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Outline

* Why (still) choose the Fisher Yates Exact Test?
- Assets:; Criticisms: Alternatives

 How are Specificities implemented and used?

— Atour of design features illustrated by ,~
a research on the SHOAH corpus MATRICE %@

powered by the TXM software

 Computational Text Analysis Methods

— Corpus Linguistics, Text Mining, Distant Reading, Textometry...: A
diversity of approaches serving +/- different expectations and aims?


https://textometrie.org/

The Fisher Yates Exact Test

* Textometric Specificities (S+) (Lafon 1980), or characteristic elements
(Lebart et al. 1998), implement a Fisher Yates Exact Test (FYE)
(Pedersen 1996; Stefanowitsch & Gries 2003; Evert 2004;...).

* Not out of date, even fully relevant

e 2 main assets:
- Clear: transparent, meaningful — a direct translation of the linguistic question into
a mathematical model
 Itis not a question of being the best(?), but of understanding what is measured
- Reliable: “exact” = nonparametric = no external assumption about the
underlying probability distribution or about the value of a parameter
* No validity limit for low frequencies — the full range of frequencies is managed
 The measure embeds a statistical evaluation (no need for confidence intervals)



The mathematical model

 The corpus is a set of parts (containers) filled with
words (content).
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e Let's remove words from parts:

(the total frequency for each word AS,0
and part sizes are retained) AQ Bl
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The mathematical model

* Then re-allocate the words randomly (only allocation changes:
the total frequency for each word and part sizes are retained)
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* Let’s generate many such instances, |
actually all possible combinations of words into parts:
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The mathematical model

* Then, for any given
word in any given part,
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frequency (or more). in Part 2 with an observed frequency of 3.



The mathematical model

* The proportion can be directly computed with a formula
— Arather complex formula... o

- ...Available open-source implementations -)

* R: Hypergeometric Distribution, used in
textometry package, corpora package,...) R

* It requires 4 parameters:
— T: total size of the corpus (number of tokens)
- t. size of the part
- F: total frequency of the word (absolute number of occurrences)
- f. frequency of the word in the part


https://rdocumentation.org/packages/stats/versions/3.6.2/topics/Hypergeometric
https://cran.r-project.org/package=textometry
https://CRAN.R-project.org/package=corpora

From Proportion (%) to Score notation (S+, S-)

* For better readability (since proportions here are often very low),
proportions are converted to their order of magnitude (Log,,):

If n/N =0.1 then S+ =|Log,,(0.1)|] =]|L0og,,(101)] =1
If /N =0.01 then S+ =|Log,,(0.01)| = |Log,,(10-2)| = 2, etc.
If n/N =0.15 then S+ = |Log,,(0.15)| = |[Log,,(10-08)| = 0.8

» Positive or negative sign: In case the frequency is less than the
frequency for equal distribution, we compute a negative Specificity from
the proportion of cases with the observed frequency or less.

— Negative specificities denote words with especially low frequencies
(that is, less than statistically expected)

— Positive specificities denote words with especially high frequencies
(that is, greater than statistically expected)



A clear and meaningful measure

* The Interpretation of a specificity score Is
straightforward, for instance:

- A Specificity of +4 means that, if words were distributed
randomly, there would bealinl chance to get this
frequency or more (0.01 % of all possible word allocations
reach this frequency).

- A Specificity of -2 means that, if words were distributed
randomly, there would be a 1 in 100 chance to observe this
frequency or less (1 % of all word allocations with such a
low frequency in the part).



A gauge rather than a predictive model

* The model iIs mathematically exact,
but it Is not linguistically realistic: the aim Is
- not to model language

e word occurrences are not independent events, since there

are obvious contextual, syntactic and semantic
Interconnections

e scores cannot be understood as lexical or linguistic
probabilities

— but to get a clear benchmark, a measuring tool

10



A gauge rather than a predictive model

* However, scores are used as both absolute and relative
Indicators

— Absolute threshold: ~3 (min. 2)

« words with a score less than 2 (n/N=p=0.01, 1%) or even 3 (n/N=p=0.001,
1 %0) are poor candidates, since their frequency can be due to common
fluctuations;

* the p=0.05 (5 %) usual statistical threshold is inadequate because
- language doesn’t work randomly (too many words would be identified as outliers)
— problem of multiple comparisons: raising the threshold is a way to deal with this problem.

- Relative ranking
* sort in descending score and focus on top words.
11



Criticisms about the FYE test (1/4)

* Bias toward high frequency words, correlation to frequency

- This is a natural conseguence of a statistical approach:
the more occurrences you observe,
the more confident you are in your judgment,
the lower the probability can be when a deviation is observed.

— This must be taken into account when interpreting results:
S does not replace F, 1, t, etc.
* A kind of tupleization (Gries 2019)

* Not a one-fits-all measure: Scores cannot be directly
compared and do not provide any absolute qualification.

12



Criticisms about the FYE test (2/4)

* Conversely, low frequency words are penalized

- Low frequency words may not be able to reach the significance
threshold even in the case of a notable effect size

— There is a (good) reason for this:
the measure embeds useful statistical considerations, that Is,

are there enough occurrences to make a quantitative judgment.

* For few occurrences or short pieces of text, one cannot exclude that a
relatively high (or low) frequency would be due to common fluctuations

- Here again, completing FYE results with frequencies is useful
(tupleization).

13



Criticisms about the FYE test (3/4)

 Complex and intensive computation

— The formula is complex:

* However for users’ hermeneutic concerns,
the main thing is to understand the model,
not necessarily the detalls of the formula?

- Open-source efficient implementations R
are available

- The advancing of current hardware power makes this
calculation accessible
* What used to be a challenge 40 years ago is no longer an impediment
14



Criticisms about the FYE test (4/4)

* A bag-of-word model — the Dispersion of a word inside a part is
not taken into account

- Here again, tupleization!: considering both Specificity score and a
Dispersion measure, even if only the number of texts in the part in

which the word occurs for instance. I
— Another solution consists in [
the Specificity computing at different scales,

typically on the part level then on the text level. ==

» Note that this solution is not I
a change in the model, i T e
rather in the way of using it.



Alternative Assoclation measures

e Parametric statistical measures
- Log-Likelihood, Chi-squared, z-score...

* Focus on measures that compare relative frequencies

- Odds Ratio and variants
* Relative frequency comparison is equivalent to coverage comparison:
(f/t) !l (FIT) = (FxT) /[ (txF) = (fIF) [ (t/T)
— Clear and meaningful — intuitive
* + simple formula
« another way of defining overuse as related to density

16



Hesitations about relative frequencies (1/3)

* Proportionality assumption
- fin t (the short text) = 2f in 2t (the long text)

- this cannot be the case actually, because in usual lexical

distributions, about half of the text's words (word types)
occur once (hapaxes)

 If every word frequency is multiplied, then no word has a unigue
occurrence -no hapaxes

— This hypothesis favors word occurrences in short texts

17



Hesitations about relative frequencies (2/3)

e “Stairs” phenomenon for low frequency words

— every occurrence is heavily loaded - the measure Is
B ) very responsive
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Hesitations about relative frequencies (3/3)

* Maybe too intuitive, actually?

- somehow on the surface, grasps what you see
e eX. words that occur in only 1 part (document hapaxes)
- whereas a statistic measure may reveal something that is not so much
visible
* ex. a tendency for a frequent word to be less used

e ex. words that do not occur and for which this absence could draw our attention
(nullax)

— This depends on what you are looking for, what kind of associations
Interest you

* do not miss visible, ex. keyword extraction?
=/= detect invisible, ex. authorship attribution?

19



Specificities In textometric practice

* Tupleization in:
- Ergonomy of the graphical user interface (what is displayed together, hyperlinks).
— Interpretative paths that users build: how several results are associated in an analysis.

* |[lustration:

- A collective and interdisciplinary analysis (History, Linguistics, Psychology)
« with Damon Mayaffre, Serge Heiden, Philippe Weyl ; two publications: 2016, 2018.

on 20 Shoah testimonials from Auschwitz camp (French language, 1 million tokens)
about memory: memory evolution; collective vs personal memory (Matrice project)

— carried out with open-source textometric software (TXM, IRaMuTeQ) @@
« TXM: search engine = CQP, statistics = R IRaMuTeQ: statistics = R @

— Specificities are extensively used to identify lexical features of testimonials, depending
on whether they were written temporally close or distant to the narrated events.

20


https://shs.hal.science/hal-01361988
https://shs.hal.science/hal-01890536
https://matricememory.fr/?lang=en
https://textometrie.org/
http://iramuteq.org/
http://www.fondationshoah.org/
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A systematic tour of textometric features
rather than a complete analytical path

Considering not only S but also F, f, t: table display of Specificity results
Examining words in context: a core textometric functionality

Multiple ways of using associations, that complement one another:
- Words for a Part (column sorting), Parts for a Word (bar chart visualization), Words common to all Parts
- Words contextually associated to a Word (collocations), Word groups (~ topics)

— (Not in our SHOAH study: Building the characteristic Period for a Word (chronological Specificities), Words in
parallel relationship with a Word (resonance))

Managing dispersion through recursive specificity calculation

Advanced text encoding and digital philology: any structure or feature encoded in the corpus is
available to build accurate selections

What is the reference for frequencies (T)

How can the corpus be divided into parts (f)

What lexical types do you consider and how can complex lexical units be defined (F)

Many available parameters for collocations too
Combined use of Correspondence Analysis (CA) and Specificities to disambiguate visual proximity

22



Considering not only S but also F, f, t: table display

i:‘-' SHOAH160510/periods3/<[frpos="NOM"]>@wo... X | n@
O Q
Table display (F, f,t) | wnies Frequency T 158794 1945-1946 t=41364 ~ index 1978-1999 t=71506 index 2002-2010t=45924 Index
Words in context ' bloc 272 246  111.2 16 -46.7 10 -26.5
' hommes 939 562 105.2 166  -69.9 211 5.3
Part — Words |s 136 134 7456 1 333 1 184
Word - Parts | camp 1558 603  27.5 476 313 479 1.2
Part set — Words | chef 283 160  26.7 61 -15.9 62 2.3
| mort 472 228 245 119 -18.4 125 0.9
Word — Words | soupe 409 203 238 141 -5.1 65 9.3
Thematic word groups | blocs 50 45 20.6 4 -7.9 1 -6.1
q | zlotys 41 37 174 3 68 1 -48
Word - Part sequ. | hrs 27 27 158 0o 70 0 -40
Word - // Words | Messieurs 27 27 158 0o 7.0 0 4.0
omme 580 238 146 199  -7.0 143 -1.9
'h

Dispersion | pain m 14.5 -3.3
Selecton of T TS N Y T T (415
Building parts t : ':be":‘ “club | 173 :; z 130 E;’ K

ruce T
Type & tokens F :__m_l (85%)

Collocation param. -

CA& S+ #WE_I (75%)
23




Words In context: a core textometric functionality

g s

: SHOAH160510/<coups> X |

Table display (F, f, t)
Words in context
Part -~ Words
Word - Parts

Part set -~ Words
Word - Words
Thematic word groups
Word - Part sequ.
Word - // Words
Dispersion
Selection of T
Building parts t
Type & tokens F
Collocation param.
CA & S+

Concordance of <coups=>in SHOAH160518 corpus...
472 occurrences.

0 sHOAH160510/<[f...

“x || [l sHoAH...

0o

o] oups v 98 &L (0 B o % (v
text_id Left context Pivat Right context word Freq||| frlemma re
1945C_UppEenne ONSQUE O eCre regla Coups O DArons eCau recour une a RS
1945a:MF;5&r_AI c'eta?t la frénésie.;les cnugs de batons pleuvaient. Il para; coup d" ceil 31 <\,9,i§5[7,,,,,33> fOOt (kICk)
1945d_Unger_Le les SSvint le redressera coups de botte, lhomme se leva br  coups debaton 31 ¢ baton 35 tICk
1945a_Mayer Al mémorable : baton, pierres, coups de botte. Ondut les ramasse | Coups de cravache 8 || ceil 33 eye (glance)
1945d Unger Le Peu,ourien;a coups debottedans les cotes,ilre | ‘DUESJHEEEU‘**“”~ _18 || feu 26 f!rE3 EJLJr]SSf]()t)
1945d_Unger_Le n'était pas achevé. A coups de botteils te mettaient hor /coups de pied 18\>uoing 24 flﬂ pu nCh)
1998a_Grossma .DeuxSSFfrappentKalmea coups de botte jusqu'a ce qu'ilse &GUUP de pied 16 fcravache 21 whni
1945d_Unger_Le ‘émités des talons. De petits coups de botte le soulevaient sur-le) | COUPS decrosse 13 || trique 17 C_ane
1945d_Unger_Le  des coups de fusilet des coups de botte quile redresseront | coups de poing 12 ||| crosse 14 rlfﬂe bUtt
1945d Unger Le .ilvidesaragea coups debotte surlatéte et dans || coupsde trique 12 || gourdin 14
1990a_Roth Avc des coups de cravache, des coups de bottes, Une fois enbas, | COup depoing 9 ||| botte 10
1945b_Kohen R, ils employaient, aprés les coups de bottes dans toutes les pa = €oups de gourdin 9 || matraque 9
2008e_Rosenbal oude force, @ grands coups de cannes, les enfants, les fe | coup de Feu 8 || Fusil 6
1986a_Grinbaud de canon, et encore des coups de canon, c'était devenu noty| €oups de botte 8 || revolver 6
1986a_Grinbaud finde notre calvaire. Des coups de canon, et encore des couf| coups de matraque 7 ||| canon 5
1978a_Klein_Less tard ? Nous entendions des coups de canonau loin. La guerrea| coup degong 5 || gong 5
H 1 101 * ) T 4
& Console X | = BH B | o> B8

Index of <[frlemma = "coup"] [word="d."][frpos="DET.*"]?[frpos="ADJ].*"]7? [
97 item for 357 occurrences.

Index of <[frlemma = "coup"] [word="d."][frpos="DET.*"]7?[frpos="AD].*"]7? @[frpos = "NOM"]=, prope>‘§y @frlemma /

69 item for 357 occurrences.

frpos = "NOM"]=, proper?/@word in\\
24



Words In context: a core textometric functionality

' SHOAH160510/<cochons> X | |l 1945d_Unger_Le_sang_et | or-15 X

Query v @ & « ™ | vous étes dans le plus beau camp qui existe au monde ! Ici, si
Table display (F, f, t) e T vous respectez |'ordre et la discipline, vous mangerez ce qu'on
] 22 e s s vous donne et vous vivrez, si le bon Dieu le veut. Mais sinon,
Words in context 1945a_Mayer , britaient d'innombrables cochons , mieux nourris et mieux s‘ sinon, ah ! Mes petits cochons, vous n'en aurez pas pour bien
1945a_Mayer |, Jye tentative, le Kapodes cochons et ses commis se précipit|| 1ongtemps ! C'est moi qui vous le dis et je sais ce que je dis. Je
Part - Words j \ ne suis pas un bavard francais qui promet la victoire a tout le
\monde et qui, sitét qu’il sent sa culotte pleine, va demander

Ria anktex

1945a_Mayer_J |/, leurs ceufs, leurs petits cochons . C'estla que je

Word - Parts 1945b_Kohen_/ 4 tonconvoi, cesontles cochons  de Francais (sic) qui gréace et traité & ses ennemis. Je vous conseille de vous tenir
1945¢_Oppenh ngais sont sales, sontdes  cochons , nevalentrien, ces propres, sans cela c’est votre mort. Que désormais chacun ne
Part set — Words 1945d_Ung&f/_/f/ éme certains envier les cochons de France, donk la pitance ctgmpte que sur lui-méme et point sur les autres. La vie d'un
Word - Words ot ot esss oo e renciaaal e Y mans Kl aune cateto oune setetio e
s g I 5 o e i oo porein o o e
. pour votre bien. Gravez bien mes paroles dans vos tétes et vous

Thematic word groups ' 1945d_l./mg/7/r7¢ rriture pourrie, quedes cochons n‘auraient pas voulue, Le \}\oué;\ rappellerez que c'est un 30 000 gui vous parle et qu'iln'y a

19?83_}([}4#1#[// des SS. Il nourrissait les cochons avec les eaux grasses de l¢/ |\ giuér\g- gue quelques rares survivants de ce numéro-la. Donc, a

Word - Part sequ. /drinbd i i \bon entendeur, salut ! Et malheur & celui qui n'a pas compris ! »
1986akgr/i|}b/a|. gamelle dans une augede cochons et de laressortir pleine g N €| ' : q P pris

[ Lh ) - . - Tout\le monde a bien compris ? Répondez !
19904 /Rokh Ay :hez nous ondonne ca aux cochons . Mais si tu continues com) N ;
Word - // Words A BoEY ¥ ‘ Dda\, répondirent tous.

. . Ve N \
Dispersion /1/// Wl@|1l-122® | @ \ Té;(t\\"_- « | 1945d_Unger Le sang et | or "

Selection of T /777 o
Building parts t 111/ 2 main semantic uses | g
Type & tokens F Insult: Humans can be identified Pigs’ food is even better

Collocation param. are called pigs | » | than humans’ one.

CA& S+ Double-click on a concordance line to read the passage

If more context is needed 25




Table display (F, f, t)

Words in context
Part -~ Words
Word - Parts
Part set -~ Words
Word - Words

Thematic word groups

Word - Part sequ.
Word - // Words
Dispersion
Selection of T
Building parts t
Type & tokens F
Collocation param.
CA & S+

Words for a Part (column sorting)

"' SHOAH160510/periods3/<[frpos="NOM"]>@wo... X

@ =

pere
mére
frére
parents
Famille
ans
annees
Fille

rue
yiddish
sceur
oncle
guerre
épogque
tante
déporkés
mari

727
656
422
427
567
784
297
402
355
162
227
140
593
298
144
216
140

Negative specificities for the first period

34/

35
13
i
32
72

11|
29|
23\

o @ =

74
23

12
3

///’/7\\\\

/
/

\\‘

-52.3
-43.7
-37.0
-36.5
-36.5
-32.2
-24.4
-21.6

192
-18.4
-15.5
-15.3
-14.5
-14.5
-14.0

21.0

406
231
238
205
310
358
190
188
140

58
122

80
282
154

72
101

64

8.5
-6.7
5.8
0.9
5.6
0.4
10.4
0.6
-1.7
-2.0
2.3
2.6
0.9
1.9
0.9
0.5
0.3

287
390
171
208
225
354

96
185
192
103

a7

60
237
121

69
103

73

9.2
58.8
6.7
17.3
7.6
21.4
1.0
12.5
22.5
19.2
5.2
3.5
8.3
5.0
5.9
8.4
8.2

26



Parts for a Word (bar chart visualization)

Table display (F, f, t)
Words in context
Part -~ Words
Word - Parts

Part set -~ Words
Word - Words

Thematic word groups

Word - Part sequ.
Word - // Words
Dispersion
Selection of T
Building parts t
Type & tokens F
Collocation param.
CA & S+

| Units Frequency T 158794 1945-1946t=41364 ~ index 1978-1999 t=71506 index 2002-2010t=45924 index
gourdin 34 29 12.1 0 -8.8 5 -1.4 ‘ %@
a 19 19 11.1 0 -4.9 o 2.8
| matin 3.7 153]  27]]
| boue k‘# Compute the histogram of the selected lines 7 59 g8 1.7
secretaire E copy | 9 7.1 13 +1.2
bourreaux 57 39 10.6 " -4.4 i -2.6
chefs 10.5 -6.1 -1.5
—mnl
| départ 10.1 2.0
= Under-used: week, @matin . @fin
_ year’ . appel B année
1.1 | lité . 2.0 | |[f) soir | ELE
L 0 F‘. B ’ 'Iw1"' T ‘—-E ite 2.0 ¥ minute ‘ époque
E ‘i B nuit i: annees
5 -10 | |00 midi | ans
L, Over-used: [!. journée |
i : : \gm ,
minute, ' Qh"""e /
eures/
=30
hour, origine
day scale ¢ o o @ printemps
= (=31 = <
& & = B début
- - [} R
A & r . SEmalines
= [ = i
o o = B avenir
= et ™ ) il
Partie W temps 27




Parts for a Word (bar chart visualization)

Table display (F, f, t)
Words in context
Part -~ Words
Word - Parts

Part set -~ Words
Word - Words

Thematic word groups

Word - Part sequ.
Word - // Words
Dispersion
Selection of T
Building parts t
Type & tokens F
Collocation param.
CA & S+

Score

15

10

=10

=15

(¥
=
=
=l
Mg
=
=
e

1978-19949

Partie

2002-2010

B guerre

. deportes

I déportation

B armee

B zone

B rafle
Liberation
Resistance

I extermination

war

roundup

Historical Vocabulary
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Words not specific in any Part: Basic Vocabulary

Table display (F, f, t)
Words in context
Part -~ Words
Word - Parts

Part set -~ Words
Word - Words

Thematic word groups —

Word - Part sequ.
Word - // Words
Dispersion
Selection of T
Building parts t
Type & tokens F
Collocation param.
CA & S+

D

:__1 |Limit
2 jour
3 |monde

_6_§5uite

7 _un
8 |lendemain
9 |coup
_10_|Blogk
n '|IELF
12 |DFES
13 |groupe
14 faim
15 |bout
16 |wagon

S aJr

18 lueternems

4 m i e

m|9xterminatiun 1

B | c
_ 'score_max
| 11290.976

6041.4116
5181.3041
4361.3175
4210.5327
3870.6619
3551.2298
3481.3423
3261.1355
313/0.3442
205/0.8104
2930.5724
282/0.8107
2750.5304
260 0.5596
260 1.4289
2470.8794

AR A A4y

56 0.666

345 B{}EQ

E

1045.1046 score
3130976 )

177/1.4116
15211.3041
08-1.3175
1150.5327
108 0.6619
1061.2298
104 1.2247
971.1355
82 0.3031
850.8104
76-0.2894
800.6883
76/0.5304

63 -0.5568

8114289
67/0.4282

o4 937

15/0.3003

9 ﬂ 2653

71j0.8248 r/r/'/jf:::ii:;—':1‘3’:{[727@31/7 7

| @

11978-1999 score
493 07313
257-0.9299

219-0.9522
21010.9899

185-0.4621 |

170 -0.4553

152 -0.6652

158/0.3323

136-0.9017 |

142 0.3241
129-0.4579 |
127-0.5208

118-0.8107 |

122-0.36

117-0.2826 |
109 -0.7639

117 0.6029

1hnlnonnes —

28/-0.69

280.5701

12-0.7787

2002-2010 Eﬁﬂm

3230.3736
170-0.4491
147 -0.3831
1280.3585
121-0.308
109-0.4027
97 -0.562

86-1.3423 |

93 -0.2322
89-0.3442
81-0.5025
90/0.5724
84/0.4025
77-0.4014
80/0.5596

___63-0.8794

CC 4 mANT

25/0.8248

13/-0.666

13 0.8059

-1.5<S<+1.5
in every Part

%@

/" Some
historical
vocabulary
IS common
to all

\ periods )

nation
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Words contextually associated to a Word (collocations)

& SHOAH160510/<cadavres>@word 99222222 X

@@
. Corpses Query #  cadavres - oB @
Table display (F, f, t) Parameters _

Words |n Context Cooccurrents properties: word | Edit| Thresholds: Fmin=| 2 — +|Cmin=| 2 — + Scorez | 2,0 =i
Part - WordS context: @ word window _ Structure | s~ | [ Use theleft context B8 Use the right context nclude the structure containing tf
Word - PartS from-| 9 —| o | &= D + | and from | 0 +|to| 9 = =
Part Set d WOI’dS / / Cooccurrent Frequency CofFrequency ~ Score Mean distance
man + les 12776 102 25 4.0
Word = Words H y monceaux 13 9 20 1.2
_ /lying/ s ;
Thematic word groups entassaient 5 4 8 15
az briler 28 5 8 34
Word - Part sequ. ghamber ambulants 5 3 6 0
. gisaient 6 3 6 2.0
Word - // Words + /burning Fours 66 5 6 6.0
B B . gaz 143 6 5 3.8
Dis persion Wal k| n g chambres 79 55— 40 A
Selection of T alive — t pivot 109, v cooc 71, L cooc 563, Tcorpus 944888 —

=2 SHOAH160510/<("cadavres” [|* @[word="vi... X

Building parts t

Query 4 ("cadavres" []* @[word="vivants"]) | (@[word="vivants"] []* "cadavres") within 10 ~ 0 8 &~
Type & to kens F
. 1945b_Kohen_Retour_d_Auschwitz pitié. Laspect de ces cadavres [vivants] déguisés en bagnards, avec leurs
COI |Ocatl on param . 1945d_Unger_Le sang et_| or trois que sont venus échouer les cadavres [vivants] de Flossenbourg? N'est -ce
1945d_Unger_Le_sang_et_|_or d'un rictus horrible. Ces cadavres sont plus [vivants] quejamais. Ils disent tout
CA & S+ 1945d_Unger_Le sang_et_| or le rang et attend. Des cadavres [vivants] comme lui attendent a ses cokés
1946a_Altmann_Face a la_mort Ils gisaient (3, ces « cadavres [vivants] », sans Forces, le

M i 1 (=5/5| (2 M 30




Word groups: a thematic summary of the corpus

| Reinert Method

Wbs T, (Reinert 1983, 1990)

! -. AT - e Corpus is splitin

140 %
context segments

Table display (F, f, t)
Words in context

Part - Words - -

Word - Parts
Part set — Words wagon  travail ain : enfant adéle i juif

classe 8 classe 7

orie kommand ' oell Oupe p mere simon tian = ic (~40-WOFd-|0ng
atiment block e i SOELI S molte  guere h
Word — Words salle crématoire J i e frare (e : i ere)
Themati d o S e moceay VI famile e e
ematic word groups £age - four e, o . Unsupervised
Word - Partsequ. o ki il senae classification of
Word - // Words égrli%?gd'ﬂ ,ngmlr . : segments
. . escalier "érlisn": el - g
Dispersion e Sl « Specific words
Selection of T E:ﬁ"ﬂs are computed for
idi e each segment
Building parts t mr T e, I hg i
Type & tokens F Rahene (=) soure class (here with a
yP . et Chi-squared test)

Collocation param. méca

hewure

far

Cag o L - - ®IRaMuTeQ

life in camps Life outside camps and conceptual vocabulary 31




Building the characteristic Period for a Word

Table display (F, f, t)
Words in context
Part -~ Words
Word - Parts

Part set -~ Words
Word - Words
Thematic word groups
Word - Part sequ.
Word - // Words
Dispersion
Selection of T
Building parts t
Type & tokens F
Collocation param.
CA & S+

La forme générale du Triangle des spécificités connexes et son calcul pour la

TABLEAU ¥

ventilation V3.

S 57
1 2

Spécificités positives

[l spéciricités négatives

JE1E-4

El1.1E-3

/ E3.4E-3

b

Bl 2.66-3 b BE1.1E-3

Es.0e-5 B EHaa-2 B1.1E-4

N\
[F18.96-3 E8.9€-3 b EHe.0e-5 H8.06-5
b b \=3.9t-2 E26E-3 FH26E-3 E2.6E-3
b b\ b b b b

4-part sequence

(Figure from Salem 1991, 163;

b E|57E-3

blue annotations are added)

Term F | |z |parts

the 148431 47534 | +51 | "O1washington" - "43bush"
1893 54 45 | +51 2amekinley
commercial E7E 57 | +51 "0Zadams" - "3 hoovet"
together G674 321 | +51 "36john=on” - "43kbush"
in 38058 2715+ " Qhayes" - "39carter"
areas 263 0 +51 " Shayes" - "4dobama”
iragi 53 0 +51 "40reagan” - "d4obama"
terrarists = 0 +51 "F2roosevelt” - "4dobama”
he 18560 18320  +51  |0washington" - "42clinton”
1946 76 76 | +31 "3 3truman - "42clinton"
i 16650 | 1035 +3 "29harding" - "30coolidge"
percent 3449 0 +51 " Elincaln” - "4dobama”
goals 125 0 +51 "2taft" - "d4obama"
wehich 12335 12294 +51 |0 washington" - "42clinton”
azs 11988 9074 | +51  Mwashington" - "29harding”
heatth (=13 133 | +51 "Fhoover" - "4dobama”
t 347 0 +51 " Blincaoln” - "44obama”
families 344 a7 | +51 "Fatruman” - "4dobama”
15950 =] 0 +51 "F2roosevelt” - "4dobama”
notes 3 30+ "0dmadizon” - "28wilzan"
cuba 32 104 | +51 "2amckinley"”
on Q172 797 | +51  "03jefferson” - "0Smonroe"
Ve 262 0 +51 "1 Shayes" - "4dobama”
gentlemnen 7a 46 | +51  Olwwashington” - "02adams"
are 8719 | 3616  +51 "2Eroosevelt” - "4dobama”
technalogy 13 1 +51 "Fatruman” - "4dobama”

(Figure from Lebart et al. 2019;

Corpus = State of the Union addresses 1790-2008)

| Chronological
Specificities

(Salem 1991;
Adjacent
characteristic
elements in

Lebart et al. 1998)

or

LEXICO

32



Words in parallel relationship with a Word

Table display (F, f, t)
Words in context
Part -~ Words
Word - Parts

Part set -~ Words
Word - Words
Thematic word groups
Word - Part sequ.
Word - // Words
Dispersion
Selection of T
Building parts t
Type & tokens F
Collocation param.
CA & S+

/- “migrants ™

\ (persons) ) -
Resonance /
(Salem 2004)

For
Various kinds of p053|ble
alignments:

 Language A/ Language B

F. Mitterrand :

|| il faut d' abord distinguer , ¢' est un probléme qui a €té vraiment exagéré et compliqué a plai-

7sﬁ:'it'y1—g;hg5:ipurs catégories de personnes visées par le débat actuel . il y a d - abord ceux qui
ne sont pas des immigrés , qui sont les enfants d ' immigrés et qui sont nés sur notre sol .
ceux - la ont vocation . ils sont frangais , sauf s ' ils en décident autrement a I' dge de dix - huit
ans . il y a , ensuite , les naturalisés ; ce sont les immigrés qui désirent devenir francais , la , I'
administration étudie leur cas et il aboutit a reconnaitre le droit a la naturalisation , selon son
propre rythme . je n ' insiste pas. et puis il y a les immigrés _ ceux qui n ' ont pas envie de
devenir francais, qui veulent rester attachés a leur pays d ' origine  de deux catégories : il y a
les clandestins , et il y a ceux qui sont reconnus parce qu ' ils ont un contrat de travail et une
carte de séjour . ceux qui sont clandestins . il n' y a qu ' une seule loi possible : il faut _ ¢ ' est
malheureux pour eux , mais c' est la nécessité _ il faut qu' ils rentrent chez eux et les disposi-
tions doivent étre prises , et elles ont été prises pour ceux - la , pour qu ' ils rentrent chez eux .
et puis il y a ceux qui sont la avec leur contrat de travail et leur carte de séjour . est - ce qu ' il
y en a trop ? ce que je sais , ¢' est que , dans les années qui ont précédé 1981 , il y a eu une
formidable aspiration a faire venir chez nous des immigrés  sans doute parce qu' on les
payait moins bien que les autres , moins bien que les francais , que les travailleurs francais .
£l

* Adult speech turn / Child
speech turn

* Political debate: for each
topic/question, answer
from Candidate A/

Candidate B /|mm|grat|on\

* Eftc. . (concept) S/
(Figures from Salem 2004)

J. Chirac :

Je voudrais répondre, moi , trés clairement en m' appuyant sur mon bilan dans cette affaire ;
parce que c¢' est trés gentil de faire des promesses, mais enfin, encore faut il qu ' elles soient
rendues crédibles par un bilan. s ' agissant de | ' immigration tout court , il faut la stopper ,
parce que nous n ' avons plus les moyens de donner du travail a des étrangers. aussi . naturel-
lement , en supposant quelques souplesses naturellement, mais 1l faut la stopper . s ' agissant
de 1 ' immigration clandestine, il faut évidemment lutter contre cette immigration avec
d ' énergie et reconduire les intéressés a la frontiére ou les expulser. ils ont pris leurs
s en venant chez nous de fagon illégale, ils sont le vivier naturel _ non pas en raison de
rs origines naturellement, mais parce que ce sont des marginaux et qui se cachent _ ils sont
le vivier naturel des délinquants, voire des criminels : il faut donc les expulser, en 198] - 82 -
83 , vous en avez régularisés 130000 : erreur capitale, car ¢a a été immédiatement un appel
équivalent et méme beaucoup plus large. nous , nous avons refoulé, en deux ans, plus de
130000 personnes, ce qui fait tout de méme deux cents par jour, et je considére que ce n' est
pas suffisant . nous le faisons , naturellement, en nous entourant de toutes les exigences de I'
humanisme, de respect des droits de I' homme , mais ¢ ' est une nécessité impérieuse. et puis
nous devons nous protéger contre ces entrées. alors | je voudrais simplement poser une ques-
tion. moi, j ' ai fait voter des lois pour la sécurité mais |' imagine que nous y viendrons tout a
[' heure _ et contre |' immigration et notamment |' immigration clandestine, en particulier

¢

[...]
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Managing Dispersion via recursive specificity calculation

Table display (F, f, t)
Words in context
Part -~ Words
Word - Parts

Part set -~ Words
Word - Words

Thematic word groups

Word - Part sequ.
Word - // Words
Dispersion
Selection of T
Building parts t
Type & tokens F
Collocation param.
CA & S+

1! SHOAH160510/periods3/@word  |#2 [mort] X | %' SHOAH160510/textes/@word |

D I s l==u@&

Score

[# [mort] x |

o a2%

Score

-10

20
15
10
5
[¢]
-5

-10
=15

& EE R

1945-1946

50
40
30
20
1

1945a

1945b

1945c

1945d

1945e

1946a

1978a

1986a

1978-1999

o
1]
=
-+

1ality 2
Jityes
(=]
—
=]
i
o~
[=]
(=]
™
a ity
L e — b
o = LY o} ] fuc)
@ 5] @ @ =] =]
=] (=} (=] =] (=] L
= o (=) [=] (=) (=]
~ ~ ~ ~ o~ o~

2008b

I mort

] §mort

Q
g

Specificities for
“mort” (death)
at Part level

Specificities for
“mort” (death)
at Text level
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Managing Dispersion via recursive specificity calculation

A Graphical User Interface to work on Specificity results (Mayaffre et al. 2018):

Table display (F, f, t)
Words in context
Part -~ Words
Word - Parts

Part set -~ Words
Word - Words
Thematic word groups
Word - Part sequ.
Word - // Words
Dispersion
Selection of T
Building parts t
Type & tokens F
Collocation param.
CA & S+

1. Specif.
for a Part

3. Word in
Context
(KWIC)

Fichier Outils

Affichage Aide

% (o @ Q B | E
i périodes: word 22 % i
Unités Fréguer 1945-1946 = score " 1R
bloc 272 246 1112 d
hommes 939 562 105,2 war
Ss 211 149 40,9 &0
camp 1558 603 27,5
chef 283 160 26,7 L
mor A E a0
soupe 409 203 23,8
v 30
blocs 50 45 20,6 5
zlotys 41 37 17,1 @ 20
hrs 27 27 158 10
Messieurs 27 27 158
0 - —
homme 580 238 14,6 - ==
pain 569 234 14,5 .10
coups 472 197 13,0
terre 414 177 12,9 [ -] v o= W m m n ] o ] m
g8 2 8 4 £ 8 £ 2 & 2 &
brute 28 26 12,9 = o a = o ) o £ = e = S
A oM oA A A A A A A A A R
gourdin 34 29 12115 m Partie
£ SHOAH160510:[word="mort" & frpos="NOM"] &
Requéte: | # | |[word="mort" & frpos="NOM"] » | Pivot: word Editer| |Chercher
Clésdetri: #1 | Contexte¢ - | #2 | Aucun > | #3 | Aucun > | #4 | Aucun = ||
X 1 -100/472 |>| |>] | Cacher paramétres
text |dhp v Contexte gauche | Pivot | Contexte droit
20090 terreur ... 11s N'etarent pas decedes de | mort! palsible. La puanteur vous prenait aunez etata gorg
1945d nnmbardez ruinez, renversezcetedlfrcede mort| au plus vite | Soyez les bienvenus, chevaliers de la libs
1945¢ i assassin qui a droit de vie atde mort sur nous, est servi comme un grand selgneur Son pet
2008e Les Kapos avaient droit de vie el k coups mul auss
1945a vait le droit de vie et de | mort ! sur nous tous,ycompris sur les Kapos et Ober Kapos
2008c .1ls ont droit de vie et de : mort  sur tous, ainsi que le droit de pillage. La violence
1945b i avaient -ils pas droit de vie et de mort sur nous tous ? Un jour, alors que jétais occupé
2008¢ :mssedantdes installations industrielles de | mort ! .EnFrance, les camps de Compiégne ou de Drancy n'| |-

v

1! Graphique : word £

| mort|

Banalité : 2.0

_7I,,-_-_——_-—Banahxéiu

2008a
2008b
2008¢c
2008d
2008e
2009a
2009b
2010a

(1 1945d_Unger_Le_sang_et_|_or-69 &=

Apres e geuxieme coup de gona, Tous
les hommes quittent leur bloc pour se
rendre au travail. s sont alors soumis
a des Kapos qui se trouvent a la téte
de chaque commando. |l existe une
véritable hiérarchie dans cette race de
négriers. Oberkapo, chef d'un camp
commando comprenant plusieurs
Kapos ; Kapo, chef d'une centaine
d’hemmes ; Unterkapo, son
remplacant et son aide ; Vorarbeiter,
surveillant d'une équipe. Chacun de
ces hommes a le droit de vie et de
mort sur les détenus qu'il commande.
1l est évident que le choix du
commando est d'une importance
capitale. Faire partie d'un groupe

d’ hnrnrnes de metler est anfimment

defau [ | [ ]| ][ 10|69/ 12( 000 |[m1 ][

i

2. Overview
of Specif.
at Text level

A graphical
instantiation
of textometric
tupleization?

4. Word in
full Text
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Choosing the reference for frequencies (T)

. word @
Table display (F, f, 1) frliemma frliemma
Words in context
20
Part - Words ke 43
Word - Parts s 2 5,0
Part set -~ Words 2 19 v s B v
8 B soupe =] lita : 2.0 S 25 nalit 2.0
Word - Words i 5 — B oain YRR B briler A B froid
SIEERE B coups = FI B tuer B infect
, I 0,0 ’
Thematic word groups 0 ali : B terre -5 B crier 5 _ E I violent
Word - Part sequ. 5 . gourdin B couvrir 5% = T B clace
- B boue 1o | B arracher - B affamé
Word - // Words I B Lo
couvertures
DISperS|0n I¥-] [} = . - T ] =} =4} =
. g E Ei T o - -
Selection of T 5 oA 0N 5oA N I
. . iy =] | (7 R -~ I " [==] [
Building parts t A & 2 A= & = o
=l =l ] - o P = R
Type & tokens F Partie Partie Partie
Collocation param. Nouns Verbs Adjectives
Y — S
CA & S+ — ) : S
Noun frequencies are compared to frequencies of other nouns only
—no possible impact of stylistic effects of noun/verb balance variation for instance. | 36




Table display (F, f, t)

Words in context
Part -~ Words
Word - Parts
Part set -~ Words
Word - Words

Thematic word groups
Word - Part sequ.

Word - // Words
Dispersion
Selection of T
Building parts t
Type & tokens F

Collocation param.

CA & S+

Choosing/building a set of parts (t)

Powerful and flexible

Name: periods3

Simple Assisted Advanced

Structure:| text ~ Property| id -

Select the values to assign: EEy RGOS loups
1986a_Grinbaud _Xle commandement
1990a Roth Avoir 16ans_a_Auschwitz

1995a Goltman Six mois_en enfer
1998a_Grossman_La_memoire_dans_la_chair
2002a_Hirsch_Matricule_A16689

2008a TorosMarkter J avais 16ans a_Pitchipoi
2008b_skorkaJacubert_Fringale_de vie _contre usine_a_mort
2008c_Palant_Je_crois_au_matin
2008d_Mitzner_Seuls_au_monde

New part || Delete all parts

Title: 1945-1946 x Title:  1978-1999 h x Title:  2o002-2010 x

Assign Remove Assign Remaove Assign Remove

1945a_Mayer_Auschwitz_journal_de_memoi
1945b_Kohen_Retour_d_Auschwitz
1945¢c_Oppenheimer_Journal_de route
1945d_Unger_Le sang et | or
1945e_Holstein_Le_manuscrit_de_Cayeux
1946a_Altmann_Face a_la_mort

ways to define
sets of parts.

(Text level /
encoded structure level /
word level)

(0
o 37



Choosing the lexical type (to group tokens) (F)
%o

()

Table display (F, f, 1) Verb lemmas Verb lemmas+POS Verb POS (- tense)
1 1 - — it e — i _— ——— e e St s . e —ai - - — T e — i -
. "' SHOAH160510/periods3/<[frpos="VER.*"]=@... X "' SHOAH160510/periods3/<[frpos="VER.*"]>@... X ' SHOAH160510/periods3/<[frpos="VER.*"]=@... X
Words in context o @ o @ o @
Part -~ Words
falloir -~ 976 366 20.5 avoir_VER:ppre 185 104 20.2 || VER:simp 6493 2186 70.7
Word N Parts braler \\\\\\\ 145 87T —19.5_ |falloir VER:pres 399 166 14.2 || VER:infi 25405 6620 15.6
faire \\\\\ 4128 1244 19.3 faire VER:simp 292 129 13.5 VER:subi 201 83 7.3
Part Set N Words tuer \\\ m\ 95 16.9 ||crier_VER:pres 53 37 11.6 || VER:ppre 4283 1178 ¥
crier \\\184 \\\ 93 14.2 venir_VER:simp 99 54 10.2 | VER:futu 2156 619 6.5
Word N Words couvrir \\7\\ \\\\ ST 12.5 mourir_VER:infi 133 63 8.4 | VER:cond 1780 489 3.3
conduire 21 \\;\\ 95\\ 10.7 devoir_VER:simp 57 34 8.0 | VER:impF 29559 7215 1.2
1 ~ | ch 52 h \\\ 34 \9.\ devoir_VER: 592 203 8.0 VER: 15 5 0.5
Thematic word groups << NN 5| [pevoir VER pres mbe
arracher 85 \\\\{F 92 falloir_VER:simp 53 32 7.7 || VER:subp 1081 251 -0.6
: NG A s
devoir 1643 0~ 88 étre_VER:simp 1245 383 7.5 VER:pper 32395 7101 -24.3
Word - Part sequ. 1N .
q taire 45 29 . 80 | couvrir_VER:pper 62 35 7.3 VER:pres 45504 10075 -30.5
ranger 84 44 \r "l Ibriter VER:pres 31 22 T3
Wor Wor L -
Y d - // Y ds mourir 384 140 7.5 | briler_VER:pper 50 30 7.2
H H frapper 199 82 7.2 |/donner_VER:simp 51 30 6.9
DISpeI’SIOH toucher 132 59 6.8 | parvenir_VER:simp 18 15 6.7
H manger 479 163 6.3 recevoir_VER:simp 58 32 6.5
SeIeCtlon Of T distribuer 184 74 6.1 ||aller_VER:simp 43 26 6.4
HP'H trembler 55 30 6.0 | trainer_VER:pres 29 20 6.4
BU|Id|ng parts t coucher 192 76 5.9 sorkir_VER:infi 230 89 6.3
pouvoir 2677 748 5.9 tuer_VER:pres 10 10 6.2
Type & tokens F
. & console X = BH B ™ i =
Collocation param. -
System output
CA & S+ Specificities of the SHOAH16@51@/periods3/<[frpos="VER.*"]>@frlemma =<944,889 /944,889/@frlemma /944,889 lexical table...
Done.
specificities of the SHOAH168518/periods3/<[frpos="VER.*"]>@frlemma_frpos =944,889 /944,889/@frlemma /944,889 lexical table...
Done.
Specificities of the SHOAH168510/periods3/<[frpos="VER.*"]=@frpos =944,889 /944 ,883/@frpos /944,889 lexical table... 38
Done.




Specificity computation is possible for phrases (zone libre) or patterns (coup de + NOUN):

Table display (F, f, t)
Words in context
Part -~ Words
Word - Parts

Part set -~ Words
Word - Words

Thematic word groups

Word - Part sequ.
Word - // Words
Dispersion
Selection of T
Building parts t
Type & tokens F
Collocation param.
CA & S+

D

Bl SHOAH160510/periods...

Defining complex lexical units (F)
(o

||# [coup_de_N] X

B SHOAH160510/periods... |1+ SHOAH160510/periods... X |/ [zone libre] X |

0 @ 0 o "% B O % "% @ |
Units Frequency T 944889 1945-1946 t=233156 Iindex 1978-1999 t=437314 index 200 JI{IPE“h{'E] iL‘DUP_dE_N]
#RESTE# 944838 233153 437297 ; "

YT T T T
; 9 8-
ot ) B
1] fi u )
—— = =s—————— -1 n = i
B2 SHOAH160510/periods... BBl SHOAH160510/periods... (i SHOAH160510/periods... X || EI—- i I
. 5
L e :
Units Frequency T 944889 1945-1946 t=233156 iIndex 1978-1999 t=437314 index 200 # Q 2 3 ﬂ 3
1] ] Q [ ] Q
| #RESTE# 944532 233011 -10.6 437166 @ ; : 5 E E
—mm—l s b T8 3
.-| H n e H n
Part Part
& console x B R mMEB~Ms = 0O

System output

Specificities of the SHOAH160510/periods3/<[frlemma = "coup"] [word="d."][frpos="DET.*"]?[frpos="ADJ.*"]? [frpos = "NOM"]=@w
Done.

Bar chart of the specificities of the SHOAH160510/periods3/<[frlemma = "coup"] [word="d."][frpos="DET.*"]?[frpos="AD].*"]7 [|
Done.

Note: TXM is powered with CQP search engine. 39



Defining thematic units and generalized types Tgen (F)

17 sHoAH160510/<"(inldés|sur)?human?i.*|be... X | | # [INHUMANITY] X

Query | # | e HEIE ~ | Properties: frlemma |Edit| Q@ & O 8% EhRE =t l == %&
Table dlSpIay (F’ f’ t) frlemma Frequency [INHUMANITY]
. humain 219
Words in context béte 74 a
imal 46
Part -~ Words Tk 6
estiaux 42
Word - Parts el 2 o 4
dlgﬁltE 30 B Banalit: 2.0
. . o 2
Part set -~ Words inhumain 28 »
digne 26 0
Word - Words instinct 26 ) “n 8 INHUMANITY
. L sauvage 24
Thematic word groups —— = -4
abattre 17
Word - Part sequ. st - & 2 :
Word - // Words Paryuer n 7 ) iy
. . abattoir 10 g E a
Dispersion bestial 9 2 3 8
: Part
. ) 1 1 36/36 () || W) £ 707, v 36, fmin 1, Fmax 219
Selection of T ! | .
Lo i} sHoAH160510/periods3/<"(in|dés|sur)?hu... |EH sSHOAH160510/periods3/<"(in|dés|sur)?hu... |1+ SHOAH160510/periods3/<"(in|dés|sur)?hu... X ||
Building parts t o=
Type & tokens F Units Frequency T 944889 1945-1946t=233156 Index 1978-1999 t=437314 index 2002-2010t=274419 Index
. #RESTE# 944182 232907 437042 274233 2
Collocation param. T B B s O, 7 T I S
CA& S+ ECunsule x| EMME MB35 O
System output
Index of <"(in|dés|sur)?human?i.*|besti.*|betail.*|bétes?|animal.*|animaux|dignité|digne.*|instinct|abattoir|abattre|troupeau|sauvag Z:I-()

36 item for 707 occurrences.



Many available settings for collocations too

Table display (F, f, t)
Words in context
Part -~ Words
Word - Parts

Part set -~ Words
Word - Words
Thematic word groups
Word - Part sequ.
Word - // Words
Dispersion
Selection of T
Building parts t
Type & tokens F
Collocation param.
CA & S+

Sing. = wife, woman

- family story

‘& SHOAH160510/<"femme"%c>@word ... X || & SHOAH160510/<"femmes"%c>@word 9932 32... X

Query | # | "femme"%c - @3
Cooccl e v Score

sa 1783 107 56 1.0
jeune 553 62 48 i3
une 7747 177 32 2.2
enfants 659 33 15 3.7
Cette 300 18 10 1.2
a 4170 74 9 5.0
Une 541 22 8 1.2}
ma 1726 a1 8 19|
enfant 189 13 8 35
fille 402 16 6 4.3
et 16607 192 6 3.6
belle 156 10 6 2.4
brune 10 4 5 1@
remarquable 10 4 6 .0
son 2437 44 5 5.5
bébe 42 6 5 3.0
charmante 11 4 5 2
agée 25 5 5 2.6
pauvre 104 8 5 .0
vieille 48 6 5 1.8
hollandaise 5 3 5 .0
Simon 206 10 5 5.8
fils 263 " 4 5.5
Elle 1228 26 4 3.8
elle 2275 38 4 5.5
Ma 241 10 4 2.4
petite 407 13 4 2.9
enceinte 46 5 4 32

t pivot 383, v cooc 116, t cooc 2331, T corpus 9¢|

Query | # | "femmes"%c

Parameters

Cooccurrents properties: word | Edit | >Thresholds: Fmin=| 2

2 — -+ |Score=| 2,0

Context: @ Word window Structure

from-| 9

hemmes

des
vieillards
les
jeunes
et
Hommes
Les

Des

ces
juives
malades
méres
elles
étaient
leurs
baraquement

t pivot 472, v cooc 124, t cooc 2750, T corpus 944889

16607
16
1870
505
1467
83
164
35
340
1606
921
28

+ | and from | 0

8
8
7
7
6

- Use the left context [ Use the ric

+|to| 9 =

Query | # | [

1945a_Mez rtés dont 300
1945a_Mé jus, hommes,
1945a_M:z 'hommes, de
1945b_Ko ux; hommes,
1945b_Ko 25, toutes ces
1945b_Ko 'hommes, de
1945b Ko le viol de nos
1945b_Ko hommes, des
1945c_Op rmettent aux
1945c_Op flaneurs, des
1945d_Un sle. Hommes,
1945d_Un hommes, ces
1945d_Un ur relever les
1945d_Un :nt. Hommes,
1945d_Un ces hommes,
1945d_Un les voler. Des
1945d_Un als -je voir les
1945e_Ho férieure. Des
1945e_Ho ; ainsi que les
1945e_Ho de toutes les
1946a_Alt 3e ! Hommes,
1946a_Alt ire. Hommes,
1946a_Alt itre hommes,
1946a_Alti-t-il avec nos
1946a_Alt 3it encouragé
1946a_Altsle. Hommes,
1946a_Alt uit. Hommes,

) | {@[word="enfants"

SHOAH160510/<("femmes"%c []* @[word="en... % |

[]* "femmes"%c) within 10
Pivot

[enfants]. Il y avait parmi nous plus de femmes
femmes et [enfants]
femmes, d’[enfants]
femmes, [enfants]
femmes, tous ces vieillards, tous ces [enfants]
femmes et d'[enfants]
femmes et [enfants]
femmes et des [enfants]
femmes, [enfants]
femmes jeunes et bien mises, des [enfants]
femmes, [enfants]
femmes et ces [enfants]
femmes a qui on arrachait les [enfants]
femmes, [enfants]
Femmes, [enfants]
Femmes, des hommes et des [enfants]
Femmies et les [enfants]
fFemmes, des [enfants]

femmes, [enfants]
femmes et [enfants]
femmes et [enfants]
Femmes et nos [enfants]
femmes et [enfants]
femmes, [enfants]
femmes et [enfants]

|1 -100/108 » ]

Plural = women — categories (men, children, elderly people) @

quet
jouel
, givr
yéta
,cha
ACCL
¢ poL
.D'ue
(viel
joual
et vit
char:
duse
ek vit
et vit
onkt€
des ¢
, des

femmes agées et toutes les personnes portant des [enfar dans
femmes maigres, de celles qui avaient des [enfants] etde

L viei
,tou
. Tou
sino
aacc
, biet
quia

41



Combined use of CA and S to disambiguate visual proximity

Table display (F, f, t)
Words in context
Part -~ Words
Word - Parts

Part set -~ Words
Word - Words

Thematic word groups

Word - Part sequ.
Word - // Words
Dispersion
Selection of T
Building parts t
Type & tokens F
Collocation param.
CA & S+

Axe 2(14,11%])

0,45
0,40
0,35
0,30
0,25
0,20
0,15
0,10
0,05
0,00

-0,05
-0,10
-0,15
-0,20
-0,25
-0,30
-0,35
-0,40

First step: a Text-only plot

200943
2008
2008009k
2008d
20084
2008¢
19564
i 1945k
Distant 2010a 19784
0
19984 1945e
20024
19954
19463
19453
19903
1945¢
-0,4 -0,3 -0,2 -0,1 0,0 0,1 0.z 0,3 0,4 05

Axe 1 (20,36%)

Close to events

0,6

0,7

0,8

9

1945d

0,9
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Combined use of CA and S to disambiguate visual proximity

Table display (F, f, t)
Words in context
Part -~ Words
Word - Parts

Part set -~ Words
Word - Words

Thematic word groups

Word - Part sequ.
Word - // Words
Dispersion
Selection of T
Building parts t
Type & tokens F
Collocation param.
CA & S+

Axe 2 (14,11%])

0,75
0,70
0,65
0,60
0,55
0,50
0,45
0,40
0,35
0,30
0,25
0,20
0,15
0,10
0,05

0,00
-0,05
-0,10
-0,15
-0,20
-0,25
-0,30
-0,35
-0,40
-0,45
-0,50
-0,55
-0,60
-0,65
-0,70

Axe 1 (20,36%)

grand-mere £ @
e cadavres @
gk pa%ine ashtl ) e"
rnar]uilllet o
vidg'sh e 20098 e douleur i Ste #2.
irnrnftuble déporteReur casB. e harmme(s) p - .
WE ol ' Same analysis
=+ with both
s@gﬁ?l’m maisen Yo feu . uggence
l'g guerre o | e lhgets i teXtS and WOde
pf::;;wlltesrj] ans 2008¢ wle ca!'r.p
- 139553 forces  terre nuc;'lef plotted
430 neMm  ag1gs 19783 o appel .
L 1945& catés  B/bloc(k) )
. i — i gardelsi/gardiens Questlon: DoeS
1946 word-text proximity
fois
jeunes chose(s) caRfiPade(s) re.fle.CtS
e 135 o word-text association?
i@%'alaentis] dé IE soupe
i i Not necessarily true:
ﬂ%ﬁé%@:s) f’nlnufze.s gﬁ e _— couvertures CA Summarizes
ghetto apres-midi FoRN AR g h II f 3
habitude chemise the overall configuration
e o vasts _ rather than
. detailed relationships
-0,7 -0,6 -0,5 -0,4 -0,3 -0,2 -0,1 0,0 0,1 0,2 0,3 0,4 0,5 0,6 0,7 0,8 0,9 1,0
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Combined usge

Table display (F, f, t)
Words in context
Part -~ Words
Word - Parts

Part set -~ Words
Word - Words

Thematic word groups

Word - Part sequ.
Word - // Words
Dispersion
Selection of T
Building parts t
Type & tokens F
Collocation param.
CA & S+

2 (14, 11%)

0,70
0,65
0,60
0,55
0,50
0,45
0,40
0,35
0,30
0,25
0,20
0,15
0,10
0,05
0,00

1945a
1945b )
1945c

(1945d )

LL h‘ L.

(1945e )

(1946a )

LI
; : nazis
mere apiers
| P %m{antlsi
marfuillet
viddish fillels)
€ 200895
immeuble déporteReUr
b i t5iBhge
= 1
e 20055533%
tante femmes
s@gﬂ?im maisen
farnille(s) * e vie
amille(s) ans
parents 1ggggac d
epoque |
ancls nom  3p10s- 19784
159452
b —
El

p T [l —

19;86
1986a
1990a
1995a

2008d

J‘ —p =m l"tl -1....“—.“-.—. J—. .r;lltmxn

(1998a

morts

camp

veux

forces

~ [1945b

2002a

2008a

hamme(s)

cadavres
mort
sang
douleur
cris
portes
1945d
silence 4
feu (ns
| . detenus
cHfigLte
terre chef
nus
appel

cotés  Bfblocik)

gardelsi/gardiens

Banalité : 2.0

Note: These Specificities
are computed on the
same data table as the
one used for the CA.

2008b
2008c
2008d
2008e
2009a
2009b
2010a

of CA and S to disambiguate visual proximity

grand-mere

.

Here we
observe that
words that are
spatially closest
to the 2008d

text do not carry

any statistical
association with
it (they are
associated with
other texts all
around)

§ camp

i femmes

i forces
vie

Eyeux
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Combined use of CA and S to disambiguate visual proximity

Table display (F, f, t)
Words in context
Part -~ Words
Word - Parts

Part set -~ Words
Word - Words

Thematic word groups

Word - Part sequ.
Word - // Words
Dispersion
Selection of T
Building parts t
Type & tokens F
Collocation param.
CA & S+

Axe 2 (14,11%])

0,75
0,70
0,65
0,60
0,55
0,50
0,45
0,40
0,35
0,30
0,25
0,20
0,15
0,10
0,05

0,00
-0,05
-0,10
-0,15
-0,20
-0,25
-0,30
-0,35
-0,40
-0,45
-0,50
-0,55
-0,60
-0,65
-0,70

Axe 1 (20,36%)

armie
o zone
grand-mere @0
cadavres m
. gaz A
A nazis
mers papiers P
d enfantis)
marluilet - The Specificity
daish el - marts 1 - s measure
N09a 4 - X . .
imrmeuble ‘idépoﬁtég\/‘?”r caIEBE. T ‘ﬁol'ﬂmelﬁl Indlcates
école = & R .
L ookEE which words
4
|-t -
tante femmes et Poes 1945d are eSpeC|a”y
frers maison — = _ silence ¥ : H
Ty © (20084 _ Frmns associated with
F 2008 e ihecte N
familleis) ans > & 2008¢ wie camp CJ’IEEE = 2008d
Rererts 19568 ' F t hef
4 orces erre che
Zpoqis : (we see they
oncle nom ! 19_'35"3 appel !
' 20108 19-'.?86 19458 cotes  B/bloc(k) ma'y nOt be
]ﬂf:‘ﬂazaa : gardelg)/gardiens Spat’a”y Close
to the text
19464 .-
il | posmon)
jeunes chose(s) caffilPade(s) Frequ 108d t=1497 de
journée 13458 ' 1 L S -
— e CEEENED m|
¥ défgggc prlsunnlers 200
s | B déportés | 21| -EI
i o, G couvertures
h Eé%ﬁ%g:ir:es midi FQEHREHWS el Bagps e
habitude chemise hﬂmmelsj 1519 |
surprise al | fréres 128
gagele’  wille s retour 269 14 32
chamiseésion
-0,7 -0,6 -0,5 -0,4 -0,3 -0,2 -0,1 0,0 0,1 0,2 0,3 0,4 0,5 0,6 0,7 0,8 0,9 1,0 45



Textual Data Analysis

* Corpus Linguistics, Text Mining,
Distant Reading, Textometry...

- Textual data

- Similar measures: Chi-squared, FYE test, z-score,
Mutual Information...

- Different approaches?
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Textual Data Analysis: Which Aim?

 Automatic analysis * Interpretative and interactive
exploration

* Go back to text,
read, read again

e Textual Information
extraction out of the

text
o _ * Characterization,
* Generalization (i.e. differentiation, what is special
language description) or unique in this corpus

* Processing = calibrated <« Processing = tool in user’s

and optimized engine hands
47



Textual Data Analysis: Which Corpora?

* Text as resource * Texts as sources
(cf. Valette 2016)

e Data  Work, creation

* Representativeness * Entity (itself)
(of something else)
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Textual Data Analysis: Which Evaluation?

* Right / Wrong, unigue * Multiple interpretations,
answer, Gold standard contextualization
-~ benchmark

* Objective processing * Subjective analysis

* Final aggregated score ¢ Multiple dimensions,
(clear order, hierarchy) qualitative considerations

 Measure = final and * Measure = a step among
stand-alone result others in a pathway

49



Evaluation and scientific value in Textometry

* Form criteria: transparency, reproducibility of results. Precise
description of the process, explanation of choices...

* Substance criteria: rigor, consistency, quality and depth of

reasoning... /elongated/
* Importance given to convergent observations, fclosel
multiple clues that go in the same direction

— not a proof but a substantiated conjecture et (10

* Intention (understanding of principles) rather than
extension (validation on enumeration of cases

— because no definite set of right answers) -



Summary

1. The textometric Specificity measure is a Fisher-Yates exact test

2. It implements a transparent modeling
(portion in all possible random word allocations)
— asset for hermeneutic concerns: users can fully understand what scores mean

3. In the textometric approach, the specificity measure is involved in
Interactive analytical paths combining various pieces of information
— a kind of “dynamic” tupleization

4. Textual Data Analysis actually embraces a diverse range of practices
with sometimes divergent expectations and objectives, concerning for
Instance the place given to text, the extent of automation, and the nature
of evaluation; this substantiates a variety of orientations and choices.
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Appendix: Formulae

1. Probability for one frequency f. 4
Part Rest Total where |m
F\[T=F\ o piromal cosfficiont
Word f (F-f) F f t—f IS the binomial coefficient:
Rest (&) (T-F)  (T-F) p(k:f): — T n\_ n!
= m| m!(n—m)'
Total t (T-1) T t
2. Cumulated probabilities: 3. Conversion to
min(F,T) Specificity score:
: =X
f>F? P S+=|log10(p(k2f))|
L
fSF? P<k3f)zz D; S-=—|log10(p(ksf))|
i=0
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