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1 Dataset Description

The dataset includes 1,280,918 speech fragments of Greek parliament members in debate order ex-
ported from 5,355 parliamentary sitting record files, with a total volume of 2.12 GB. The speeches
extend chronologically from July 1989 up to July 2020. Table [l shows the contents of the dataset.

member_name The name of the person speaking. The names of the speakers are pro-
vided in the format “last name patronym first name (nickname)”. In
cases with more than one first or last names, the names that belong to
the same category (first or last) are connected with a dash, e.g., “merk-
ouri stamatiou amalia-maria (melina)”.

sitting_date The date the sitting took place in the format DD/MM/YYYY.

parliamentary_period  The name and/or number of the parliamentary period that the speech
took place in, e.g., “period 1”. A parliamentary period is defined as the
time span between one general election and the next. A parliamentary
period includes multiple parliamentary sessions.

parliamentary_session  The name and/or number of the parliamentary session when the speech
took place, e.g., “session 1”. A session is a time span of usually 10
months within a parliamentary period during which the parliament can
convene and function as stipulated by the constitution. A parliamen-
tary session includes multiple parliamentary sittings.

parliamentary_sitting The name and/or number of the parliamentary sitting that the speech
took place in, e.g., “sitting 1”. A sitting is a meeting of parliament

members.
political_party The political party of the speaker, e.g., “new democracy”.
government The government in power when the speech took place as well as

the start and end date of the government, e.g., “tzannetaki tzanni
(02/07/1989-12/10/1989)”

member_region The electoral district the speaker belonged to, e.g., “b piracus” (2nd
Piraeus district)
roles Information about the speaker’s parliamentary and/or government

roles in a list format, accompanied by their start and end dates, e.g.,
[“Deputy Speaker of the Parliament (07/03/1989-21/11/1989)”]

member_gender The gender of the speaker, e.g., “female”

speech The speech delivered during the parliamentary sitting

Table 1: Contents of the Parliament Proceedings Dataset

An additional column “speaker info” is available in the dataset, with information that accompanied
the name of some speakers in the sitting records in brackets, usually including the parliamentary
role of the person speaking or other information about the speaker that the record keeper considered
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important. The data of this column is not a consistent or complete source of information but we
include it in the dataset for reasons of completeness.

2 Resources

* Record files of parliament sittings: https://zenodo.org/record/6644941
DOI: 10.5281/zenodo.6644941

 Dataset & supplementary files: https://zenodo.org/record/7085201
DOI: 10.5281/zenodo.7005201

* Source code: https://github.com/Dritsa-Konstantina/greparl

3 System Requirements

In order to reproduce the results, it is necessary to set up the proper folder hierarchy. First clone the
repository of the source code with the command:

git clone git@github.com:Dritsa-Konstantina/greparl.git

Then, download the supplementary files from Zenodo at https://zenodo.org/record/7005281 and
place them in the folder out_files.

Download the record files from Zenodo at https://zenodo.org/record/6644941 and place the
folders original_data and _data in the same folder level with the src folder. Move the files
tell_all.csv and tell_all_FILLED.csv in the out_files folder.

Create a Python 3 virtual environment and activate it with the following commands:

cd greparl
python3 -m venv .parl_env
./.parl_env/bin/activate

While in the virtual environment, you will need to install the specific Gensiml version needed for
the Compass approach. It is important to install the specified Gensim version inside the virtual envi-
ronment as it might clash with other Gensim installations in the system. Then, install Compass ¥; for
using Compass in a reproducible manner, we adjusted the source code of Compass to receive as input
a seed parameter in its training functions B, Install further dependencies from the requirements. txt
file. The commands are listed below:

pip install wheel

pip install --upgrade setuptools

pip install git+https://github.com/vinid/gensim.git
cd src

git clone git@github.com:Dritsa-Konstantina/cade.git
cd cade

python setup.py install

cd ../..

pip install -r requirements.txt

The final folder hierarchy should look like this:
greparl
_data
original_data
out_files
requirements.txt
src

1https://radimrehurek.com/qensim/
2https://qithub.com/vinid/cade
3https://github.com/Dritsa—Konstantina/cade
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Lcade

In order to run the Jupyter Notebooks, you will need to run the following commands inside the virtual
environment:

python -m ipykernel install --user --name=.parl_env
jupyter notebook

4 Data Collection and Cleaning

We provide further insight on the Greek parliament sitting records as well as an ordered and detailed
list of the scripts used for data collection and cleaning.

4.1 Record Format

In what follows we explain the format of the Greek Parliament sitting records. Each record begins
with some introductory information such as the date, period, session, sitting, an introductory text,
descriptions of procedures. The record then continues with the debate that took place at that sitting.
Typically, each speaker’s full name is written in full capital letters at the beginning of a new line and
is followed by a colon and the corresponding speech. The speech can extend to multiple paragraphs.
For specific roles, such as the speech of the chair of the sitting, the format changes slightly, with
the person’s role preceding their name. In Fig. || you can see a the beginning of a record file for the
sitting of April 17, 2017.

On several occasions, the records are poorly formatted and do not follow the recommended structure
that would help us distinguish speakers and speeches. Sometimes the colon that delimits each speaker
from their speech would be absent, each new speaker speech would not be separated with the previous
speaker speech by a new line, or speaker names would not be written in capital letters. An instance of
a malformed record is depicted in Fig. fl, where all speeches are poorly formatted and not separated
by new lines.

There are several instances with no speaker name but a description, in capital letters, stating that the
speaker is “A parliament member from the x political party” or just “A parliament member” or even
“Many parliament members”, followed by a colon and the speech. In other instances, the beginning
of the line that specifies the speaker consists of the role of the parliament member, for example
“SPEAKER OF THE PARLIAMENT” (meaning the member of parliament presiding), followed,
but not always, by the actual full name of the person in parenthesis. When no name was available
but the political party was mentioned before the colon, we kept their speech. When no political party
could be detected, we kept the speech with a generic reference.

Finally, while many records do not follow correctly the aforementioned format, there are cases where
this format is used for reasons other than indicating a new speech. For instance, capital letters at the
beginning of a line followed by a colon and more text can be references to foreign countries or
organizations.

4.2 Record Collection and Cleaning

1. web_crawler_for_proceeding files.py: Downloads record files from an HTML table
spanning multiple pages available at https://www.hellenicparliament.gr/Praktika/
Synedriaseis-0lomeleias to the original_data folder. It also changes the filenames
to match the template recordDate_id_periodNo_sessionNo_sittingNo.ext. The id is a
unique number we assigned to each file. The script logs the rows in the record files table
with missing record files in rows_with_no_files.txt. It implements the record collection
using Seleniumf and a Chrome driver we include in the src folder. In the same folder we
include an older version of this script, web_crawler_for_proceeding_files_old.py. That
script was used to donwload a big part of the proceeding record files of this dataset but since
2020 it stopped working properly due to security software installed in the Greek Parliament
website that prevents multiple automated requests.

4https://pypi.org/project/selenium/
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NPAKTIKA BOYAHZ

1Z° NEPIOAOX

MPOEAPEYOMENHEZ KOINOBOYAEYTIKHX AHMOKPATIAX
SYNOAOZ B~

ZYNEAPIAZH PA°

Nopackevi 7 Anpiiiov 2017

Adfva, ofuepa otig 7 AmpiAiov 2017, nuépa MNopackevh kKot épa 10.08°, ocuvAABe otnv A{Bouvca Ttwv cuvvebpldoswv TOU
BovAevtnpiov n BouvAfj oe olopéAela yla va ocvvebpidoer vmd tnv mpoebpia tov A” Avtimpoébpov avtig k. NIKHTA
KAKAAMANH.

MPOEAPEYON (NikAtag KakAopdvng): Kuvpieg kat kdpirol cuvvddeAgoi, apxilet n ovvebpiaon.

(ENIKYPQXH MPAKTIKON: X¥uguwva pe tnv amd 6-4-2017 €Eovciobdtnon TOV IOUATOG EMIKLPWONKAV PE €VBVVYN TOU
Mpoebpeiov ta Mpaktikd tng Pr’ ovvebpidoewg tov, tng Mépumtng 6 Ampiiiov 2017, oe 6, Tl agopd tnv yhAglon oto
oUvoAo Tov oxebiov véuov: «KVpwon MpwtokéAAoL E@apuoynig MeTa&D tng KuB€pvnong tng EAANVIKAG Anpokpatiag kat
™¢ KuBépvnong tng PwoikAg Opoomovbiag oXeTikd pe tnv e@apuoyi tng Xvpgwviag Enaveilcboxig uetagd tng PwoikAg
Opoomovdiag kat tng Evpwnaikig Kowvétntag tng 25n¢ Malov 2006%).

Kupieg ka1 kUplol cuvvdbeAgpol, eiloepyduacte otn ovlATNON TWY

EMIKAIPQN EPQTHZEQN

Mpota Ba ocvgntnbei n pe ap1Oud 681/31/3-4-2017 enikaipn epwtnon Tov BouAgvth A’ BeccaAovikng TNG AnpoKpPATUKAG
Juunapdtagng NAX0K — AHMAP k. EvdyyeAov Bevi{éAov mpog Tov Mpwdurovpyd, oxeTikd pe to «bnuooievua mepi
npayuatonoinong eniokeyng otn BevelovéAa, to 2013, tov téTE HievBuvTH ToL ypageiov tov Mpoébpov tTov IYPIZA
Kal vuv Yrmovpyod ¥nelakhg MOALTIKAG».

Itnv enikaipn epwtnon 6o amavticel o Ynoupydg ¥Ynoiakrig MoAltikAg, TnAemikolvwvidv kot Evnuépwong k. NikéAaog
Mommaég .

Adyw touv 61U gival n Qpa tov MpwBumovpyold —oox£TwG To 6Tl Ba anavtAcel o K. MammdGg— ol ava@opEég Kal ot
QKUPWHEVEG EPWTACELG, TOU KAVOV1KAE Ba TponyolvIav, Ba avakolvweolv agol OAOKANPWOOUY T1G TOMOBETAGELG TOUG O
K. BeviléAo¢ kal o k. Nammdg, Gote va pn dioakédyovpe tn porp TWpa. 01 Ypbévol, BéPata, eivat ol ypdévol Twv

KAVOV KOV €pwTAcewv. Ba umdpEel n oxetikf avoxf and Tto Mpoedbpeio kal mpog Tov K. BeviléAo kal mMpog TOV K.
Mo

Opiote, KUple BeviléAo, €xeTe TOV Adyo.

EYAITEAOL BENIZEAOX: Evyapiot®, KoOpie Mpdebpe.

Toppwva e éva evtunwolokd dnuocievpa tov dnpoctoypdgov Idcova Mimivn, To omofo eivatr tekunplwpévo pe
otolxeia, paptuvpieg kat kvpiwg pe guwtoypoapieg, o toétTe 61gvBUVTAG Tov Mpageiov Tov Apxnyold Tng AElWPATIKAG
AvtimoAitevong, k. Nikog Mamndg, Ttov Alyouvoto Tov 2013 mpaypatonoince emiokeyn otn BevefovéAa kal CUUQWVA UE
n poptuvpia tov {6lov tov K. Mamnd, tnv omoia emavéAaBe kal xBe¢ otnv Emitpom Oeopdv kat Alapdveirag, aAAd
Kal o€ 61dgopa péoa evnuépwong, Pacikdég okomég tng emiokeyng avtAg, mov dev eixe avakolvwbel dnpooiwg, Atav
va 61epgvvnBovy 01 HVVATOHTNTEG EUMOPLK@DY OX£0EWV ovdpeca oTlg 600 XWOpEG.

Agv avTlAauBdvopal Molov aKplBAG opéa EKMPOCWNOVOE Kol TMolov okomd efumnpetoloe o HievBuvtAg Tov lpageiov
Tov ApxnyoV tng AgwwpatikAg AvtimoAitevong, dnAadr o exmpdownog evég pLloomactikod KOUMATOG, Kal Tl vénua
€xel éva kéupa va BoArbookomei yra eunopikég oxéoelrg £i{te otov aypotodiatpopikd topéa €ite moAD meplocdTeEpPO
o dAAovg tope{g mMov cuvbéovtal peE HEYAAEG KXl LOXVPEG EMIXELPAOELG, OmMwg eival o Topéag TNG EVEPYELAG KAl
M0 GUYKEKPLHEVA TWY METPEAALOE1OUV.

Tougwva pe 1o dnuocievua autd, o maploTduEvog onUEPVEC Ymoupydg ¥YnelokAg MoAtlTtikhg, K. Mamndg, €£ylve dektdg
ond évav aupilAeyéuevo kol gAeyyxouevo and didpopeg apyég emiyerpnuatia, TOv K. Mayévt XaAiA, tafibeye pe o
161wT1K6 TOV aEPOOKAPOG oTo Tpomikd vnol Mapyapita, oto omoio kat @lLAo§evABnke oTa €vbilattipata Kat oTa
Eevoboyxeia autol tov emixelpnuatia. Tov BAémovpe oe gutoypapieg va €xel otevh @LALKA oxéon pe ToOv Hiknydpo K.
Aptépn Aptepiov, o omoio €6e€dBn kat mpiv Afyo kaipd va €gépyxetatl tov Meydpov Magipov, miBavidg PETA amd eMaQEC
pe Tov Mpwlurovpyd katl Tov Ymoupyd téte Emikpateiag, vuv ¥YnorakAg MoArtikAg. Kat eivatl mpaypatikd mnapddogo
ndg ef{vat dvvatdv Ao ovTd To OKNVIKG va OpyavOvETAl yla va TpowdnBovv, LMOTIBETAL, O1KOVOULKEG KAl EUMOPLKEG
OXEOELG EPAMNY TNG €AANVLIKAG KuBEpvnong.

Figure 1: A parliamentary record.

2. convert2txt.py: Converts all types of downloaded record files (PDF, doc, docx) to text for-
mat with the use of tika-app-1.20.jar included in the src folder and translates the filenames
from Greek to English. It saves the converted files in the folder _data. The main challenge
of translating the files from Greek to English was the conversion of the Greek alphabetic
numerals to indo-arabic numerals. Greek alphabetic numerals, also known as Ionic, Ionian,
Milesian, or Alexandrian numerals, are a system of writing numbers using the letters of the
Greek alphabet. Greek numerals are used in the Greek Parliament proceedings to enumerate
the periods, sittings, and sessions. Within the Greek numerals, we also found archaic let-
ters of the Greek alphabet that represented numbers. Finally, sometimes Latin letters were
written by mistake instead of Greek. For example the Latin letter “a” instead of “o”” and the
Latin letter “p” instead of “p”. Apart from the conversion of the Greek numerals to numbers,
we translated all the Greek words to English, while trying to keep the special meaning of
the parliamentary definitions. For example the string “tufpo dtakomng epyacidv BovAng
0épouc” was all together translated to “-summer-recess-section-"". We also corrected mis-
takes in the file names. For example we added a space in the string “y’Tufua” so that it
became “y’ tunpa” and we could more easily separate the Greek numeral “y’” (meaning
3rd) from the word “tpunquae’ (meaning section) and produce the best translation.



NPOEAPEYON (Anufitplog @pdykog): KOpiol ouvdbeApol, €10epyOUxcTE otnv nuepiola didtagn
THZ NOMOOETIKHX EPrAXIAX

Oa yivel mpoekp@vnon twv vopooxediwv, mov eival ypaupéva otnv nuepiola 6idtagn, pAmwg kot mepdoovv xwpic
cuZitnon -oluguva ue tov Kavoviopé-opiopéva vopooxébia. Ymovpyeiov EEwtepikwv Mévn ocuvlAtnon eni tng
apxAg, Twv @pBpwv Kal TOL cuvéAov Tov oxebiov véuouv: "Kipwon uvugwviag EAAGDoG-Zaip, yla tnv mpowenon
kot apoiBaia mpootacia twv enevbicewv". Ba oudntnéei apéowg peTd, ylrati €XEl @PEPEL AVTLIPPACELG O K.
NaykaAog. Ymovpyeiov Yyeiag Mpévolag kat Kotvwvikwv Acgadicewv Zuvéxion tng ouvlAtnong eni twv dpBpwv Kot
Tov cvvéAov Tov oxediov vépouv: "Ekovyxpoviopdg kot opydvwon cvotipatog vyelog'. Emiong, 6a ocvlntneel
auéowg METE To Mdpa mdvw vouooxéBio tov Yn. EEwtepikwv. Ynovpyeiov Oikovouikgv Mévn ocvlAtnon eni tng
apxfiG, TwWv dpBpwv Kal TOL cuvéAov Tov oxebiov véupov: "Avaudpewon Tng dueong @opoAoyiag kal AAAEG
6latdge1c". Epwtdtal to Zdpa, yivetat Aektd,; MEPIKOI BOYAEYTEZ: Kpateitati. MPOEAPEYON (AnuAitpiloc
®pdykog): Tuvenwg, To ox€61o vopov "Avapdpewon TG dueong gopoAoyiwg kat GAAEG dlatdgerg" kpate{Ttal kat
g ougntneei{ katd Tov Kavovioud. Ymovpyeiov Yyeiag flpévotlag kat Koivwvikiv Acpaiicewv Mévn ovlhtnon ent
™G apXAg, Twv dpBpwv Kal Tov cuvdAov Tov oxebiov vépouv: "PVBUlON eMOyYEAMATOG €£161KOD TEXV1KOD
TMPOBETIKIV KAl OPBWT LKWV KATAOKEV@Y Kol Aolmwv €1dwv amokatdotaong". Epwtdtat to Zoua, yivetatr Aektd,;
MEPIKOI BOYAEYTEX: Kpate{tati. MPOEAPEYON (Anpritplog épdykog): Iuvenwg, to oxé610 vépov "PvBUion
EMUYYEAUATOG €161KOU TEYXVIKOD TMPOBETIKWYV KAl 0POWTIKOV KATAOKELDY KAl Aoimv €160v amokatdotoong"
kpateital kat Ba ougntnBel katd tov Kavovioud. Ymovpyeiov Metagopwv kot Emikoivwvidyv Mévn ocvghAtnon ent
™me apxAg, Twv dplpwv Kal Tou cuvéArov tov oxebiov vlpou: "KiOpwon touv Kibika 061kA¢ Kukhogopiac".
Epwtdtat 1o Twpa, yivetatr Aektd,; IMNYPOX FIANNOMOYAOI: Kpate{tai. MPOEAPEYON (AnuAtplog @pdykog): Eixe
nepdoel otnv E161kA Emitpond opdgwva to vopooxébio avtd, amAdg epdtnoa. XTPATHZ KOPAKAL: Kpateitat.
MPOEAPEYON (Anurjtplog @pdykog): Tuvvemdg, To ox€610 vépov "Kdpwon tov Kdbika 061kfg KvkAogopiag"
kpateital kat Ba ovlntndei katd tov Kavovioud. Mévn oculritnon eni tng apxig, Twv &pOpwY KAl Tou GLVOAOL
tov oxediov vépov: "Kdpwon Tng tpomomoinuévng Tuvpgwviag, yla TNV vioBETNon opolopépewv TpolnoBécewy
€ykpiong kot apolBaiwg avayvipiong eykpicewg €EomAlopwy Kal €EapTnudtwy pnxavokivntwv oxnudtwv'".
Epwtdtat 1o Twpa, yivetatr Aektd,; ONOI OI BOYAEYTEX: Aektd, Aektd. OEOAQPOX MAMKANOZ: Aektd. EXTPATHZ
KOPAKAZ: Aektd. MPOEAPEYON (AnuﬁTpLoc dpdykog) : Zvvenmc, o ox€b1o véuov "Kipwon ™me Tpononotnuévnc
Tupgwviag yia tnv vioBétnon opotouop¢mv npoﬁnoeecsmv £ykplong Kot auotButaq avavvmptonq vaptosmq
eEOMALOMEY Kot eEaanuarmv unxavoKLvntmv oxnudtwv" éylve Aektd, o€ pévn ovlAtnon Kat' apxnAv, kat' dpbpov
KXl 6To 0UVOAO, Opogivwg, Kat €xel wg €§Ag: (Na katoywpioBe{ to ke{pevo Tov vopooyediov) NPOEAPEYON
(AnuATtploc dpdykoc): Yrmovpyeiov Yyeiag Mpdévorag kat Kotvwvikidv AcgaAicewv Mdévn ocuAtnon eni tng apxAg,
Twv dpBpwv Kal TOov cLvéAov Tov oxebiov véuov: "Kdpwon MpwtokéAAov TeXvikhg Iuvepyac{ag otov Topéa NG
vyeiag petagl tng KuBepvAcewg tn¢ EAANVIKAG Anuokpatiag kat tng KuBepvAocewg twv ZebyéAAwv". Epwtdtal To
Topa, yi{vetal Aektd,; OAOI OI BOYAEYTEZ: Aektd, Aektd. IMYPOZ MIANNOMOYAOI: Aektd. MPOEAPEYON (Anurtptlog
dpdykog): Tuvenwg, To ox€dlo viouov: "KiOpwon MpwtokéAAov TtexVikAg ovvepyacioag otov topéa tng vyeiag,
peTa&d tng KuBepvioewg tng EAAnVikAg Anuokpati{ag kot tng KuBeEpvAOEwg Twv ZeUXEAAwV" €ylve Aektd, o€ pévn
ouZitnon kat' apxAv, Kat' dpBpov Kal 6To OUVOAO, OHOQWVWG, Kol €XEl wC €EAG:

(Na kataxwplofei to Keipevo tov voupooxediov)

MPOEAPEYON (AnuAtplo¢ ®pdykog): Yrnovpye{ov EEwtepikdv Mévn ocuvlAtnon eni tng¢ apxAg, Twv dpBpwv Kat Tov
ouvéAov tov oxediov véupov: "Kbpwon Ttov MpdoBeTov MPWTOKOAAOL TOL TMpooapTdTatl otn Zvpgwvia HETAED Twv
Kpat@v-MeAdv tng Evpunaiki¢ Kowvdtntag AvBpaka kot XdAuBa kat tng EvpwnaikA¢ Koivédtntag AvBpaka Kat
XaAvBa ag'evég kal tng Anpokpatiag tng Avotpiag a@'etépov wG Kol Tov HeVTEPOL MpboBeTov MpwToKdAAOL
peta&d twv 16{wv Mepdv, ouvveneia tng mpooxwproewg tov BaciAeiov tng Iomaviag kat tng MoptoyaAikhg
Anupokpatiag otnv Kowvétnta". Epwtdtal to Zéua, yivetat Aektd,; ONOI OI BOYAEYTEX: Aektd, Aekto.

Figure 2: A malformed parliamentary record.

4.3 Modern Greek Names and Surnames Collection and Cleaning

3. greek_name_cases_wiki_crawler.py: Crawls the wiktionary lists of modern Greek female
and male names and surnames and additionally collects all the grammatical cases, when
available, in tables within each entry page. The output consists of four JSON files located
under out_files/wiki_data, namely female_name_cases.json, male_name_cases.json,
female_surname_cases. json, male_surname_cases.json

4. produce_cases_from_nominative.py: Takes as input the JSON files produced from
the script greek_name_cases_wiki_crawler.py and produces the missing grammat-
ical cases based on the nominative case. = The output consists of four JSON
files, namely, female_name_cases_populated.json, male_name_cases_populated.json,
female_surname_cases_populated.json, and male_surname_cases_populated.json

4.4 Parliament Members Data Collection and Cleaning

5. web_crawler_for_parliament_members.py: The Greek Parliament website includes a
listh of all the members of parliament since the fall of the military junta in Greece, in
1974. The script downloads information of the members of parliament from the list us-

5https://www.hellenicparliament.gr/Vouleftes/Diatelesantes—Vouleftes—Apo—Ti—
Metapolitefsi-0Os-Simera/
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ing Selenium and the Chrome driver included in the src folder. We kept information from
1989 onwards, matching the records that we have at our disposal. The output is written in
original_parl_members_data.csv.

6. parl_members_data_cleaner.py: It cleans and also formats the above file
original_parl_members_data.csv for further use. For each member of parliament,
the list used by the previous script provides a table where each row corresponds to an event
in their specific term of office. We categorized the events in the following three groups:

« Start events: elected, replaced.
A member starts their parliamentary term with any of the start events such as being
elected or by replacing someone. Each member has at least one start event for each
parliamentary period.

» Change events: switch to another political party, become willingly independent (out-
side any political party), become independent (outside any political party) due to a
temporary suspension or become independent (outside any political party) due to per-
manent expulsion from a political party.

» End events: resignation from office, death, removal following indictment and convic-
tion, assassination.

An individual can change multiple political parties during a parliamentary period. In order
to extract the exact date range of each individual’s activity as a member of a political party
or as an independent member, we developed an algorithm that takes into account the order
of the start, change and end events per member during a parliamentary period and extracts
the correct date ranges. We also correct some data entry mistakes and write the output to
parl_members_activity_1989onwards.csv.

7. add_gender_to_members.py: Adds a column with gender informa-
tion to the parl_members_activity_1989onwards.csv  file  using  the
male_name_cases_populated.json and female_name_cases_populated.json files,
and creates parl_members_activity_1989onwards_with_gender.csv. The resulting file
includes the full names of the members, the date range of their service, the political party
in which they belonged, their electoral district, and their gender.

4.5 Government Members Data Collection and Cleaning

8. web_crawler for government members.py: Crawls the website https://gslegal.gov.
gr/?page_id=776&sort=time and collects information about all the governments from
1989 up to 2020 and all the members that were assigned government roles. It creates
governments_1989onwards.csv that includes the names of governments since 1989, their
start and end dates, and a URL that points to the respective official government web page of
each past government. It also creates original_gov_members_data.csv with the crawled
raw data from the website.

9. gov_members_data_cleaner.py: Cleans original_gov_members_data.csv. Converts
names and surnames from genitive to nominative case and adds gender with the use
of the files crawled from Wiktionary (these are female_name_cases_populated.json
and female_surname_cases_populated.json, and their corresponding male counterparts
male_name_cases_populated.json and male_surname_cases_populated.json). Further-
more, it automatically checks for inconsistencies in the data, which led to resolving issues
such as a ministry’s renaming and data entry mistakes. Finally, the script includes correc-
tions in roles, member names, and wrong entries found after manual inspection of the data
and outputs formatted_roles_gov_members_data.csv that includes the full names of the
official individuals, their role, the date range of their service at each specific role, and their
gender.

4.6 Speech Extraction

10. join_members_activity.py: This script concatenates three files with information about
the parliament members and extra members of parliament. The input files are:
parl_members_activity_1989onwards_with_gender.csv (includes elected members of
parliament), formatted_roles_gov_members_data.csv (includes all government members
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that have been assigned a government role but may not have been necessarily elected
in the parliament) and extra_roles_manually_collected.csv (includes manually col-
lected additional roles from Wikipedia such as party leaders, opposition leaders etc.).
An extra column is added with the name of the government during each member’s ac-
tivity, using governments_1989onwards.csv. The final output of this script is the file
all_members_activity.csv with columns: member name, member start date, mem-
ber_end_date, political party, administrative _region, gender, roles, government name.

member_speech_matcher.py: Extracts speeches from record files and matches them to
the corresponding member of parliament or government. The script takes as arguments
from the command line the path of the folder with the record files and the path to the folder
where it outputs the speeches and the corresponding speakers. For example, for the current
folder hierarchy:

python3 member_speech_matcher.py -f '../_data/' \
-0 '../out_files/tell_all.csv'

The start of each new speech is signaled by the reference to the speaker that delivers it.
So, in order to distinguish a speech, we must first detect a valid speaker name. To do
so, we created an extensive list of regular expressions that capture all possible variations of
references to speakers as well as cases of poorly formatted speaker names. As mentioned, in
many cases the text did not follow the expected format. In moments of commotion, speeches
were assigned in the records to “A parliament member from the x political party” or even
“Many parliament members” instead of a specific individual. We kept those speeches with
a blank speaker name and assigned them to a political party, when mentioned, or used a
generic reference. For speeches delivered by holders of specific posts, such as Speakers
of Parliament, the individual’s post would precede their name. On several occasions the
text would be poorly formatted, with new speeches not starting at the beginning of a new
line or with missing closing brackets in the speaker’s reference. Furthermore, a common
pattern was to mention the name of the chair of the sitting once in the beginning of the
record and then initiate their subsequent speeches by mentioning only their role. We filled
in the missing name of the chair for each sitting, as long as the sitting had only one chair.

Below we give the source code of the regular expressions we used:

import re

# Regular expession for detecting a candidate speaker written in capital

# case, ocassionally followed by a parenthesis with extra information

# and finally a colon that indicates the beginning of their speech.

# E.g., AIKATERINI PAPANATSIOU (Deputy Minister of Finance):

speaker_regex = re.compile(r"((\s*[A—QA—OTVi?—]+)(\s+[A—QA—DIVfV—]+)*\S*(\J
= (.*?2\))?\s*\:)")

# Regular expession for detecting nicknames given in parentheses
# following the speaker's name and written in capital case, e.g., (PANOS)
caps_nickname_in_parenthesis = re.compile(r"(\([A-QA-QIVIV]+\))+") #([ANOX)

# Regular expession for detecting nicknames given in parentheses
# following the speaker's name and written in lower case, e.g., (Panos)
lower_nickname_in_parenthesis = re.compile(r"(\([a-w]{2,}\))") #(navog)

# Regular expession for detecting information about the speaker given

# in parentheses following the speaker's name, e.g.,

# (Deputy Minister of Finance)

text_in_parenthesis = re.compile(r"(\(.*?\)){1}") #(Ynoupydg Eowtepikwv)

# Regular expession for detecting speakers that are either assigned

# Chair of the sitting or Speakers of the Parliament

roedr_regex = re.compile(r"("(((M+P(0|0)+(E|E))|(P(0|0)+(E|E)A)|(NP(E|E) (O
— 10))|(NP(0]0)A)|(H NP(O|0)(E|E)AP)|(NP(E|E)A)) | (MPOZQPINH

< MPOEAPOS) | (MPOSQPINOS MPOEAPOX)))")



# Regular expession for detecting only the Speaker of the Parliament
proedros_regex =
— re.compile(r"NP((0|0|(00))(E|E)|((EO)|(EO)|(ED)|(ED)))APOZ")

# Regular expession for detecting only the first speaker of each sitting

# that is always delivered by the Chair of a sitting
proedreuon_first_speaker = re.compile(r”((\s*[A—QA—OiVi?—]+)(\s+\(([A—QA—OJ
o a-d-wi0TOIVIV-]\s*)+\))2\s%\:)$")

# Regular expression for detecting a speaker that is referenced in a

# generic manner, e.g., A PARLIAMENT MEMBER

general_member_regex =

— re.compile(r"((B(0]0)(Y[Y)(EIE)A)[(B(OIO) (YIY)ACEIE)(YIY)?2T[*(AIA)]))")

# Regular expression that detects a left parenthesis
left_parenthesis_regex = re.compile(r"\ (")

# Regular expression that detects a right parenthesis
right_parenthesis_regex = re.compile(r"\)")

# Regular expression that detects a parenthesis that is left open
# and includes the nickname of a speaker

incomplete_nickname_parenthesis = re.compile(r“\([A—QA—OIVi]{3,)\S")

# Regular expression that detects a phrase delivered by the Chair of each
# sitting that signals its end
sitting_terminated_regex = re.compile(r"A(u|0)etat\s+n\s+ouvedp(1|i)aon")

After the detection of a speaker in a record file with the use of regular expressions, we search
the detected speaker in the all_members_activity.csv. However, there are many differ-
ent name pattern variations in the records. In many cases, the speakers were referenced
with their nicknames instead of their official names. In cases were a person had more than
one first name and surname, some of them where missing. Finally, the order of the first and
last names was not always the same. To resolve this string comparison task, we employed
the Jaro-Winkler string similarity metric [6]. It is a variant of the Jaro distance [5], which
has been applied mainly to the record linkage problem, and whose goal is to compute string
similarity based on the common elements and the number of transpositions between them.
The Jaro-Winkler distance extends the Jaro distance by boosting it using a scaling factor p
when the first [ characters match exactly. Since the Jaro-Winkler metric takes into account
the order of letters in a string comparison task, the names “Fotini Gennimata” and “Genni-
mata Fotini” would have zero similarity. Similarly, the names “Fofi Gennimata”, “Fotini
Gennimata”, “Fotini-Fofi Gennimata”, which refer to the same person, do not match. For
this reason, for each comparison between a detected speaker and an official individual, we
created all possible variations of an official name, alternating the order of the words that
make up that name and replacing or combining the name with its diminutives. In Fig. [,
we display an example of the naming variations produced for each member of the official
members list. Each variation is compared with the detected speaker from the record. We
then calculate the degree of similarity between all possible pairs and choose the one with
the highest degree. In order to search efficiently and effectively for the detected speaker
in the list of official names, we compare the detected speaker only with the official mem-
bers that were active at the date of the sitting. For the string comparison between names,
greek_names_alts_only.txt is used with a list of Greek names that have alternatives. For
licensing reasons this is the only support file that cannot be shared publicly.

Due to the fact that the speakers’ names had misspellings, or could be missing characters or
syllables, we accepted matches with similarity equal to or higher than 0.95. Table J] presents
a manual evaluation of a sample of 150 entity pairs that were compared in order to match a
detected candidate speaker from the records with an official member of the parliament. The
column max_sim denotes that the automated search of the detected speaker in the members



data we collected yielded the maximum similarity with the official name depicted in the
respective column. If the maximum similarity is equal to or higher than our threshold of
0.95, we accept the match. As we can see from the manual evaluation of the sample, our
approach yields in total 0 False Positives, 4 False Negatives, 137 True Positives and 9 True
Negatives. The aim of our approach was to minimize the False Positive rate, in order to
avoid the violation of any ethical guidelines by assigning a speech to a person that did not
deliver it. Most cases that present False Negative results include speakers that have more
than one first name and one of their first names is replaced in the parliament records with a
Greek relevant diminutive.

Table 2: Sample of 150 cases of entity pairs, their Jaro-Winkler similarity and the
category the results fall into from the following: False Positive, False Negative,
True Positive, True Negative. The results are displayed in ascending similarity

order.
Detected speaker Official name max_sim| FP | FN | TP | TN
TPV EMANVIKT Avon GOVKOVAN-BAaAn onuntprov papta-gdevn | 0.72 0]0]0]1
(noptreva)
EMKVPOOT] TPAKTIKOV mePKA YopaAopmov Oeomot (metn) 0.73 0]0]0]1
TPVIPOEOPEVOVGAL TOTAVOPEOD OVOPED YEDMPYLOG 0.73 0]0]0]1
eAVviKn Avon AocovAn Beoavn gvayyelia 0.73 0]0]0]1
Vo EMANVIKT Avon AMocovAn Beoavn svayyehia 0.74 0] 01]0]1
€0V GOVKOVAN-BLAtoAn dnuntpov papla-gdevn | 0.74 0]0]0]1
(noptreva)
gAYy OEANG 1OAVVT 1OOVYIG 0.77 0]0]0]1
voi cupilo UITOVPAG KOVGTAVTIVOL 000VaG10G 0.8 0] 0] 01
cvpla oLpLyog pathalov evayyehog (aryyehog) 0.84 0]0]0]1
GTUPOOV-TOVAYLOTNG-CTNALOC MPavog 61ovuciov 0.88 0O(1]071]0
MPoavog GTVPIOOVAG-TOVAYIO TG (6TNAL0G)
TOVAYLOTIG-CTVPWOV AMBavog MPavog 610vuGiov 0.9 Oj1 ][00
OTVPIOOVAS-TOVAYIOTNG (OTNAL0G)
GTVPIOOV-TAVAYIOTNG AMBOVOG AMPovog 610vuGlov 0.9 Oj1]07]0O0
GTLPOOVOC-TOVAYIOTNG (6TNAL0G)
HLoplo-oAeEavOpa KEQOAL KEQOAQ GTEQAVOL poplo-oreEovopa 0.93 0O 1]07]0
KPUT®V-NALOG 0PGEVNG OPGEVIG ONUOKPOTN KPLTOV-NALOG 0.95 0|0 11/O0
LOVOVGOG-KOVGTAVTIVOG BoAovoakng yewpyrov 0.95 0Oj0[17]0O0
Bolovdaxng LOVOVGOG-KOVOTAVTIVOG
SopvVa-LLaplo LyomAtdon Sopva-paplo PyomAtdov 0.95 0Oj(0|17]0
VOO TOGLO-OUKOTEPIVT| 0AeEOTOVAOV KOVOTAVTIVOV 0.96 0O|0 110
aAeEomovrov OVOOTOOL0-0KOTEPYT
wovyne-pyomi AoPepdoc | AoPepdog meTpov wavvns-pryomi (yovvng) | 0.96 0Oj0|1]0
Baotielog-vikohaog vymAaving VYNAOVTNG OVO.CTOGIOV 0.96 0Oj(0|17]0
Booidelog-vikornog
aAe€ovOpOG-pNoTOg AVAOVITNG VIKOAOL aAeEAVOPOC-XPNOTOG 0.96 0O(0|17]0
QVA®VITNG
SLOVUGLOG-YOPAAOLITOG KOAOLLOTIONVOG YPT|OTOV 0.96 0Oj0[17]0O0
KOAQLLOTLOVOG S10VUGL0G-YOPOALTOG
YOPO KOQOVTOPT KOPOVTOPT) GOTIOL YOPOLAC (opat) 0.96 0O(0|17]0
GOPLO-YOLO® OO LLOKOTOVAOD | OGTLOKOTOVAOL OTUNTPLOV GOPLO-YOLOW® 0.96 0Oj0[17]O0
BOCIAEI0G-TTIETPOC OTLAVOKNG GTOVOKTG VIKOANOV BOGIAEIOG-TETPOG 0.96 0Oj0[17]0O0
dtovuota-0godmpa 0VYEPIVOTTOVAOL NGOV 0.96 0Oj0[17]0O0
OVYEPIVOTOVAOL drovucta-0godmpa
GTUPLODV-0OWOVIG YEMPYLOONG | YEMPYLOONG 0BOVOGION GTTUPLOMV-00OVIG 0.96 010 0
APLOTOPOPOG-ELUOVOVTIA UTOVTOIKOKNG OOV 0.96 OO0 |10
UTOVTOIKOKNG XPLOTOPOPOG-ELLOVOVNA
popo-ehlo £eVOYLOVVOKOTIOVAOV S1OVVGLOV 0.97 0Oj(0|1]0
£EVOYLOVVOKOTTOVAOL papto-ehlo (papiialo)
poplo-oAeEavopa KEQOA KEQOAQ GTEQAVOL poplo-oreEovopa 0.97 0Oj0|1]0
OVVOL LLOVT-TTOTTOOT LN TPLOV OV -TLOTOON N TPLOL EVOYYEAOL OVVQL 0.98 0Oj0|1]0
YOPUAQUTOG afovacion 000VaGLOV XPLOTOPA YOPOALTOS 1 0O(0|17]0
1WOVVNG LEAOG HEAOG TTOVOLY LT LOOVVIG 1 OO0 |10
YEDPYLOG KOLYNG Kopvng PocGIAEIOL YEOPYLOC 1 0O]0 110




VIKOAOLOG TTOTOVOGTOONG TOTOVAGTAGTG 00VOGLOV VIKOANOG 1 0]0|1]0
KOVOTAVIIVOG Y1TOAS ANTAG OYIAALEDMG KOVOTOVTIVOG 1 0Oj0|17]0
OYYEAKT] LOOLOTOVAOV 0O0LOTOVAOL ABOVAGLOV ayyEAKN 1 0Oj0[17]O0
KOVOTAVTIVOG ITOYO0VOG UTOYOOVOG GTUPLOMVOS KOVOTOVTIVOG 1 0O]0 (110
popialo EEVoylovvaKoTovAoD £EVOYL0VVOKOTTOVAOL S10VVGLOD 1 0Oj0[17]0
papto-ehlo (papiialo)
KUPLOKOG BEAOTOVAOG PELOTOVAOG LGP KUPLUKOG 1 0Oj0|17]0
glevbeplog otkovopov glevbeplog otkovopov 1 0Oj0[17]0O0
YEDPYLOG TATONALOV TOTOMALOD NALOL YE@PYLOG 1 0Oj0[17]0O0
VIKNTOG KOKAQLOVIG KOKAQLOVIG LLXOMA VIKNTOG 1 0Oj0|1]0
00VOGENG KOVOTOVTIVOTOVAOG KOVOTOVTIVOTOVAOG KOVOTAVTIVOL 1 0O(0|1]0
00V0GENG
GOPLOL GOKOPOPOL GOKOPOPO AL GOPLOL 1 OO0 |10
afavaotlog dapaxng dafoKng TavaylwTn 0dovoslog 1 0Oj0|1]0
€VYYELOG GLPLYOG oLpLyog pathaiov gvayyehog (ayyehog) 1 0Oj0|1]0
KOVOTAVTIVOL YIVVOKOTOVAOL YLOVVOKOTIOVAOD 1OOVVT] KOVOTOVTIVOL 1 0O]0 |10
(vavtia)
Baotierog Priapdog Bihapdog 61ovuciov Pactielog 1 0Oj0|1]0
VoYL TG AMPovog MPavog 61ovuciov 1 0O(0|1]0
GTVPIBOVAG-TOVAYIOTNG (6TNAL0G)

EULLOVOVUIA GUVTUYOKNG GUVTUYOKNG OOVINA EUULOVOUNA 1 0Oj0[17]0O0
XOUPUAQUTOG KAAOLLATIONOG KOAQLLOTLOVOG YPTOTOV 1 0O(0|1]0
S10VOGLOG-YOPOAUUTOG

avopeag Eovbog EavBog yempylov avopeag 1 0Oj0[17]0O0
dnuntpiog Paptlomoviog Baptlomovrog ¥PVGOGTOLOV ONUNTPLOC 1 0Oj0[17]0O0
aVOPENG TOVAOG ToVA0G 0000610V OVIPENS 1 0Oj0|1]0
YEMPYLOG AAUTPOVANG AQUTPOVANG OPLOTELDN YEMPYLOG 1 0O(0|1]0
papto adovacton afavaciov gvayyglov papilo 1 0Oj0[17]0O0
KAE®V YP1YOPLOONG YPNYOPLOONG YEMPYLOL KAEDV 1 0Oj0[17]0O0
TOAOG TOAOKNG TOAOKNG TTETPOV TOVAOG 1 0Oj0[17]0O0
Baothelog Kikihtag KIKIALOG Tovaylot Pactietog 1 0|0 |10
Baotielog yoyakog YIOYLOKOG VIKOAOOV BOCIAELOG 1 0j0|1]0
KOVOTAVTIIVOG [LOPKOV LOPKOV BOGIAEIOD KOVOTOVTIVOS 1 0O(0|1]0
YE®PYLOG PPAYYIONG PPOAYYLONG GTOVPOV YEDPYLOG 1 OO0 |10
XOPOVAO KOPAVTOPT KOPOVTOPT) POTIOL YOPOLAO, (0pOL) 1 OO0 |10
S10VVG10G OKTVUTNG OKTLTING ONUNTPIOV SLOVVGLOG 1 OO0 |10
a00vaG10G TOTAOOTOVAOG TOTOOOTOVAOG OTTOGTOAOL 0BAVAG1OG 1 oOl0| 1|0

(caxng)

Baoiietog kovtolopovng

Baoctietog kovrolopavng

HomA KoTpivng

KOTPIVIG LOOVVT] LYONA

yvng Bapon(pm(ng

Bapovpokng yempylov yovng

afavoolog pmovpag

UTOVPOG KOVGTOVTIVOL 0H0vVaGLog

aBavaciog kapPodag

kappadag wavvn abavactog

aVOPENG LyamAOng LLXOMALONG PPOUYKOVAT OVOPENS
006 TOAOG PEGLPOTOVAOG BEcVPOTOVAOS PMTIOL OTOGTOAOG
SNUNTPLOG LOPKOTOVAOG LOPKOTOVAOG KOVGTOVTIVOV ONUNTPLOG
peponn tloven t{oven GTEPUVOL LLEPOTN
ghevbeplog afpaporng afpOLLoKNS oVTOVIOL EAeVDEPLOG
YE®PYLOG KOTOTPOG KOTONPAG AVUOTOGLOV YEMPYLOG

EVKAELONG TOOKOAWDTOG

TGOKOAMTOG GTEPOVOV EVKAELONG

UTOVPYOV UTOPOV

pmopov vetlovn umovpyov

VIKOAOLOG GUPHOAEVIOS

GUPLOAEVIOG EVOYYEAOV VIKOAOOG

KMOVOTOVTIVOG HITOPKOG

UTOPKAG BEOQAVT) KOVGTAVTIVOG

amooTolog affdelag

af}OEAOS KOVOTUVTIIVOL OTOGTOAOG

KOVOTAVTIVOG popaPeylog

HOPAPEYIOG APLOTOTEAT KOVOTUVTIVOG

GovAtavo eAevdepLadov

€\evheplodov TAVAOL GOVATAVO,

VEOKANG KPNTIKOG

KPNTIKOG ONUOcHEVT) VEOKANG

aBavaciog AMovrng

MOVTING KOVOTAVTIVOL 000vaG10G

OVOPENS VIKOAUKOTOVAOG

VIKOAOKOTOVAOG 0£000POV 0VOPENS

YEWPYLOG LOVAKIDTNG

LOVAKLOTNG PAGIAELOL YEDPYLOG

KOVOTOVTIVOS {ooploong

Cooploong EULOVOUNA KOVGTAVTIVOG
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ong tinkorayog tinkoraylog yewpyov nong 1 0]0|1]0
Con pan pomtn yewpyov {on 1 0Oj0|17]0
XPLOTVOL AAEEOTOVAOL 0AEEOTOVAOV [LYOMA YPLOTIVEL 1 0Oj0[17]O0
QOTEWVT] UITOKAOTLLOL Umocaon Lo oyolBokAn emTeVT 1 0Oj0[17]0O0
sppavoun A BponyaviTng OpoyaviwTg LM ELUAVOLTIA 1 0Oj0[17]0
VIKOAOOG KOpaOovoGOTOVA0G KopofovaGOTOVAOG TTETPOL VIKOANOG 1 0Oj0|1]0
afavoolo 0vVoyVmOGTOTOVAOL | OVOYVOGTOTOVAOL TETPOL abovacta (oo) 1 0O]0|1]0
KOVOTOVTIVOG PAaONG PAOGTG YEMPYLOL KOVGTAVTIVOG 1 0O(0|17]0
LOAVVNG GAPOUKLOTNG COPAKIOTNG 00AVUGLOL 1OAVVIG 1 OO0 |10
1WOVVNG TAOKIMTOKNG TAOKIOTOKNG LOC( 1OOVVIG 1 0O]0 |10
LLOLPL0L KOLLVTVOLKOL KOUVIVOKOL 0TOGTOAOD Lol 1 OO0 |10
1WOVYNG KEQAAOYLOVVIG KEQOAOYLOVVNG OYIAAED 1OAVVNG 1 0Oj0|1]0
Baociielog keykepoylov KEYKEPOYAOL OAEENVIPOV PACIAELOG 1 0j0|1]0
dNUNTPLOG OTKOVOLLOV ONUNTPLOG OTKOVOLOV 1 0O]0 |10
YepPUSLHLOG Bopog YePACLOG OmpLag 1 0|0 |10
COKPOTNG POUELLOG POLEAAOG TTETPOV CMOKPATNG 1 0Oj0[17]0O0
VIKOAOLOG TTOTTTTOG TOMTO.G GTUALOLVOV VIKOAXLOG 1 0Oj0[17]0O0
1WOVYNG OPOYOGAKNG SpOLyaGOKNG OVOPE IWAVVNG 1 0Oj0|1]0
OeomioTn MEPKQ mepKa yoparopmov Oeomot (wetn) 1 0Oj0|1]0
KOVOTAVTIVOG Yartindaxng XtENOUKNG 1AV KOVOTAVIIVOG 1 0Oj0|17]0
(kwotng)
YEOPYL0G apPovitiong opPoviTIong TETPOL YEMPYLOG 1 0Oj0|1]0
XPLOTOPOPOS PEPVAPIAKTS Pepvapdaxng onpocsdevn xpLoToQOPOs 1 0Oj0|1]0
KOVOTOVTIVOG TOLOPOG TOLOPOG AAEEOVIPOV KOVOTAVIIVOG 1 0|0 1]0
1wovvng Bpovtong Bpovtong Pacidelon wovvng 1 0Oj0[17]0O0
Beovo pOTIOL PmTI0V Pociielon Deavm 1 0Oj0[17]0O0
Be0dmpog AMPoviog Bg00wpog MPaviog 1 0Oj0[17]0O0
AE@VIOOG GTOATIONG GTOATIONG ONUNTPLOL AEOVIONG 1 0Oj0|1]0
1WOVVNG 0EANG e 1WavVN 1OoVVNG 1 0O]0|1]0
TOVOYLOTNG CKOVPAETNG GKOVPAETNG PACIAEIOL TOVAYIOTNG (TAVOS) 1 0Oj0|1]0
VIKOAOLOG TToodavooTg ViKoA0og Tamafavoong 1 0Oj0[17]0O0
¥XPNoTOG oTpTNg omptdg TOVOYLOTN XPTNOTOG 1 OO0 |10
cafBpag yovidng KLOVIONG YeMPYLov caPPag 1 0Oj0[17]0O0
€VaYYEAO ALOKOVAT AMokovAn Beoavn gvayyelio 1 0Oj0|1]0
d1ovuotog yatdndokng xatlndaKNS S10VLGIOoV S1OVVGLOG 1 0Oj0|17]0
KOVGTOVTIVOG KUPOVOKNG KUPOLVOKT|G LOOVVI-TTOVOLY DTN 1 OO0 |10
K®OVOTAVTIVOG
VikoAa.oG Bovtong Bovtong yempylov vikoroog 1 0Oj0|1]0
VoYt g Hg0dmpkakog 0£00WPIKOKOG SN TPLOV TOVOYLOTNG 1 0O(0|17]0
(Toxng)
YEOPYLOG KOTGOG KOTGOG KOVGTOVTLVOL YEDPYLOG 1 0Oj0|1]0
GTOVPOG KEALETONG KEAETOTG ONUNTPLOL GTAVPOG 1 0Oj0|1]0
aAe&avOPOg TPLAVTAPLAALONG TPLVTOPLVAAONG YEDPYLOV OAEEAVOPOC 1 0O(0|17]0
(aheKkog)
KOVOTOVTIVOG ITOVUTOG UTOV LTS L0V KOVOTAVTIVOG 1 0Oj0|1]0
Poaoiing keykepoyrov KEYKEPOYAOL OAEENVIPOV PACIAELOG 1 0Oj0|1]0
YE®PYL0G Poperevog Bapepevoc Paoideton yempylog 1 0O(0|17]0
KOVOTAVTIVOG GKOVOOALONG GKOVOOALONG YEDPYIOL KOVGTOVTIVOG 1 0Oj0[17]0O0
GTUALOVT] LEVO®VT GTOALOVT) LEVO®VY 1 0Oj0[17]0O0
YOPOAOUTOG LOUOVAOKNG | LOLOVAOIKTG OVTMVIO XOPOACUTOC (XOp1C) 1 0Oj0[17]0O0
GTEPAVOG YKIKOG YKUCOG GOTNPLOV GTEPOVOG 1 0Oj0|1]0
aBavaciog Cepmang Cepmng yempylov abovactog 1 0Oj0|1]0
GTULALOVOG TETGOG GTUALOVOG TTETCOG 1 0|0 |11O0
NN TPL0G KOVPEAOS KOLPEAAG CMTNPLOV ONUNTPLOG 1 0Oj0[17]0O0
VOTNG HNTOPOKTG UNTOPOKNG GVTOVIOL TOVOYIOTNG (VOTNG) 1 0O]0 110
YEDPYLOG OLLOVATIONG OLLOVOTIONG 100K YEDPYLOG 1 OO0 /|10
YEMPYLOG KOTPOVING KOTPMOVIOG VIKOAGOVL YEDPYLOG 1 0j0|1]0
a0avac1og AMovTog Aovtag ayiilemg abovactog 1 0O]0|1]0
HOPLOG KOTONG KOTONG GTLPLOMVOG LOPLOg 1 0|0 |10
YEWPYLOG YEDPYOUVTOG YEOPYOAVTOS TOVAOL YEDPYLOG 1 OO0 |10
QUMTTTOG POPTOUOG QOPTOOG OPLETOTEAN QIMTTTOG 1 0O]0 110
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Does the
member have
I one first name and ]
yes one last no

e.g. John Doe (Johnny) name? e.g. John Richard Doe Smith (Johnny)

(SN) - John Doe
(SN) - John Doe (SN) - Doe John
(SN) - Doe John (SN) - Richard Doe
(SN) - Doe Richard

(SN) - John Smith
(SN) - Smith John
(SN) - Richard Smith
(SN) - Smith Richard

Does the
member have a
nickname?

Does the
member have a
nickname?

no

yes
(SN) - Johnny Doe yes
(SN) - Doe Johnny
N (SN) - Johnny Doe
»>( end (SN) - Doe Johnny

(SN) - Johnny Smith
(SN) - Smith Johnny

Figure 3: Representation of the name variations produced during the string comparison process
between the detected speaker in the record file and the name of the corresponding member parliament;
(SN) stands for generated speaker name.

YEMPYLOG GTUALOG GTUAOG ONLOGOEVN YEDPYLOG 1 0Oj0|1]0
WATIONG Yot ylovvokng XATEYIOVVOKTG EVOYYEAOL LIATIONG 1 0O(0|1]0
YEWPYLOG YVYOYLOG YUYOYL0G KOVGTAVTLVOV YEWPYLOG 1 0|0 |10
TOVOYLOV TTOVAOV TOLAOL AEMVIOO, TAVOYLOV (YLOTOL) 1 0Oj0[17]0O0
YXPNOTOG KEAAOG KEAAOG QYIAAED, YPNOTOG 1 0Oj0[17]0O0

The output file is tell_all.csv with columns: member name, sitting date, parlia-
mentary_period, parliamentary session, parliamentary_sitting political party, government,
member_region, roles, member gender, speaker info, speech. This script also creates the
file files_with_content_problems.txt, where record files that are skipped due to encod-
ing issues are logged.

12. fill_proedr_names.py: Sometimes the name of the speaker of a sitting is mentioned in
their first speech but only their role as speaker is mentioned thereafter in the same sitting.
In order to assign their speeches to themselves, and not just their role as speakers, this
script fills in the names of speakers in the same sittings when they are not mentioned in a
specific line of the record file, as long as the sitting has only one Speaker. The output is
tell_all_FILLED.csv.

13. esv_concat.py: Additional script that concatenates all tell_all.csv files created in case
the script member_speech_matcher.py is run in parallel for time-optimization and cre-
ated different csv files for different batches of the data. The output of this script is
tell_all_final.csv.

12



4.7 Preprocessing

14. corpus_preprocessing.ipynb: This script takes as input the file tell_all_FILLED.csv and
preprocesses it. The preprocessing includes the replacement of all references to political
parties with the symbol “@” followed by an abbreviation of the party name, using regu-
lar expressions that capture different grammatical cases and variations. It also includes
the removal of accents, strings with length less than two characters, all punctuation ex-
cept full stops, and the replacement of stopwords with “@sw”. The output is the file
tell_all_cleaned.csv.

15. common_vocab_per_period_viz.ipynb: This script produces Fig. 2 in Section 3.5 of the
manuscript. This figure shows the common vocabulary in terms of tokens between pairs
of consecutive parliamentary periods in three different steps: before preprocessing, after
preprocessing, and after merging smaller parliamentary periods with their following large
parliamentary periods.

4.8 Gender Distribution

16. female members_per period_per_party.ipynb: This script takes as input the file
tell_all_cleaned.csv from which it computes the percentage of the characters de-
livered in the parliament speeches by female individuals. It also takes as input
all_members_activity.csv, with which it computes the percentage of female members
of the parliament. The computations are calculated per parliamentary period and per
political party for a selection of political parties. The scipt outputs the results to the
gender_distribution_per_period_per_party_with_chars.png, which corresponds to
Fig. 1 of the manuscript.

5 Stability Comparison of Word Usage Change Detection Approaches

This section describes the implementation details of the comparison stability described in Sec-
tion 4 of the manuscript. For the stability comparison, we facilitate the metric intersection@#k, pro-
posed by Gonen et al. [2], which computes the k£ most changed words for a number of restarts,
each time changing the random seed. We ran each approach 10 times, each time introducing
a different random seed in the range 0-9, and collected the top-k most changed words, where
k € [10,20, 50,100,200, 500, 1000]. The seed is used as the NumPy random seed, the Python
random seed, and the seed parameter of the word2vec models. We also set the PYTHONHASHSEED en-
vironment variable to 0. In addition, we limit the word2vec model training to a single worker thread.
Then, for each of the (120) = 45 pairs of different runs and for each of the values of k, we measured
the percentage of shared words in the most changed words predictions. A value of zero between a
pair of runs means that there are no shared words in their predictions, indicating high variability in
the results, while value of one indicates high stability.

5.1 Implementation Details per Approach

5.1.1 Compass

We train a Compass [[l] model on the concatenation of the two decades’ corpora. We then train a
model for each decade, based on the Compass model. We proceed with gathering the common vo-
cabulary between the two models. For each word of the common vocabulary we compute the cosine
similarity of its vectors from the two decades. We use word2vec vectors with 300 dimensions and
the default settings of the Compass tool, which include a 5-words context window and a minimum
word frequency count of five.

To run the Compass stability computations, use the following command from inside the src folder:

PYTHONHASHSEED=6 python compass_stability_1990s_2010s.py --run=0 \
--iterations=10 --diter=5 --siter=5 --size=300 --rows='all'
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5.1.2 Compass Variation with Frequency Cut-offs

We use Compass [[1]] but also adopt the frequency cut-offs introduced in the NN [2] approach. This
means that we remove from the vocabulary of each model the stopwords, the 200 most frequent
words and words that appear less than 200 times.

In order to do that, we first compute the frequencies of words in the corpora of the decades
1990-1999 and 2010-2019 with the script freq_counter_for_semantic_shift_per_decade.py.
This script outputs the files freqs_for_semantic_shift_cleaned_data_decade1996.csv and
freqs_for_semantic_shift_cleaned_data_decade20810.csv that are then used by the script
compass_stability_1990s_2010s_freq_cutoffs.py. The result is a filtered list with candidates
for semantic shift for each model. We collect the intersection of the filtered lists for the two models.
Finally, for each word of the intersection we compute the cosine similarity of its vectors from the
two decades.

To run the stability computations for this approach, use the following command from inside the src
folder:

PYTHONHASHSEED=0 python compass_stability_1990s_2010s_freq_cutoffs .py \
--run=0 --iterations=10 --diter=5 --siter=5 --size=300 --rows='all'

5.1.3 Orthogonal Procrustes

To implement Orthogonal Procrustes [4], we train a word2vec model for each decade using word2vec
vectors with 300 dimensions, a 5-words context window and a minimum word frequency count of
20. We then align the two vector spaces based on the common vocabulary of the two models. Finally,
we compute the cosine similarity between the vectors of each word in the decades.

To run the stability computations for this approach, use the following command from inside the src
folder:

PYTHONHASHSEED=6 python procrustes_stability_1990s_2010s.py --run=0 \
--iterations=10 --size=300 --rows='all’

5.14 NN

To implement the NN approach [2], we train a word2vec model for each decade using word2vec
vectors with 300 dimensions, a 4-words context window and a minimum word frequency count of
five, as per the implementation of Gonen et al. [2]. We remove from the vocabulary of each model
the stopwords, the 200 most frequent words and words that appear less than 200 times. In our case,
the frequency distribution for each corpus is long-tailed, with only 5% of the vocabulary of each
decade having 200 or more occurrences. The result is a filtered list with candidates for semantic
shift for each model. We collect the intersection of the filtered lists for the two models. Then, for
each word of the filtered list we collect two sets of the top-1000 most similar words, one for each
decade. In this process we only take into consideration neighbors that exist in the vocabularies of
both models and appear at least 100 times in each training corpus. Finally, we compute the word
usage change by measuring the intersection of the two sets of neighbors.

To run the stability computations for this approach, use the following command from inside the src
folder:

PYTHONHASHSEED=0 python goldberg_stability_1990s_20610s.py --run=0 \
--iterations=10 --size=300 --rows='all’

5.1.5 Second-Order Similarity

To implement the Second-Order Similarity approach [3], we train a word2vec model for each decade
using word2vec vectors with 300 dimensions, a 5-words context window and a minimum word fre-
quency count of 20. As candidates for usage change, we collect words that appear in both model
vocabularies. Then, for each candidate word we collect the word union of the top-25 neighbors of
a word w from two different corpora. We remove from this list any words that are not found in the
vocabularies of both corpora. Then, for each corpus, we compute the cosine similarity between each
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10 Stability for Compass Variations
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Figure 4: Stability study of Compass variations with different frequency cut-offs of the most frequent
words.

word vector from the union list and the vector of the word w. This results in a second-order vector
s for each corpus, that contains the cosine similarity of the word w with its neighbors at each vector
space. Finally, we compute the cosine distance of these two second-order vectors in order to find the
usage change of the word w.

To run the stability computations for this approach, use the following command from inside the src
folder:

PYTHONHASHSEED=6 python hamilton_stability_1990s_2010s.py --run=0 \
--iterations=10 --size=300 --rows='all’

5.1.6 Stability results

To produce Fig. 3 and Table 3 of the manuscript, we used stability_comparison_all.ipynb. This
notebook takes as inputs the semantic computations of the aforementioned approaches, computes
their stability with the intersection@k metric and creates Fig. 3 of the manuscript. It also creates
one file per approach with the top 100 most changed words of the iteration with seed parameter
set to 0. The output files are located in the /out_files folder and include: compass_top160.csv,
compass_fc_top100.csv, procrustes_top100 .csv, nn_top100.csv, second_order_top100.csv.
The files are also merged in file top100_minfreq50.x1s for convenience.

In addition, we studied the effect that different frequency cut-offs have on the Compass variation. We
implemented the Compass variation with different values of frequency cut-offs on the most frequent
words for the task of detecting word usage changes between the decades 1990-1999 and 2010—
2019. Specifically for each different random seed in the range 09, and for each frequency cut-off
¢, where ¢ € [0,50, 100,200, 250, 300, 400], we collected the top-k most changed words, where
k € [10, 20,50, 100, 200, 500, 1000]. For all Compass variations in this study, we removed words
that appear less than 200 times. Fig [ presents the results of the stability study. For k& > 100, the
results remain consistent and show that as the number of most frequent words rises, the stability
of the approach decreases. For & < 100, the results do not show a consistent behavior. For ¢ <
50 and ¢ > 250, the intersection@k measure is lower, indicating lower stability. However, the
implementations with ¢ € [100, 200, 250] present higher stability. These results imply that there is
room for future studies on the effect of different frequency cut-offs on the stability of various semantic
change detection approaches. For example, it would be interesting to investigate how the frequency
cut-offs of the least frequent words might also affect the stability of an approach, either separately
or when combined with different frequency cut-offs of the most frequent words in a corpus.
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6 Word Usage Change Detection with Compass

For the reproducibility of the computations of word usage change in Section 5 of the manuscript, we
use Compass and set the seed parameter to 5. We use word2vec vectors with 300 dimensions, we
limit the word2vec model training to a single worker thread and we use the default settings of the
Compass tool. Again, we set PYTHONHASHSEED=0 for the scripts that facilitate Compass to compute
word usage changes.

6.1 Top Changed Words before and after the Greek Economic Crisis

We detect word usage changes between the decade before the economic crisis (t1: 1997—
2007) and the decade during (2: 2008-2018). We compute the cosine similarity of the
vectors of each word between the two decades, for those words that are common in both
vocabularies and have a frequency of at least 50 occurences on any of the two time peri-
ods. We compute the frequencies of words with the script freq_counter_for_crisis.py that
takes as input the file tell_all_cleaned.csv and creates as output files of word frequen-
cies for t1 and ¢2, namely freqs_for_semantic_shift_cleaned_data_period1997_2087.csv and
freqs_for_semantic_shift_cleaned_data_period2008_2018.csv.

Following that, the script compass_crisis.py uses these two CSV files and produces the
file semantic_shifts_dichotomy_crisis_compass_1997_2007_2008_2018_atleast50.csv that
includes the top 100 most changed words that occur at least 50 times in any of the two time peri-
ods.

The command for the Compass computations of the most changed words during the Greek economic
crisis is the following:

PYTHONHASHSEED=6 python compass_crisis.py

6.2 Usage Change per Period

In order to compute the usage change of words between pairs of consecutive parlia-
mentary periods, we create the respective training texts for Compass with the notebook
create_training_texts_per_period_for_compass.ipynb. This notebook takes as input
tell_all_cleaned.csv, preprocessed the speeches, groups them by parliamentary period, writes
the grouped speeches to PERperiod_df.csv and finally writes the corpus of each period in a separate
file in the directory /src/training_texts/PERperiod/.

6.2.1 Usage Change of Popular Topics

We estimate the usage change of selected topics that were debated across parliamentary periods. For
the selection of topics, we consulted the website of Vouliwatch B a non-partisan parliamentary mon-
itoring organization that provides an extensive comparison of party positions on topics of significant
political interest. We found these topics to be popular, generic and of significant political interest.
We populated the list of topics with different grammatical cases and singular or plural when needed,
in order to capture different references of the topics in the records.

The initial list consists of 69 topics and is shown in Table B:
We extended this list with 22 topics shown in Table H, selected for their popularity:

We compute the usage change of the aforementioned topics with the script
selected_topics_shift_per_period_with_compass_multiple_iterations.py. The script
takes as an input parameter the random seeds that will be used for the computations. This
format allows the user to run the script in parallel, each time defining different random
seeds. The script outputs the results of its run in csv files in the out_files folder, named
/selected_topics_shift_per_period_compass_50iterations_seeds_*** csv where *** is the
range of seeds used. We ran the script for seeds in range 0—49 in order to calculate the mean values
and confidence intervals. An example of how to run the script is shown below:

6https://vouliwatch.gr
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agricultural national preschool traffic code
farmers defence asylum police
growth armed university refugee
investements foreign secondary migratory
insurance international primary refugees
labor shipping higher immigrants
rights islands public tourism
contract water supply private health
collective fishing schools welfare
salary economy environment subsidies
minimum tax-exempt energy subsidy
part-time decentralization system infrastructure
brain vat culture transportation
drain businesses sports remodeling
oaed tax culture public transport
justice taxation sports
transparency education protection
adoption research police

Table 3: List of 69 topics collected from the website of Vouliwatch.

reduction ose homosexuals
raise transportation eoppy
retirement bill turkey
macedonia religion church
macedonian religious Crisis
hirings woman arbitrariness
redundancies man
ekas same-sex

Table 4: List of 22 additional popular political topics.

PYTHONHASHSEED=6 python \
selected_topics_shift_per_period_with_compass_multiple_iterations.py -s 6 1 2 3 4

We concatenate the results of different random seeds with the following command, using the script
concat_csvs_of_different_seeds.py.

1s ../out_files/selected_topics_shift_per_period_compass_50iterations_seeds_* | python
concat_csvs_of_different_seeds.py -o
'../out_files/selected_topics_shift_per_period_compass_50iterations.csv’

The script outputs the file selected_topics_shift_per_period_compass_5@iterations.csv with
the semantic shifts of the aforementioned topics between consecutive pairs of periods.

We visualize the results with the script usage_change_of_selected_topics_through_time_with_errorbars
which outputs the image usage_change_of_selected_topics_through_time_with_errorbars.png,
correspondsing to Fig. 4 of the manuscript.

6.2.2 Usage Change of Political Party Name Embeddings

We gauge the usage change of the names of political parties that have played an important role in
recent political history. Concerning the speech representation of each political party, there is sig-
nificant deviation in size. We study usage changes on the most represented political parties, that
have large enough corpora to produce valid results. New Democracy (hereafter ND), the Panhel-
lenic Socialist Movement (hereafter PASOK) have the greatest shares and consist the most popular
political parties in Greece, with each one having around 350M characters of speech in total. They
are followed by the Coalition of the Radical Left—Progressive Alliance (hereafter SYRIZA) and the
Communist Party of Greece (hereafter KKE), that span between 80M—120M characters of speech.
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Next in size is the Coalition of the Left, of Movements and Ecology (hereafter SYN) with around
35M characters of speech. Finally, for historical purposes, we also include Golden Dawn (hereafter
GD) with around 20M characters of speech. GD is a banned far-right ultranationalist political party
that rose to prominence during Greece’s financial crisis.

We train Compass between consecutive pairs of parliamentary periods and com-
pute the cosine distance between the vectors of political party names with
compass_party_embeddings_per_period_multiple_iterations.py. The script takes as
an input parameter the random seeds that will be used for the computations. This for-
mat allows the user to run the script in parallel, each time defining different random
seeds. The script outputs the results of its run in csv files in the out_files folder, named
semantic_shifts_party_embeddings_per_period_merged_compass_50iterations_seeds***.csv
where *** is the range of seeds used. We ran the script for s in range 0—49 in order to produce error
bars and confidence intervals. An example of how to run the script is shown below:

PYTHONHASHSEED=6 python compass_party_embeddings_per_period_multiple_iterations.py -s ©
1234

We concatenate the results of different random seeds with the following command, using the script
concat_csvs_of_different_seeds.py. The parameter -o takes as input the name of the output file.

1s \
../out_files/semantic_shifts_party_embeddings_per_period_merged_compass_50iterations_seeds_* \
| python concat_csvs_of_different_seeds.py -o \
'../out_files/semantic_shifts_party_embeddings_per_period_merged_compass_50iterations.csv’

The script outputs the file . . /out_files/selected_topics_shift_per_period_compass_5@iterations.csv
with the semantic shifts of the political party name embeddings between consecutive pairs of periods.

We visualize the results with the script compass_party_embeddings_per_period_errorbars.ipynb
which outputs the image compass_party_embeddings_per_period_errorbars.png, corresponds-
ing to Fig. 5 of the manuscript.

7 Dataset License & Maintenance

The dataset, support files, original parliament sitting records as well as the source code for the col-
lection, cleaning and analysis of the dataset are and will remain publicly available on Zenodo and
GitHub, under the Creative Commons Attribution 4.0 International license.

The primary data for our dataset are in the public record, as the official parliamentary proceedings
of the country. That said, we are of course committed to consider any reasonable and lawful request,
if and when it comes, to amend or remove entries.
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