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The Situation: Diachronic Text Corpora

heterogeneous text collections, especially with respectidte of origin
other partitionings potentially relevant too, e.g. by autbr, text class, etc.

Increasing number available for linguistic & humanitiesearch, e.g.

Deutsches Textarchiv (DTA) (Geyken et al. 2011)
Referenzkorpus Altdeutsch (DDD) (Richling 2011)
Corpus of Historical American English (COHA) (Davies 2012)
.. but even putatively \synchronic" corpora have a tempbextension, e.g.
DWDS/ZEIT (\Kohl") (1946{2015)
DDR Presseportal (\Ausreise") (1945{1993)
DWDS/Blogs (\Browser") (1994{2014)

should expose temporal e ects of e.gemantic shift, discourse trends

problematic for conventional natural language procesdingls
implicit assumptions ohomogeneity
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http://www.deutschestextarchiv.de
http://www.deutschdiachrondigital.de
http://corpus.byu.edu/coha
http://zwei.dwds.de/r?q=Kohl&corpus=zeit&sort=date_asc
http://zefys.staatsbibliothek-berlin.de/ddr-presse/
http://zwei.dwds.de/r?q=Browser&corpus=blogs&sort=date_asc

The Situation: Collocation Pro ling

\You shall know a word by the company it keeps"
| J. R. Firth

Basic ldea (Church & Hanks 1990; Manning & Schstze 1999:; Evert 2005)
lookup all candidate collocatesw,) occurring with the target term (1)
rank candidates by association score

\chance" co-occurrences with high-frequency items must béered out !
statistical methods requirelarge data sample

What for?
computational lexicography(Kilgarri & Tugwell 2002; Didakowski & Geyken 2013)
neologism detection (Kilgarri et al. 2015)
distributional semantics (Schatze 1992; Sahlgren 2006)

\text mining" / \distant reading" (Heyer et al. 2006; Moretti 2013)
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Diachronic Collocation Pro ling

The Problem: (temporal) heterogeneity
conventional collocation extractors assumeorpus homogeneity

co-occurrence frequencies are computed only feord-pairs (wi;ws)

in uence of occurrence date (and other document properties) is irrevocably lost

A Solution (sketch)

represent terms asi-tuples of independent attributes,ncluding occurrence date
alternative: \document" level co-occurrences over spardeDF matrix

partition corpus on-the-y into user-speci ed intervals (\date slices", \epochs")
collect independent slice-wise pro les into nal result de

Advantages Drawbacks
full support for diachronic axis sparse data requires larger corpora
variable query-level granularity computationally expensive
exible attribute selection large index size

multiple association scores no syntactic relations (yet)
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DiaCollo: Overview

General Background
developed to aid CLARIN historians in analyzing discoug@d trends

successfully applied to mid-sized and large corpora, kholg:

J. G. Dingler's Polytechnisches Journal (1820{1931, 19K documents, 35M tokens)
Deutsches Textarchiv (1600{1900, 2.6K documents, 173M tokens)
DDR-Presseportal (1946{1993, 3M documents, 942M tokens)
DWDS Zeitungen (1946{2015, 10M documents, 4.3G tokens)

Implementation
Perl API, command-line, & RESTful DDC/D*web-service plugin + GUI
fast native indices oven-tuple inventories, equivalence classes, etc.

scalable even in a high-load environment
No persistent server process is required
native index access via direct le I/O ormmap()system call

various output & visualization formats, e.g. TSV, JSON , HTIMd3-cloud
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http://json.org/
http://www.w3.org/html/
http://github.com/jasondavies/d3-cloud

DiaCollo: Requests & Parameters

request-oriented RESTful service (Fielding 2000)
accepts user requests as set phrameter=value pairs

parameter passing via URL query string or HTTP POST request

common parameters:

Parameter | Description

query target lemma(ta), regular expression, or DDC query
date target date(s), interval, or regular expression

slice aggregation granularity or \Q" (zero) for a global pro le
groupby aggregation attributes with optional restrictions

score score function for collocate ranking

kbest maximum number of items to return per date-slice

diff score aggregation function for di pro les

global request global pro le pruning (vs. default slice-local pruning)

profile pro le type to be computed ( f native,tdf,ddcg f unary,di Q)
format output format or visualization mode
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DiaCollo: Proles, Dis & Indices

Proles & Dis
simple requestt unary pro le for target term(s) (profile , query)
ltered & projected to selected attribute(s) (groupby)
trimmed to k-best collocates for target word(s) (score, kbest, global )
aggregated into independent slice-wise sub-intervals (date, slice )

di request ! comparison of two independent targets  (profile , bquery, ...)

highlights di erences or similarities of target queries (diff )
can be used to compare di erent words (query 6 bquery)
... or di erent corpus subsets w.r.t. a given word (e.g. date 6 bdate)

Indices & Attributes
compile-time ltering of native indices: frequency thresholds, PoS-tags

default index attributes: Lemma (I), Pos (p)

ner-grained queries possible with TDF or DDC back-ends

batteries not included : corpus preprocessing, analysis, & full-text search index
see e.g. Jurish (2003); Geyken & Hanneforth (2006); Jurish ¢ al. (2014), ...
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Corpus Indexing

Input Corpus

abstract input clasdiaColloDB::Document
currently supported sub-classes: DDCTabs, JSON, TCF, TEI

Input corpus must beore-tokenized and pre-annotated
user-de ned token-attribute selection

D* project uses attributesLemmand PoS(\part-of-speech")

may include user-de nedbreak markers
e.g. clause-, sentence-, page-, and/or paragraph-bounczs

Content Filtering

not all corpus types are \interesting"
e.g. closed classediapax legomenaetc.

Regular expression & frequency lters used to pre-prunepcsy; e.g.
-O wbadREGEX : surface form blacklist regex

-O pgood-REGEX : PoS whitelist regex
-tfmin= FREQ : minimum global term-tuple frequency
-Ifmin= FREQ : minimum global lemma frequency
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Native Co-occurrence Relation

(\collocations" pro le type)

\co-occurrence" moving window oved.x content tokens
window never crosses selected break boundaries
for corpusC = s; :::s,. of break-units (\sentences"y; = X1 :: ! Xin ¢,

Pro Pn. Pa
fla(w;v) = 1S [ gy, 1[d60& X = W& Xij+a) = V]

Independent \frequenciesf;(w), N computed as marginals:

fl(W) = v 2X le(W;V)

N = o Ta(w)

date component distinguishes index tupleg 2 X (A"~  Date)
2-level index maps \lexical" tuples (-date) to date-depemd frequencies
[|12 - AN | (Date ! N)]

attribute- and epoch-wise aggregation performed-the-y at runtime

2-pass lookup strategy required for accurate collocat@frencied »
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TDF Co-occurrence Relation

(\term document matrix" pro le type)

\co-occurrence" anywhere within the selected break unit (\document")

for corpusC = d; :::dn, of \documents"d; = ti1:::tin, with tdf(t;d)
the frequency of ternt 2 A"+ in documentd:
fio(w;v) = M5 minftdf(w;dp); tdf(v;di)g

occurrence date, bibliographic metadata storeddgmscument properties
Index usesnmap()on sparse matrix PDL via PDL::CCS::Nd
optimized lookup using Harwell-Boeing o set vectors

coarse index granularity (no proximity constraints)

supports Boolean query expressions and document metadéikdnates
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DDC Co-occurrence Relation

(\ddc" pro le type)
\co-occurrence" as returned by eDDC queryQ for slice intervall and
grouping attributesG:
4

f1,(W:V) = COUNTY #SEP #BY[date/l , G=2)])
f1(W) = COUNT(KEYS( #BY[date/ | , G=1]) #SEP) #BY[date/ |, G=1]

fo(V) = COUNT(KEYQ( #BY[date/ | , G=2]) #SEP) #BY[date/ | , G=2]
(G V

guery subscripts (\match-1Ds") identify collocant=1) and collocates £2)

supports full range of the DDC query language, including:
user-speci ed break collections (e.g. sentence, le, pargraph)

break- and token-level Boolean query expressions
phrase- and proximity-queries

bibliographic metadata lIters

server-side term expansion pipelines

requires a running DDC server for the appropriate corpus
most exible back-end yet implemented

comparatively slow (computationally expensive, resoticagry)

2016-06-28 / Jurish / DiaCollo
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Scoring Functions: Common De nitions

Variable | Description

target tuple (\collocant") matching the user query request
collocate tuple matching the user groupby request

total number of co-occurrences in the pro le relation

frequency of the collocation pair: f12 (W1; w2)

total frequency of the query term in the selected pro le type: f1(w1)
total frequency of the collocate term the selected pro le ty pe: fa(w>)
smoothing constant, by default %

slice-local pro lesps.y [ps;y Gl R:wy 7! scor%(wl;wz)‘
trimmed by default tok-best (kbest) collocates for independently by slice

~

[ps;y = Psy arg max\(,\ﬁ) Ps;y (WZ))

\global" multi-pro les use a shared restriction set for adlices:
I.J
Ps; (W2) = oy Psy(W2)

Psy = Psy arg max\(,\t(z) Ps; (W2)
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Scoring Functions: f (raw frequency)

Variable | Description

target tuple (\collocant") matching the user query request
collocate tuple matching the user groupby request

total number of co-occurrences in the pro le relation

frequency of the collocation pair: f12 (W1; w2)

total frequency of the query term in the selected pro le type: f1(w1)
total frequency of the collocate term the selected pro le ty pe: fa(w>)
smoothing constant, by default %

[score (Wi;wp) = 1E12] i

Immediately interpretable, but not very robust

Zipf distribution leads to \lopsided" visualizations

values may not comparable across slices (e.g. for non-l&drtorpora)
many false positives with high-frequency collocates

not generally a good measure of collocate a nity

2016-06-28 / Jurish / DiaCollo
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Scoring Functions: If (log frequency)

Variable |

Description

target tuple (\collocant") matching the user query request

collocate tuple matching the user groupby request

total number of co-occurrences in the pro le relation

frequency of the collocation pair: f12 (W1; w2)

total frequency of the query term in the selected pro le type: f1(w1)
total frequency of the collocate term the selected pro le ty pe: fa(w>)
smoothing constant, by default %

scorer (wa; W) = log o(f12 + )

better visual scaling than raw frequency
otherwise shares raw frequency's shortcomings

2016-06-28 / Jurish / DiaCollo
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Scoring Functions: mi (pointwise Ml log-frequency)

Variable | Description

target tuple (\collocant") matching the user query request
collocate tuple matching the user groupby request

total number of co-occurrences in the pro le relation

frequency of the collocation pair: f12 (W1; w2)
total frequency of the query term in the selected pro le type: f1(w1)
total frequency of the collocate term the selected pro le ty pe: fa(w>)

smoothing constant, by default %

used by rst version of Sketch Engine (Kilgarri et al. 2004)
PMI gives code-length change for (optimal) joint vs. indewkent encodings

PMI alone is very sensitive to low-frequency items (onger codes)
post-hocworkaround: include log-frequency coe cient

f " " 1]
SCOrgn (W1;Wo) = log , (Farmd—ramy  10gy(f1o + ")

some preference for low-frequency collocates remains

2016-06-28 / Jurish / DiaCollo
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Scoring Functions: Il (log-likelihood)

Variable | Description

target tuple (\collocant") matching the user query request
collocate tuple matching the user groupby request

total number of co-occurrences in the pro le relation

frequency of the collocation pair: f12 (W1; w2)

total frequency of the query term in the selected pro le type: f1(w1)
total frequency of the collocate term the selected pro le ty pe: fa(w>)
smoothing constant, by default %

[scoren (Wq;wW2) =sgn(fqiojfq;f2) log(l +log )] .I

1-sided variant of the binomial log likelihood rati@unning 1993; Evert 2008)
only \attracting" collocate pairs are assigned positivelwas

null hypothesis Iters out \uninteresting" high-frequenccollocates
very sensitive to xed & formulaic expressions poor visual scaling
workaround: report & scale usinipg(l +log ) rather than \pure" log
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Scoring Functions: Id (log-Dice coe cient)

Variable | Description

target tuple (\collocant") matching the user query request
collocate tuple matching the user groupby request

total number of co-occurrences in the pro le relation

frequency of the collocation pair: f12 (W1; w2)

total frequency of the query term in the selected pro le type: f1(w1)
total frequency of the collocate term the selected pro le ty pe: fa(w>)
smoothing constant, by default %

scorey (wi; wa) = 14 +10g ; 2 A

\lexicographer-friendly" association score (Rychiy 2008)
less susceptible to low-frequency outliers than PMIllog-frequency product
good ltering of \uninteresting" high-frequency collocas

\intuitive" visual scaling (consistent with human perceayl givens)

default score used by DiaCollo
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DI Operations: Common De nitions

Variable | Description
1st pro le query ( query, date, slice )
2nd pro le query ( bquery, bdate, bslice )

1st pro le function prole( gz): G! R :wy 7! scores(Wia;W2)
2nd pro le function prole( qy): G! R : w2 7! score,(Wip;W2)
1st score value operand given collocatev,: s; = pa(wp)
2nd score value operand given collocatev,: s, = pp(w2)

comparison scoredi 4 computed for independent slice pro lgs,, py:
di a(Paip): Gl Riwy 7! pa(Wo) a Po(Wo) |

various di operationsd act on only selected domain subsets:

pre-trimmed operations ’dom(pa)[ dom(pb)‘
restricted operations ’dom(pa)\ dom(pb)‘
untrimmed operations ’dom(pa)[ dom(pb)‘

k-best collocates are selected by maximum di score:
Pa ,b:G! R:iwy 7! di d(pa;pb)]
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Di Operations: di (raw di erence)

Variable | Description
1st pro le query ( query, date, slice )
2nd pro le query ( bquery, bdate, bslice )

1st pro le function prole( gz): G! R :wy 7! scores(Wia;wW2)
2nd pro le function prole( q,): G! R : w2 7! score,(Wip;W2)
1st score value operand given collocatev,: s; = pa(wp)
2nd score value operand given collocatev,: s, = pp(w2)

Sa di Sb = Sa Sp

pre-trimmed
asymmetric
selects collocates strongly associated only with

2016-06-28 / Jurish / DiaCollo
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Di Operations: adi (absolute di erence)

Variable ‘ Description
1st pro le query ( query, date, slice )
2nd pro le query ( bquery, bdate, bslice )

1st prole function prole( gz): G! R :wy 7! scores(Wia;W2)
2nd pro le function prole( gy): G! R :wy 7! score,(Wip;W2)
1st score value operand given collocatevy: s; = pa(w?)
2nd score value operand given collocatev,: sy = pp(W2)

ST J

pre-trimmed

symmetric

selects based o5, Spj, but reports raw di erences, Sy

returns most extreme di erences among strong collocatesipfand g,
sign of returned score indicates association preferencefdq+) or ¢ ( )
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Di Operations: max (maximum)

Variable | Description
1st pro le query ( query, date, slice )
2nd pro le query ( bquery, bdate, bslice )

1st pro le function prole( gz): G! R :wy 7! scores(Wia;wW2)
2nd pro le function prole( q,): G! R : w2 7! score,(Wip;W2)
1st score value operand given collocatev,: s; = pa(wp)
2nd score value operand given collocatev,: s, = pp(w2)

Sa  max Sb := Maxfs,;spg .I

pre-trimmed

symmetric

selects only stronger of the operand association scores

potentially useful for discovering collocates deservingher investigation

2016-06-28 / Jurish / DiaCollo
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Di Operations: min (minimum)

Variable ‘ Description
1st pro le query ( query, date, slice )
2nd pro le query ( bquery, bdate, bslice )

1st prole function prole( gz): G! R :wy 7! scores(Wia;W2)
2nd pro le function prole( gy): G! R :wy 7! score,(Wip;W2)
1st score value operand given collocatevy: s; = pa(w?)
2nd score value operand given collocatev,: sy = pp(W2)

Sa  min Sb :=min fsy;spg .

restricted

symmetric
selects only weaker of the operand association scores

high scores indicate similar strong association prefeesnc
very sensitive to sparse data problems (missing datazeroes)

2016-06-28 / Jurish / DiaCollo
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Di Operations: avg (arithmetic average)

Variable | Description
1st pro le query ( query, date, slice )
2nd pro le query ( bquery, bdate, bslice )

1st pro le function prole( gz): G! R :wy 7! scores(Wia;W2)
2nd pro le function prole( gy): G! R :wy 7! score,(Wip;W2)
1st score value operand given collocatev,: s; = pa(w?)
2nd score value operand given collocatev,: sy = pp(W2)

. — +
restricted
symmetric

selects strong associations for eithgr or q,, preferring shared associations

not very sensitive to non-uniform operand values
high scores do not necessarily indicate similar collocate@havior
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Di Operations: havg (harmonic average)

Description

Variable ‘

. 2
Sa  havg Sb - %
restricted
symmetric

1st pro le query ( query, date, slice )

2nd pro le query ( bquery, bdate, bslice )
1st pro le function prole( gz): G|
2nd pro le function prole( q,): G!
1st score value operand given collocatev,: s; = pa(wp)
2nd score value operand given collocatev,: s, = pp(w2)

R :wy 7! score;(Wia;W2)
R :wy 7! score,(Wip;W2)

selects uniformly strong associations for baih and g,
to avoid singularities, actually computed as,

/

.

\
0 fsas Oors, O
havg(sa;sp) = o _
5 o otherwise
Sa  havg Sb = avg(havg( sa;Sp);avg(Sa;Sh))

~

2016-06-28 / Jurish / DiaCollo
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Example 1: Newsworthy Crises
"Krise' in DIE ZEIT (west) and Neues Deutschland (east)

http://kaskade.dwds.de/dstar/zeit/diacollo/?g=Krise &d=1950:2015&gb=I,p%3DNE

1950{1959

Berlin blockade aftermath
1960{1969

anti-government protests & strikes in France
1970{1979

Nixon & Brandt resignations; Iranian revolution
1980{1989

Solidarna in Poland; Soviet war in Afghanistan; Schmidt coalition collapses
1990{1999

wars in ex-Yugoslavia, Kosovo & Chechnya; nancial crisesm Asia & Mexico
2000{2009

global nancial crisis
2010{2014

civil wars in Syria & the Ukraine; Greek bankruptcy

Compare:
Krise: DDR-PP Neues Deutschland 3-year slices, proper name collocates (NE)

Krise: DDR-PP Neues Deutschland 5-year slices, common noun collocates (NN)
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Example 1: Selected Lemma-Clouds

1980{1989:

2010{2014:

2016-06-28 / Jurish / DiaCollo
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Griechenlancb kraine
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Example 2: Lexicography

“autofrel' (automobile-free)

http://kaskade.dwds.de/dstar/zeitungen/diacollo/?g= autofrei&ds=5&f=bub

Lexicography & Collocations
collocation preferences correlate strongly with word mieass

new senses (neosemantemes'’) new collocates
Maus (\mouse"): rodent vs. input device

Ampel (\tra c light"): tra c signal vs. political coalition

The case of autofrei (\automobile-free")
Duden: keinen Autoverkehr aufweisenlacking automobile tra c")

DWDS corpora revealwo sub-senses
1970{1989: ... by ordinance ( Sonntag, Innenstad)

1990{present : ...voluntary ( Wohnanlage, Siedlung

2016-06-28 / Jurish / DiaCollo
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Example 2: Selected Bubble-Charts

1985{1989

1990{1994

2016-06-28 / Jurish / DiaCollo
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Example 3: Gender & Cultural Bias

"Mann' vs. Frau' in the Deutsches Textarchiv (1600{1900)

http://kaskade.dwds.de/dstar/dta/diacollo/?qg=Mann&b g=Frau&d=1600:1899&ds=25&gb=I,p%3DADJA&f=cld&p=d2

Disclaimer
historical corpus data can reveal persistent cultural bies

linked collocation data does not re ect the opinions of the athor or the BBAW!

Observations
biological fact: schwangere Frau (only appears 1675{1724)
xed & formulaic expressions very prominent
gradige Frau (masculine variant: gradiger Herr)
Frau X geborene Y (birth- vs. married surname)
der gemeine Mann (masculine generic)

pretty much exclusively cultural bias:
Mann bershmt, ehrlich, gelehrt, tapfer, weise, ...
Frau  betnabt, lieb, schen, tugendreich, verwitwet, ...

di erences grow less pronounced in late 8& 19" centuries
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Example 3: Selected Lemma-Clouds

1725{1749:

1825{1849:

2016-06-28 / Jurish / DiaCollo
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Example 4. What Makes a Man'?

[ADJA] Mann' in the Deutsches Textarchiv (1600{2000)

http://kaskade.dwds.de/dstar/dta/diacollo/?profile= diff-ddc&k=25&f=cloud ...
query : "*=2 Mann" #has[textClass, Wissenschaft *]
query : =2 Mann" #has[textClass, Belletristik  *]
groupby : I,p=ADJA

Remarks
“di ' pro le provides direct comparison of genresscience vs. belles lettres
uses DDC back-end for ne-grained data acquisition

Di erences ( diff=adiff )
Science  bemhmt, scharfsinnig, tachtig (\famous, astute, capable")
Belles Lettres  brav, grau, rechtscha en(\well-behaved, gray, righteous")

Similarities ( diff=min )
gro, gelehrt, gemein, jung, alt (\great, learned, common, young, old")
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Example 4: Selected Lemma-Clouds

1700{1799
(diff=adiff

1800{1899
(diff=adiff

2016-06-28 / Jurish / DiaCollo
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Example 5. Genealogy of Terminology
Habermas vs. Cassirer in the DWDS Kernkorpus

http://kaskade.dwds.de/dstar/kern/diacollo/?ds=0&bd s=0&k=20&p=diff-tdf&f=cld&diff=adiff

query : * #has[author,/ Habermag
query : * #has[author,/ Cassirer /]
groupby : I,p=NN

Remarks
uses TDF (term document) matrix back-end for bibliographic meta-data quees

setsslice=0 parameter to acquire date-independent pro les
groupby clause selects only common noun lemmata (STTS tadN
modest sample size (Habermas: 516k tokens, Cassirer: 130kens)
Habermas himself openly acknowledges Cassirer's in uence

Di erences ( diff=adiff )
Habermas  Handeln, Gesellschaft® entlichkeit, Meinung, Norm, ...
Cassirer  Anschauung, Bestimmung, Bezeichnung, Erkenntnis, Sein,..

Similarities ( diff=havg , diff=min )
Analyse, Ausdruck, Begri, Beziehung, Funktion, Sinn, Sprche, . ..
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Example 5: Lemma-Clouds

di erences
(diff=adiff

similarities
(diff=havg )

2016-06-28 / Jurish / DiaCollo
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Example 6: Pronominal Adverbs by Genre
[PAV]" in aggregated DTA+DWDS (1600{2000)

http://kaskade.dwds.de/dstar/dta+dwds/diacollo/?p=d iff-ddc&k=50&f=cld&G=1 ...
query : $p=PAV=2 #has[textClass, Wissenschaft *)
query : $p=PAV=2 #has[textClass, Belletristik  *]

Remarks
“di ' pro le provides direct comparison of genresscience vs. belles lettres

uses DDC back-end for querying functional category

Observations
divergent: di erences grow more pronounced over time

Science
hier- anaphorics hierbei, hieraus, hierzu\hereby, out of which, to which")
causal/logical demnach, infolgedessen, dahdktherefore")

Belles Lettres
xed expressiondrunter [und] dnaber (\higgledy-piggeldy, at sixes and sevens")
spatial & temporal dahinter, worauf (\behind which, upon which")
concessive & adversative dawider, trotzdem (\against which, despite which")
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Example 6: Selected Lemma-Clouds

1650{1699:

1950{19909:

2016-06-28 / Jurish / DiaCollo
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Example 7: 400 Years of Potables

[GETRANK] trinken' in aggregated DTA+DWDS (1600{2000)

http://kaskade.dwds.de/dstar/dta+dwds/diacollo/?d=1 600%3A1999&ds=50&k=20&p=ddc&f=cld&g=1&G=1
query: "( Getrank|gn-sub WITH $p=NN)=2 {rinken WITH $p=/VV[IP]/)" #FMIN 1

Remarks
uses DDC back-end for ne-grained data acquisition

uses GermaNet thesaurus-based lexical expansionGatiank (\beverage")
considers only those target terms immediately precedingriseirinken (\to drink")
\global" pro le uses shared target-set to avoid visual cluer

Observations
near-constants:Bier, Milch, Wasser, Wein(\beer, milk, water, wine")

1650{1750: Tee, Ka ee, Schokolade(\tea, co ee, chocolate") appear
1800{1900: SchnapsdisplacesBranntwein, Champagnerappears

1850{1900: Alkohol (\alcohol") as category of beverages

1900{2000: Kognak, Saft, Sekt, Whisky (\cognac, juice, sparkling wine, whisky")

2016-06-28 / Jurish / DiaCollo
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Example 7:

Time Series (k = 10)
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Summary & Conclusion

Diachronic Collocation Pro ling

diachronic text corpora semantic shift, discourse trends

conventional tools iImplicit assumptions of homogeneity

diachronic pro ling date-dependent lexemes
DiaCollo

on-the- y corpus partitioning arbitrary query granularity

DDC/D* integration ne-grained queries, corpus KWIC links

RESTful web service external API, online visualization
Applications

exploration & discovery large source collections

analysis & investigation data acquisition for hypothesis testing

evaluation & assessment historical semantics, history of concepts, &c.
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| The End |

schon
danken

Thank you for listening!

http://kaskade.dwds.de/diacollo
http://metacpan.org/release/DiaColloDB
http://clarin-d.de/de/kollokationsanalyse-in-diachr oner-perspektive




