .« 80 . .
o . . 92
v .o o] o e o o 5 o
w « 100 - 100 56 100 - 100 - 100
X . . P N 5 o
y .
z 53
é
e
& 100 - 100 - 100 99 - 100 - 100 100 - 100 - 100

Figure 4 Contrastive bigram of Dutch with respect to the average values including the
other nine EU languages. The reading of the dots and numbersisthe same asin Figure 3.

Words easily recognizable as Dutch are thus kri j gt , bi j gedr agen, gewi j zi gd, and | andbouwwet gevi ng,
and, outside the English 26 letter standard alphabet we find sequences contained in words like codrdinatie
gecodrdineerd |, ltalié  , and Tsjechié .

These contrastive studies visualize quite well what one (especially as a non-native speaker) sees as the grapho-
tactic pecularities of a given language. Proceeding this study a little further and enhancing the visualization
power by using cluster analysis', we can let these characteristics work as clustering forces between our ten lan-
guages. Figure 5 illustrates the outcome of such an experiment.

Dani sh=====\ 2er vee kee @&m se& _g as gk pk vn hv jt de mli df fh nd dt ka fs
84=\ &r &n vs nd k& ap 13 &t 8k s& mr pa hé fa va v &d t& &s ba
Swedi sh====/ | 6 b6 &t 6v ba &n _& 6r g yc vs mn va _6 pn &g pv _& 6d &k
69=\ &r 6d an jo eem vee ha &e gk va rd yl nd vs &g ka kee sé yt va

yv hd po ii uu py 6_ iy id ad as ji rj yi 6n ja tk yk uo s6
dk km &r fn bf dn mg gk 6d ih kp ta &n 6s gj &m kw m& wg eer
&l jf kh uw jn kw ij oe fd js dz mz md kb id td Iz pb kp fw
zw fz mz sz kw gw uw fw mw fm wg kz fk dw &l a _z wu hl tz
af hl sz Gr gii 3n wu zu bn tz dw hr zs bg mw hz gk 6c zI uf
kp &n nk mg bf ta yr kk ih aw fn hr km &r dk dn gk 6d hd wi
aw wh th wi by ow of w_wd cy bmry ¢cs y_ ws dc ly tmtc f_

46=\  &rvé ta 6d té dn ym ph va ét mg |h fn bg cé kk &n aw gk wi
Por t uguese=\ 80 ¢ sd _accagrangaripmicaos poiargsacolaodp
100=\ | va 6s ax al r6 6g foia in 16 _a um &b 6l di at z& mo ha ei
Spani sh====/ | an i6 6n fa pa vi at as yu pc uy ma imdi 6_ b6 tin mé _a yo

57 6s vé cé va uUm ig ém ax &s 6d ab Ii vé in z& an ul ga éf al
French========/ ée fé eg pé éf dé ié cé rd Ol ét éq ép ém év er né te ét sé
41= _vdryr_éi_f goottérdxxsdfronitkalpvabftu
Italian / zzvwv cfazuziuzia_i_nzqchébbglizcqaecclcoz

Figure5 Ten EU languages clustered based on their bigram statistics and ordered in a dendrogram. To the
right of the tree diagram the 20 most language-specific bigrams are listed in ranking order for each language
(group). The numbers at the nodes are percentages of the highest similarity encountered among the lan-
guages, i.e. that between Spanish and Portuguese. Thus, the similarity degree between the Dutch/German
pair and the Nordic group is 65% of that found between the two Iberian languages.

Figure 5 gives, at a glance, the top 20 bigram characteristics for ten languages and pretty well orders them ac-
cording to language group and/or their alphabetization history. The letters ‘& and ‘¢’, for instance, migrated from
German via Swedish to Finnish).

! The cluster analyzer used for thisis described by this author in An Implemented Cluster Analyzer for Documents and their
Indexing Terms, Technical Note (November), of the Joint Research Centre of the European Commission (Ispra, Italy).

-4-
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3.4 Tranditeration

To be considered when building language recognizers is that where only the “English letters” are provided for,
writers of different languages make up for this restriction in different ways. The acute and grave accents are often
substituted by an apostroph, or, more elegantly, by a single quotation mark after the vowel, for example: both
and & become either e' or e’. The problem with thisis that the characters’ and ' just as often are used for quo-
tations, so they are not reliable neither for describing nor recognizing languages — unless a much more complex
algorithm is worked out which actually analyses the use of these characters in some clever way. In the LR imple-
mentation outlined here, they are simply fused with other non-alphabetical characters into the general delimiter *’
or ‘. More seldom do we encounter other diacritic characters transliterated into combinations of a letter plus
some other character, as egg—»a: é—e” 6—o0~ or ¢—c, and neither are these solutions recognized by our

LR as diacritic characters. French orthography actually recommends text written all in upper case not to have any

accents, so maybe writers of French would feel freer to simply drop them all even when writing normal-case text,

if restricted to the English alphabet. Writers of German and the Nordic languages have to opt for one of two al-

ternatives concerning the vowels: either skipping the diacritic signs (d46gu —aaoou ) or to trandliterate them into

the combination of vowels of which they were historically created (3—aa a—ae ¢—oe g—oe and U—ue),
sometimes with funny results: the Finnish surname Jaaaro —Jaeaearo for instance. The Danish ligature aeis

simply released to ae and the German R istranditerated into ss (asit iswritten in e.g. Swiss German since long).

Again, whether non-English EU texts are written with unlimited access to diacritics or not is more than a mar-
ginal curiosity when it comes to automatic language identification. To estimate the inaccuracy of e.g. a Finnish
text with the umlauts &/6 simply ignored a/o, we may in Figure 3 subtract the information given by the & and ¢
rows and columns and add the same amont as disinformation to the a and o rows and columns, respectively. In
case these umlauts &/6 were trandliterated into ae/oe, we would also add twice as much distortion to the single
row/column e asto either one of the rows and columns a and o and this would certainly have some impact on the
accuracy of the LR. But to what extent? In a series of experiments we ran the LR, trying to recognize one sample
each of the EU languages plus one extra, trandliterated version of each the two central EU languages German and
French.. The result of thistest is shown in Figure 6.

seenas— | FIN | SWE | DAN | GER | DUT | ENG | FRE | ITA | SPA | POR
FIN 0.0 12| 00| 00| 49| 17| 26| 00| 12
SWE 43 | | 86 33 6.4 17| 29| 64| 19 14
DAN 25 90 BN 95 5.9 54| 18| 43| 07 25
GER 16 5.1 55 N 49 16| 12| 08| 04| 29
GER 58 53 46 125| 36| 34| 22| 15| 45
DUT 15 9.2 2.9 as BN 48| 46| 35| 04| 46
ENG 19 17 49 53 28 60.9 7.0 34 53 6.8
FRE 23 03 39| 54| 79| 37 42| 88| 36
FRE 29 19 38| 44| 90| 770 492 44| 83| 83
ITA 16 25 21 21 27 18| 31 XN 95| 53
SPA 13 15 04| 09| 138 34| 62| 46 | 143
POR 0.2 06 19| 09| 49 11| 58| 70| 66 YR

Figure 6 Result of experiment where the LR was fed with one small text each of the ten languages
plus one tranditerated version each of German and French. The numbers are percentages of total
match points assigned to each text in the sample and they sum up to 100.0 for each row. l.e. in the
DUT/ SWE cell 9.2 means that the Dutch text was estimated to be Swedish by a probability of 9.2 %.
Note e.g. how trandliterated German became more Dutch-like and trandliterated French English-like.

Figure 6 gives an idea of how unique the graphotax of each language is (although based on tiny test samples); we

see in the diagonal that the Finnish letter order has more unique features than does e.g. the Spanish text which in

this test also looked Portuguese (less surprisingly) and Dutch (which is more surprisingly — maybe the text con-
tained many Dutch proper names). Well, what is the performance of this LR? This has not yet been formally
measured. If we define it as the value of the champion candidate for each text divided by the sum of that value
plus the second best candidate, we would have/§884 + 4.9) = 95% for Finnish; 42 / (492 + 90) = 84%

for French without accents; and just®6(565 + 125) = 82% for German without diacritic signs. Thus, the lan-
guage identification seems to be fairly robust here in spite of lacking diacritics; the champion candidate is always
the desired one and the margin to the second best candidate is quite reassuring.

When this LR was later put to work, sorting about 30,000 pieces of text according toghade, the French

texts in this collection of texts written in all EU languages were of special importance and they were also varying
as for the usage of diacritic characters. For that application it was motivated to supply the LR with both matrices
for French referred to in Figure 7 in order to optimize the identification of both versions of French texts.
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2er vee kee @&m s& _g as gk pk vn hv jt &e mI df fh n& dt k3 vd
&n &_ t& &r &g vd b& 1& vs k& ma g& ak f& p& ha sa as vt pk
6 b6 &t 6v ba &n _& 6r ga vs v _6 pn &g yc mn pv _4 6d &k
&n eem see 6d hj tj _@ 6v aes do gk kee 6k 6a vee va yd yt ak sa
yv hd pd ii uu py 6_ iy i ad as ji rj yi 6n ja tk yk s6 uo
&n km 6h dz tk sz gk 6d ih js dw fb 6v &r gk &g &s am 6n bn
€l jf uw jn kh kw ij fd oe js dz mz md kb id td 1z pb kp fw
uw fw dw mz sz fz mw zw gw kz wg fm fk kw &l a8 _z hl wu nw
af’ hl sz Ur gu Bn wu zu bn tz dw hr zs bg mw hz gk 6c¢ zI hm
km &n kk Iw ek uu _6 6s gk fm ak gb gw fc ha yi mw &g hk bo

Engl i sh=============/ | aw wh th W by oww_ of wd bmcy ry y_ ws ¢cs dc |y tmf_ sh
45=\ él ek ét va paid an _u c6 km Iw kk jd bc fa s6 ja ak hr ir
Por t uguese=\ | ] docdsd_accacgrangaripmicadspoiadrcsacolaodp
100=\ || c6 _Uidvaac luc atan 6_s6 za 6x _6 as p6 ha ur ab am 4l
Spani sh====/ | | ] an i6 6n fa pa vi at &s yu ma im di uy 6_ b6 in mé pc _a ba

===/ | céia_uvataldo oé cérazé éalérglaegvé ém veé fé co
= ée fé &g pé éf dé ie cé ro ol ét ég ép ém év er né té ét sé
41=\  km ct paiaeh _G bj étva Ilw kk &l co &n ek ya mh ré pd dt

/

FRENCH: X_ Xq iq ux sq oy rq uq u_ vr aq _| gmcqg ou xe c_ ngq uv ya
39= rbf_vas_élwiiéetsmnvnf_zivwadooewe_0hwrn
Italian /| zzvvcfaziuuzzia_ i_nzqgchébbizglozaelccncc

Figure 7 The dendrogram of Figure 5 re-calculated with two bigram matrices for French, i.e. the ordinary
one (French) with diacritics and anoter (FRENCH) based on the same training texts where al diacritic
characters were substituted with the respective non-diacritics. We note that there are still many typica
French sequences (e.g. those containing ‘X’ and ‘q’) which characterize the texts even without diacritics.

Note also that the presence of this additional matrix changes the values of the average matrix| used in
extracting language-peculiarities, which explains why the values in the nodes are slightly altered.

3.5 Recognition algorithms

When the real processing starts, the text to be analyzed is read, character by character, and the relative frequency

for each character pair passed is checked for each language in the respective matrix. There is a counter for each

language which is incremented proportionally as to how the bigram just read is representative for that language.

For instance: reading the sequence ~ée~, the SWE counter is increased somewhat as this bigram is present in

fairly common words like ‘idéer’ (‘ideas’) and ‘muséer’ (plural of ‘museum’), butRRE counter will be in-
creased considerably more since this sequence is so typical of, and highly frequent in French.

Let us follow an example; we feed the text shown in Figure 8 into the LR and in Figure 9 we see how counters,
for each language, are incremented, letter by letter, as the text is scanned. There are two counters for each lan-
guage; those within ] which show the probability distribution in percentage of the latest bigram read, and those

within |--{ which show the percentage of the accumulated probability distribution of all bigrams read up to that

point.

Romani an pol i ce announced on 8 March that they are holding two indi-
viduals for attenpting to sell stolen radioactive material, accord-
ing to press reports. A police spokesnman announced that the two had
in their possession 82 kg of radioactive material including |ow en-
riched uranium Oficials also found reportedly secret docunents
stolen fromthe Research and Design Center for Radioactive Metals.

Figure8 A news text in English (taken from the web) used for testing the LR.

So, if it was equally common to have words starting with r ~ in al ten languages, al these counters would have
started with the value 10 on the first line in Figure 9. This is however not the case, as this initial bigram appar-
ently is about 60% more common in Swedish than in the average of these languages, and about 80% less com-
mon in Finnish with respect to the same average. But, as we read the next character pair (i.e. ~r o~), the prob-
ability of this word being Finnish gains strength as this bigram is statistically more Finnish than anything else; in
fact, thisis also 60% more common than average but in favour of Finnish, and ~r o~ seen as a Danish bigram is
twice as rare as average within this ten languages. In the |--{-separated columns to the right in Figure 9 we see
how the accumulated values change throughout the words — the champion language aftewtnd fiegarator
(here: the space character) is given to the right of theolumns and, as we can see, the first word actually ends
up being considered Finnish after a tough fight with Swedish, Italian, and Portuguese, all three of which scored
12 before the space character was encountered. After the second word, Italian has taken the lead and the field
behind it is very even, with Finnish, English, French, Spanish and Portuguese all having their accumulated prob-
ability scoring 11. The language indicators within {--} to the extreme right tell which language is the champion
language of the entire paragraph as read so up to that point. This leading position could be calculated in at least
two ways, either by considering the current accumulated value within |-+, or by simply counting the number of
times each single language has been a word champion up to that point. The former way is applied in this exam-
ple. This race reminds a little of those funfair games where a mechanized horse race field have its horses moved
triggered by players gaining points by throwing balls at concentrical circles until somebody wins.
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Fin Swe Dan Ger Dut Eng Fre Ita Spa Por Fin Swe Dan Ger Dut Eng Fre Ita Spa Por
r 2 16 7 6 6 12 12 13 11 15 2 16 7 6 6 12 12 13 11 15
o 16 13 5 4 8 10 7 12 13 12 9 14 6 5 7 11 10 13 12 14
m 9 20 12 4 7 11 9 8 8 12 9 16 8 5 7 11 10 11 11 13
a 14 6 6 6 8 10 11 11 12 17 10 14 8 5 7 10 10 11 11 14
n 16 10 8 6 19 10 10 8 7 6 11 13 8 5 10 10 10 10 10 12
i 20 14 10 7 6 8 5 13 8 9 13 13 8 6 9 10 9 11 10 12
a 13 7 2 1 2 10 4 21 18 21 13 12 7 5 8 10 8 12 11 13
n 16 10 8 6 19 10 10 8 7 6 13 12 7 5 9 10 9 12 11 12
22 9 6 17 20 9 6 3 9 0 14 12 7 6 10 10 8 11 10 11| Fin {Fin}
P 10 5 6 2 3 10 17 15 16 16 14 11 7 6 10 10 9 11 11 11
[¢] 6 5 5 2 2 12 19 16 18 15 13 10 7 6 9 10 10 12 12 12
| 16 15 11 9 6 6 4 18 7 8 13 11 7 6 9 10 10 12 11 11
i 21 7 10 10 12 6 8 15 5 6 14 11 7 6 9 9 9 12 11 11
c 0 0 1 22 4 15 10 17 18 14 13 10 7 7 9 10 9 13 11 11
e 0 0 5 1 3 20 32 12 12 15 12 9 7 7 8 11 11 13 11 11
1 4 11 7 14 12 16 14 11 10 11 9 7 7 9 11 11 13 11 11| Ita {lta}
a 4 7 13 9 6 15 10 12 10 15 11 9 7 7 9 11 11 13 11 12
n 16 10 8 6 19 10 10 8 7 6 11 9 7 7 9 11 11 12 11 11
n 20 8 13 14 7 5 19 13 0 0 12 9 8 7 9 11 11 12 11 11
o 5 16 3 3 5 8 6 27 9 18 11 9 7 7 9 10 11 13 10 11
u 13 0 0 0 9 27 40 0 0 10 11 9 7 7 9 11 13 13 10 11
n 15 9 5 25 3 9 9 9 10 6 12 9 7 8 9 11 12 12 10 11
c 0 0 2 0 6 20 20 13 21 17 11 8 7 7 8 12 13 12 10 11
e 0 0 5 1 3 20 32 12 12 15 11 8 7 7 8 12 13 12 11 11
d 4 9 31 6 12 23 0 4 5 3 10 8 8 7 8 12 13 12 10 11
0 5 13 14 18 35 8 3 4 0 10 8 8 7 9 13 13 12 10 10| Eng {Eng}
[¢] 13 13 14 2 13 20 5 4 4 11 10 8 8 7 9 13 12 11 10 10
12 12 5 6 5 14 17 15 9 6 10 8 8 7 9 13 13 12 10 10
22 9 6 17 20 9 6 3 9 0 11 8 8 7 9 13 12 11 10 10| Fin {Eng}
m 10 12 14 9 9 10 9 8 10 9 11 8 8 7 9 13 12 11 10 10
a 14 6 6 6 8 10 11 11 12 17 11 8 8 7 9 13 12 11 10 10
r 5 23 8 5 6 11 7 12 14 9 10 9 8 7 9 13 12 11 10 10
c 0 0 1 10 2 13 17 14 24 19 10 9 8 7 9 13 12 11 10 10
h 0 16 0 45 13 7 4 10 3 1 10 9 8 8 9 13 12 11 10 10
0 49 0 26 2 23 0 0 0 0 10 10 7 9 9 13 12 11 10 10| Ger {Eng}
t 16 5 9 2 8 37 5 6 5 6 10 10 7 9 9 14 11 11 10 10
h 0 0 1 2 1 95 1 0 0 0 9 9 7 9 9 16 11 10 10 9
a 4 13 10 23 10 17 5 6 9 3 9 10 7 9 9 16 11 10 10 9
t 6 13 11 7 9 16 12 18 3 5 9 10 7 9 9 16 11 11 9 9
9 14 20 12 17 11 17 0 0 0 9 10 8 9 9 16 11 10 9 9| Eng {Eng}
t 16 5 9 2 8 37 5 6 5 6 9 10 8 9 9 16 11 10 9 9
h 0 0 1 2 1 95 1 0 0 0 9 9 8 9 9 18 11 10 9 9
e 1 5 6 15 19 44 1 7 1 1 9 9 8 9 9 19 11 10 9 9
y 0 0 4 0 0 95 0 0 1 0 9 9 8 9 9 21 10 10 8 8
0 0 0 0 0 70 1 0 28 0 9 9 7 8 8 22 10 9 9 8| Eng {Eng}
a 4 7 13 9 6 15 10 12 10 15 9 9 7 8 8 21 10 9 9 8
r 5 23 8 5 6 11 7 12 14 9 8 9 7 8 8 21 10 10 9 8
e 0 9 13 10 9 13 13 12 10 11 8 9 8 8 8 21 10 10 9 8
1 4 11 7 14 12 16 14 11 10 8 9 8 8 8 21 10 10 9 8| Eng {Eng}
h 5 15 17 11 30 9 2 5 6 1 8 9 8 8 9 21 10 10 9 8
[¢] 8 4 12 5 19 20 4 1 10 17 8 9 8 8 9 21 10 9 9 8
| 16 15 11 9 6 6 4 18 7 8 8 9 8 8 9 20 10 10 9 8
d 0 20 37 6 26 9 0 0 0 1 8 9 9 8 9 20 10 9 9 8
i 1 4 5 21 13 6 6 26 9 8 8 9 8 9 9 20 10 10 9 8
n 15 12 9 11 13 14 6 9 6 6 8 9 8 9 10 20 10 10 9 8
g 0 17 15 25 26 13 1 1 1 1 8 9 9 9 10 20 9 10 9 8
0 9 29 19 26 13 1 1 1 1 8 9 9 9 10 20 9 9 9 8| Dut {Eng}
t 16 5 9 2 8 37 5 6 5 6 8 9 9 9 10 20 9 9 8 8
w 0 0 1 24 43 31 0 0 0 0 8 9 9 9 11 20 9 9 8 8
o 0 0 0 20 57 22 0 0 0 0 8 9 9 9 11 20 9 9 8 8
2 0 1 1 0 7 0 29 20 40 8 9 9 9 11 20 9 9 8 8| Eng {Eng}
i 3 14 12 9 9 17 6 16 7 7 7 9 9 9 11 20 9 9 8 8
n 15 12 9 11 13 14 6 9 6 6 8 9 9 9 11 20 9 9 8 8
d 0 10 23 21 14 14 4 5 4 5 7 9 9 9 11 20 9 9 8 8
i 1 4 5 21 13 6 6 26 9 8 7 9 9 10 11 19 9 10 8 8
\ 2 9 14 3 3 12 11 17 14 15 7 9 9 10 11 19 9 10 8 8
i 7 17 18 1 4 9 10 15 8 12 7 9 9 9 11 19 9 10 8 8
d 11 7 8 2 15 6 4 5 20 23 7 9 9 9 11 19 8 10 9 8
u 5 0 5 10 10 13 29 6 11 11 7 9 9 9 11 19 9 10 9 8
a 3 0 2 2 6 10 8 24 18 28 7 9 9 9 11 19 9 10 9 9
| 17 10 7 6 7 12 5 15 11 9 7 9 9 9 11 19 9 10 9 9
s 0 5 54 12 9 9 4 2 2 2 7 9 9 9 11 19 9 10 9 9
2 6 4 5 4 14 24 0 20 22 7 9 9 9 11 18 9 10 9 9| Eng {Eng}
f 0 17 24 8 4 14 7 8 7 10 7 9 10 9 11 18 9 10 9 9
o 0 3 42 7 3 17 7 6 7 11 7 9 10 9 11 18 9 10 9 9
r 1 4 18 7 14 13 8 12 12 12 7 9 10 9 11 18 9 10 9 9
0 20 26 16 9 8 8 2 6 5 7 9 10 9 11 18 9 10 9 9| Dan {Eng}
a 4 7 13 9 6 15 10 12 10 15 7 9 10 9 11 18 9 10 9 9
t 6 13 11 7 9 16 12 18 3 5 7 9 10 9 11 18 9 10 9 9
t 32 28 7 8 2 3 4 17 0 0 7 9 10 9 10 18 9 10 9 9
e 13 10 12 13 12 8 7 9 8 9 7 9 10 9 10 18 9 10 9 9
m 3 6 13 12 8 10 14 7 8 20 7 9 10 9 10 18 9 10 9 9
p 4 2 10 6 2 14 14 17 17 15 7 9 10 9 10 18 9 10 9 9
t 0 0 4 6 8 32 24 0 14 12 7 9 10 9 10 18 9 10 9 9
i 11 14 9 4 7 15 14 13 7 7 7 9 10 9 10 18 9 10 9 9
n 15 12 9 11 13 14 6 9 6 6 7 9 10 9 10 18 9 10 9 9
g 0 17 15 25 26 13 1 1 1 1 7 9 10 9 10 18 9 10 9 9
0 9 29 19 26 13 1 1 1 1 7 9 11 9 11 18 9 10 9 9| Eng {Eng}
t 16 5 9 2 8 37 5 6 5 6 7 9 11 9 11 18 9 10 9 9
o 18 4 3 1 5 13 3 22 15 16 7 9 10 9 11 18 9 10 9 9
2 0 1 1 0 7 0 29 20 40 7 9 10 9 10 18 9 10 9 9| Por {Eng}
Figure 9 Log script of the LR processing of the first words of the text in Figure 8. From left to
right: the character just read; within [--], the distribution of the probability in % of the last bigram;
within |--] the distribution of the accumulated vaues in the former [--] column; the language
assigned to each word; and, within {--}, the language assigned to the whole paragraph read so far.
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Fin Swe Dan Ger Dut Eng Fre Ita Spa Por Fin Swe Dan Ger Dut Eng Fre Ita Spa Por
r 2 16 7 6 6 12 12 13 11 15 Fin Swe Dan Ger Dut Eng Fre Ita Spa Por
o 16 13 5 4 8 10 7 12 13 12 Fin Swe Dan Ger Dut Eng Fre Ita Spa Por
m 9 20 12 4 7 11 9 8 8 12 Fin Swe Dan Ger Dut Eng Fre Ita Spa Por
a 14 6 6 6 8 10 11 11 12 17 Fin Swe Dan Ger Dut Eng Fre Ita Spa Por
n 16 10 8 6 19 10 10 8 7 6 Fin Swe Dan Ger Dut Eng Fre Ita Spa Por
i 20 14 10 7 6 8 5 13 8 9 Fin Swe Dan Ger Dut Eng Fre Ita Spa Por
a 13 7 2 1 2 10 4 21 18 21 Fin Swe Dan Ger Dut Eng Fre Ita Spa Por
n 16 10 8 6 19 10 10 8 7 6 Fin Swe Dan Ger Dut Eng Fre Ita Spa Por
22 9 6 17 20 9 6 3 9 _0 Fin Swe Dan Ger Dut Eng Fre Ita Spa
p 10 5 6 2 3 10 17 15 16 16 Fin Swe Dan Ger Dut Eng Fre Ita Spa
o 6 5 5 2 2 12 19 16 18 15 Fin Swe Dan Ger Dut Eng Fre Ita Spa
| 16 15 11 9 6 6 4 18 7 8 Fin Swe Dan Ger Dut Eng Fre Ita Spa
i 21 7 10 10 12 6 8 15 5 6 Fin Swe Dan Ger Dut Eng Fre Ita Spa
c _0 (0) 1 22 4 15 10 17 18 14 Swe Dan Ger Dut Eng Fre Ita Spa
e 0 (0) 5 1 3 20 32 12 12 15 Swe Dan Ger Dut Eng Fre Ita Spa
1 4 11 7 14 12 16 14 11 10 Swe Dan CGer Dut Eng Fre Ita Spa
a 4 7 13 9 6 15 10 12 10 15 Swe Dan Ger Dut Eng Fre Ita Spa
n 16 10 8 6 19 10 10 8 7 6 Swe Dan CGer Dut Eng Fre Ita Spa
n 20 8 13 14 7 5 19 13 _0 O Swe Dan Ger Dut Eng Fre Ita
o 5 16 3 3 5 8 6 27 9 18 Swe Dan CGer Dut Eng Fre Ita
u 13 0 0 0 9 27 40 _0 0 10 Dut Eng Fre
n 15 9 5 25 3 9 9 9 10 6 Dut Eng Fre
c 0 0 2 0 6 20 20 13 21 17 Dut Eng Fre
e 0 0 5 1 3 20 32 12 12 15 Dut Eng Fre
d 4 9 31 6 12 23 0 4 5 3 Dut Eng Fre
0 5 13 14 18 35 8 3 4 0 Dut Eng Fre
[¢] 13 13 14 2 13 20 5 4 4 11 Dut Eng Fre
n 12 12 5 6 5 14 17 15 9 6 Dut Eng Fre
22 9 6 17 20 9 6 3 9 0 Dut Eng Fre
m 10 12 14 9 9 10 9 8 10 9 Dut Eng Fre
a 14 6 6 6 8 10 11 11 12 17 Dut Eng Fre
r 5 23 8 5 6 11 7 12 14 9 Dut Eng Fre
c 0 0 1 10 2 13 17 14 24 19 Dut Eng Fre
h 0 16 0 45 13 7 4 10 3 1 Dut Eng Fre
0 49 0 26 2 23 _0 0 0 0 Dut Eng
t 16 5 9 2 8 37 5 6 5 6 Dut Eng
h 0 0 1 2 1 95 1 0 0 0 Dut Eng
a 4 13 10 23 10 17 5 6 9 3 Dut Eng
t 6 13 11 7 9 16 12 18 3 5 Dut Eng
9 14 20 12 17 11 17 0 0 0 Dut Eng
t 16 5 9 2 8 37 5 6 5 6 Dut Eng
h 0 0 1 2 1 95 1 0 0 0 Dut Eng
e 1 5 6 15 19 44 1 7 1 1 Dut Eng
y [ 0O 0 4 0 09 0 0 1 0] Eng
[ 0 0 0 0 ©0 70 1 0 28 O] Eng
Figure10 Same type of log as shown in Fig. 9 but whereas the sums of the probabilities
were considered there, in this algorithm the products are considered. This has the effect
that as soon as a probability of 0 is encountered, that language is brutally and instantly
ruled out. Thisfirst happens to Portuguese here as its matrix does not report on any word
ending in ~n. “(0)” for Swe where F is ruled out meandose to 0 but noequal to 0.

In Figure 10 we see what may happen when a tougher algorithm is applied, i.e. one considering the accumulated
products of the probabilities instead of the sums. This algorithm is very efficient where the texts to be analyzed
are very purely language-typical (i.e. not containing atypically spelt foreign names nor loan words) and when one
wants to rule out quickly less relevant candidates. If the text is not of this nature however, this algorithm may be
quite arisky one, athough in this example it applies fortunately with success.

3.6 Presenting theresults

The LR result is presented to one of two categories of readers: man or machine. In developing the program and
evaluating the aternative algorithms, the programmer+linguist (in this case the one and same person) needs an
instant, clear overview of the effects of the chosen algorithm. We have aready seen Figures 9 and 10 which, as a
matter of fact, are already an abstraction of a yet more detailed type of log file generated that contains e.g. even
the decimals of the of dynamic probability values. That output is one way of presenting the result.

The next step makes more use of human’s excellent capacity of processing images, i.e. in this siafasome
visualization is applied. Figures 11 though 13 below show the output of three other news reports (also found
publicly available on Internet in the spring of 1999), processed the way described above relating to Figure 9, i.e.
considering the dynamic sums of the respective language probabilities. The concpatagfaph must be de-

fined (here we are operating with units separated by two ‘hard line breaks’ but this definition must be text-
sensitive). The moment a paragraph delimiter is reached, the champion language of that paragraph is calculated
in accordance with some stipulated criteria, hinted above. Thereafter the paragraph is written toHile in

code by which the text and its background can be coloured as to represent the languages. This is a very perceiv-
able way of visualizing exactly what parts of a text was recognized as belonging to what language. In more detail:
each language is associated to one text colour and one background colour — inspiration was drawn from national
flags when doing this — and once the dominant language is identified, that whole paragraph is coloured in the
respective text/background colour combination except for the words not belonging to that dominant language
according to the word-by-word assignment marked to the right in Figure 9. So, in Figure 11 all non-English
words are marked with respective language code. The space characters and all other alphabetical text except
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capital letter initials are written in the colours of the major language. Numerals and other non-alphabetical char-
acters are reproduced in alanguage-neutral colour on the same background as that of the mgjor language.

Looking briefly at Figure 11 (preferably in colour), one might wonder why e.g. ‘material’ is thought of as Italian
— Italian polysyllables typically ending with a wovel! Well, presumeably this is due to the very high frequency of
articles and prepositiearticle compounds ending il in masculine gender settings; an Italian text has loads of
il del dell’” al all’ nel nell’ sul sull’ forexample (where the apostrophes are ignored as
commented under sectiond3above). What is more:gn~ is the Italian way of writing the phoneme corre-
sponding to what in Spanish is written-ds- and in Portuguese as ~nh~ and this probably expalins the assign-

ment of Italian to the proper name ‘Ignalina’. The ending sequeekcein ‘fuel’ coincides with the common
Spanish masculine article ‘el’ and the ending coincides with the many French verbs fhgrson plural.

Lithuanian authorities announced that they arrested ESNER
people and E=k4=e nearly 100 (Ko of radioactive material, according
L0 [lfess reports. The material, BEHENES (o 8 uranium, will under -
go further teststo ascertain its [ygElEde and origin. It was emitting

14,000 [ISgeIRSERIERE per hour. Some reports stated that the ma-

terial was a [eegglelelglegli of a nuclear fuel assembly which has
|gnalina nuclear power [s]Elgll for several
years. The Ignalina [JJElfli manager claims that the ESpdsel material
isnot nuclear fuel or ESe[slfelgglegli used at his facility.
ENGLISH

| Figure 11 A text recognized as English in spite of several words having less typically English character sequences. |

In Figure 12 where the text is correctly recognized as French, ‘mercredi’ is believed to be Italian due to the
highly frequent Italian noun+plural and adjective+plural ending The sequencech~ is apparently more
common in German where we find it in betbh~ and~sch~ than in French where only the former is seen and
therefore the assumption that ‘chercher’ and ‘marchandise’ are German. In this example we also note that ‘fran-
gais’ is ironically not recognised as typically “frangais” but as Portuguese and this is no wonder since the pairs
~ca~ ~ai~ and ~s are quite often found in that language. The same goes for ‘quais’ in this text.

VEReg=sl] matin, les douaniers be Saint-Brieuc [§ mis[E main sur

M de cigarettes e de marque «L.M» en
! d'm de [Est. Sur ['un desEEIE du port du Légué
ou le navirerussele (IEL[E 101» devaili débarquer sacargaison
SEJphosphatdERE ENRt llcamionnette a sonbord deux rest

sortissants étaient venus chercher[Bl marchandise
Les douaniers[ggl EoE interpellé les deux : que le
commandant russe du écouvert deux
remplis d'une centaine de [e=1gleli[dglsk e cigarettes [ équivalent
ce 30.000 F.

FRANCAIS

| Figure12 Thistext was analyzed as being more French than anything else. |
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The text in Figure 13, finally, has a clear German predominance with Dutch as its most frequent alternative inter-
pretation. The short words thought to be Dutch actually do have similar correspondents in that language and
‘Tabakwaren’ and ‘Kaffee’ may curious enough be words once imported, in some form, into German from Dutch
which in northern Europe was second only to English in importance during historical colonial and trade activities.

KUnftig missen in Ruméanien auch gemeinnutzige Stiftungen und
Vereine fur die Einfuhr von Alkoholika, Tabakwaren, Kaffee und
Kraftfahrzeugen Zoll bezahlen Einen entsprechenden Beschluf3
hat die Regierungin Bl§ 06.11.1997gefalt

DEUTSCH

| Figure 13 Many strongly typical German |etter combinations in this text suggest in what language it is written.

3.7 Language recognition using different word context width

Hitherto we have favoured a LR identification heuristics assigning a probable language to each word of a para
graph and then assigning a presumed language to that paragraph, as a whole, which could be the language as-
signed to most words in it. The language assignment to each word is based on the character transitions into,
within, and out of that same word. In this section we will extend this word = language assignment a little to take
even the immediate context of that word into consideration.

Theideais still simple; when deciding on a major language for a word and therefore evaluate the corresponding

language probability decuple (which is the sum of the [--] annotations throughout that word as shown in Fig. 9),

we let the probability decuple of the previous word or words influence as well, and so aso the following one or

more words. l.e. we use a ‘window’ of a certain number of words at the assignment of each word. The impact of
surrounding words is set to decrease with distance and at current it is 1/(1+x) where x is the distance in words
from the one in focus. Thus, inside a text the influence woukddye<50> <100><50> <33> percent, where 100

(%) is assigned to the word in focus and the window breadth is five words.

Since there are no words to consider beyond the beginning nor the end of the text, in order to keep the smoothing
effect of the neighbouring words, those still available on the other side will amakgtra contribution, albeit a

little weakened So if | denotes a paragraph delimiter, the respective influence, expressed as above, would be

<33> <50> | <100> <50+33=83> <33+25=58> percent at the first word anea+25=58> <50> <100><50> | <33> per-

cent at the penultimate word of the text. Reading out this last graphically expressed formula says that the lan-
guage to be assigned to the penultimate word of the text is given by taking 100%- df aheofations for that

word and to this add the [--] annotations of both the last but two word and the very last word and assign an im-

pact of 50% each to these, and finally add the [--] annotations of the last but three word with an impact of 58%.

In a series of experiments a different window breadth was tried out for the same text. The text was composed of

small parts of an annual report of the European Commission written in al ten languages using the Latin al phabet.

The language order reflects a geographic itinerary from Finland via UK and Italy to Portugal and thereby some

sort of linguistic continuity is also created. The purpose of this was to make the transition between the languages

more difficult; it is harder to identify the transition between two languages if they have similar graphotax — espe-
cially as both languages appear inside the window of analytic context.

Figures 14 through 16 show how the LR identified the ten language stripes, each enclosedNwvithinhere N

is the order number of that language. In the first of these figures the window contained only one word, thus
working as <100> in the denotation used above. Nevertheless we again see that Finnish in virtue of its very spe-
cial graphotax is already identified correctly except for one single word. Even Dutch, Italian and Portuguese are
fairly well recognized when processed without attention to the context. In the next figure exactly that window of
<33> <50> <100><50> <33> just described was applied and the result has improved considerably. In fact, already

a window of<50> <100><50>, which we skip showing here to save space, cleans up the result quite a lot. In the
last of these three figures, a seven words broad window was appdiecks> <50> <100><50> <33> <25> and, in

addition, the square parentheses marking the language boundaries were set to be considered by the algorithm
(actually by inserting the mark ', which we have declared a paragraph delimiter). The result at this point is
guite satisfying and at the very last step of the process, the dominant language is assigned to the whole of each
paragraph — and in the cases we see here there are no doubts which are the respective dominant languages.

-10-
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| Figure14 Language identification of ten consecutive texts without word context window. |

Eaiillelsvaismt vaismbiel Dimiid e e Esi |r\.-||.|ll.-| iRl FerchmdEad AL FRAL GAET

Jidl B SC e W e s LR LE RO
ja pmiLoseilia s jaasas |.. 1ilpikkas | Fis
skl foomm i mdvmen [
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| Figure 16 Same as above but using awindow of seven words and marked paragraph boundaries. |
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3.8 TheLR generating input to other programs

As mentioned in the introductory section, this LR is being developed to be used as a module in a larger “informa-
tion placer mining” system. The first time we tried this LR on a tough data set were when we needed to sort all
paragraphs of nearly 30,000 low-quality and poorly structured case reports. The purpose was to keep all French
paragraphs and send off the English, German and Spanish parts to the translation service carried out by
SYSTRAN in Luxembourg in order to have even these parts translated into French as this language was chosen in
which to unify the data. The other six languages for which no translation service is yet provided were treated in
another way to maximally extract recoverable information. So, the task of this LR module was to identify the
language of each single paragraph of th@@Dreports (with the ultimate purpose of clustering these texts with
another module, described in [Hagman 99]). This task was far from trivial, though, as many of the the paragraphs
were language mixes. Figure 17 shows a tiny part of the output of this LR run, viz. three paragraphs. Each
paragraph is preceded by a tag, an info sextuple téflrmyv much better}{the dominant language} describes

this paragraph thar{the second best language} does, and then folltame original report reference} and
*{another original report reference} and, finalffan automatically generated control index number}.

<< 1.26 Eng Ger 165 9426 165 >>

ireland the irish investigation division has inforned the conmission services that thorough
enquiries indicate that it was a once off transaction between the firns [CENSORED], korea and
[ CENSORED] in ireland, which was arranged by the firm [CENSORED] in the united kingdom no
other inportations of counterfeit [CENSORED] could be traced. diese nitteilung unterliegt arti-
kel 19 der verordnung (ewg) nr. 1468/81 betreffend di e gegenseitige unterstuetzung mtteilung

<< 1.19 Eng Fre 13 9534 263 >>
[ CENSORED] investigation division manchester royaune-uni

<< 1.00 Eng Fre 135 10204 385 >>

the other nmenber states are requested to advise sinmilar cases to the conmission. cette conmuni-
cation est couverte par |'article 19 du _reglem 1468/81_ relatif a |’assistance nutuelle. com
munication am /93 : envois de textiles d'origine chinoise presumée avec des certificats

d'origine du bangladesh. les autorités espagnoles ont signale a la commission l'information

Figure 17 Example of output from the LR of texts written in mixed languages. The first of these three textsis
26% more English-looking than German-looking. Confidential parts not shown here are marked [ CENSORER

Given the linguistically commingled nature of the input in the above case, we are quite satisfied with the result.

4 OperatingthelLR

As said above, this LR is still a prototype. In order to meet the varying format of both input and output data, all
time and effort has been devoted to the operating functions and procedures, thereby postponing the creation of a
user interface to the future. At present the program is run from inside its C code development environment but, of
course, once the above-mentioned formats are set, a stand-alone executable may be created.
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