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[Abstract]

This study constructs and analyzes structured data by applying digital humanities methodologies to
Casanova's memoirs, considered the most extensive autobiographical record of the 18th century. Based
on the text from the memoir, we designed a data refinement pipeline that integrates NLP technologies
—such as Stanza, spaCy, and NRCLex—with generative Al Specifically, to resolve the complex
naming conventions and title issues, a rule-based algorithm was introduced to verify data accuracy.
Through this process, we constructed structured data for a total of 1,924 individuals, encompassing
seven attributes including gender, mention frequency, and associated emotion words. The analysis of the
data revealed a distinct alternation between sections peaking with large-scale influxes of new characters
and sections where a select few individuals repeatedly appeared, creating dense relationship networks.
Notably, in sections centered around public and institutional events, as well as in the latter half of the
narrative, the proportion of female characters plummeted to below half, demonstrating a pattern where
the narrative converges upon a core group of male figures. To validate the efficacy of this
methodology, the identical system was applied to Benjamin Franklin's autobiography. The results
demonstrated stable operation and achieved higher accuracy in areas such as regional classification

compared to conventional methods, thereby proving its accessibility and scalability.
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I. Introduction
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Fek dlole BA stelzeels AASATE 53
12 5E Este] HolHe] Aens AT
e 239 F 1,924 A wolHE =3t
WS 7158k 7313 A5 Ee] uHr

53] A A=A Aol Falo] H= Tt
s A4l A QBT OR AL FEEs i)
Flal WA ZYSe] 3| a5e] FAd A
el Ao 27 oA o w2 Ag=E e

A, ORI Qzs) ¥ Pl

oA YEf= MAF 22} Qg 8| mefE 9l tlolH
o] @7t dais]ojof gHri{4]. &3t 718 HX|E QIF
ghojA F2 off= AR o9l 39T A1 o
o]2 A85to] Al 85 Ao v|wA Lolsict doj S
F AARI AFE]Q] Th=to] ARE 5o = Qs T AA}
o] A LA e EIAE Ulo] Thefet AofA] F9jef 1
FYAL B71Ho] YeRdTh meka 3uEo] Aghs A
7]9F FIAE wtold 2 ZHAY Q1A Bielg 11etste] 194
71 ol 73 9=59] 31 oy & AZEE Al
off B A} St

2 dA3e 3u=E A 2971 omic=o A
Stanza[5] 7|9+ 7HA% QIANNER), spaCyl6] Ateio] A
2], NRCLex[7] 47 A& Agst tlol8 A mfo]za}
QIS #&EokL, 1,9249] 1.5 Qg F&E5I0] 7 AR}
ofe] #AS, 2eja HAle] =g UEYl= HolHE
Erlriey

2 =79 42 T 2ot 7o B
AESHL, IIFoAE dlolg &4 2 A B &

B 7

fiv}

ol 7163tk IV e 75E ololeld] oigt 24 2w
Mgsta, Voge e wdsel uli 4% U of
oﬂ Qo Es} 2]-7(1—/\-1 7-]xg q_]E:'_q D}K]E']‘;i

1To&2 O v
oie & 949 2 R AdS 7l

ﬂ

oZi _J|-ﬂJ uju



A Study on Rule-Based Text Mining and Named Entity Recognition
Approaches for Data Formalization of “The Memoirs of Casanova” 167

II. Related works

1. Data structuring and metadata extraction
from historical texts and archives

P2 goele nARst dTd) Wl A4S
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2. Morphological preprocessing and quantitative
representation of unstructured text data
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III. Data collection and preprocessing

1. Raw data
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o] Z7§=l TThe Memoirs of Jacques Casanova de
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2. Data preprocessing pipeline
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Fig. 1. Data Preprocessing Pipeline
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Table 1. List of Libraries Used for Data Preprocessing

Tools . .
[Libraries Description Primary Purpose
. t
High-speed tsoel?esinz(;iion and
spaCy Python-based NLP
. natural language
library .
processing
Stanza :Sn:ﬁnazcaﬂraNtfP Person extraction
g (NER) - GitHub
tool
Comprehensive Text preprocessin
NLTK Python-based NLP prep g
. support
library
Basgd on a Analysis of emotion
NRCLex sentiment words and
dictionary of 14,200 )
sentiment verbs
words

3. First-Stage Semi-Automated preprocessing
NER 7J#o 2 %29 Q12 oolel: Y % A9
Wt LAl 59 9lgo] 58 SAshe A7 EA
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Fig. 2. First-Stage Semi—Automated Preprocessing
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Table 2. Major Category of Interpersonal Relationships

Major Category English Noun Form

I. Narrator Narrator, Protagonist

Father, Mother, Brother, Sister,
Grandmother, Aunt, Niece,
Cousin, Widow, Canoness

II. Family & Relatives

III. Romantic Relations Mistress, Rival, Waiting Woman

Patron, Benefactor, Friend,
Advisor, Broker, Physician,
Chemist, Poet, Director

IV. Helper/Friend
/Professional

Pope, Statthalter, Majordomo,
Secretary, Councillor,
Nobleman, Marquis, Agent

V. Government
/Law Enforcement

Servant, Coachman, Nurse,
Door-Keeper, Cook, Merchant,
Captain, Lady, Wife

VI. Peripheral
/Acquaintances

Sorceress, Academicians,
Sclavs, Thief, Murderer,
Greybeard, Executioner

VII. Other
/Historical Figures

VIII. Servants & Servant, Coachman, Nurse,

Employees Door-Keeper, Postillion
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4.1 Classification of unidentified individuals (p.list)

NER 718t Q18 Z& oA "olF gl A=7(dl:
the priest, a lady, the servant )o| Ty RSO
0, o] ¥r9 Plist2 {#2Jste] Hfstict. s dlo]
Bl 17 U=QA] Lyt GARIA] HHsh7] st Add
AlE &5t

7 AAlE 1R A2 4Yh PAF 27K 2 RS
olF ¥Htl= 71E2 o2 Zoh M, o]5o] EAlst
Al AL, ATS UERH 49 PAE A, 578 7S
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1 A B ERS ALY HE Tle e §

4.2 Gender estimation and correction

NER Zutol|A /d8o] =2 Izl tisl A4 Al
ggsto] dEe ISR A" el A
Madame, Countess §)& 7|£02 Q&9 HEHE &

At

4.3 Merging duplicate individuals

23 AL 5Y 9go] T o]F,

el
L EL Qlojn] WYoR S 497}

(Comte/Count £)o]
A7} A2t ATt 14}
2o 73 AES Fo) AEH0R £

Table 3. Examples of Name Variations and Title
Changes for the Same Individual

Episode 13 15 19
Cornelis / Theophile Corticelli /
Name Cornely / Falengue / .
) . . Lascaris /
variant / Trenti / Merlin / Countess
Title Therese Merlin .
. Lascaris
Trenti Coccaeus
Corticelli
Real. Name Teofilo (pseudqnyms),
(original Teresa Imer Lascaris
Folengo L.
name) (original
name)
Regional Pen names Use of
pseudonyms
Notes use of and name
seudonyms | variants and fake
P y noble titles
"She had
exchanged "the
Source the name of Corticelli,
Sentence Trenti for late
that of Lascaris"”
Cornelis,...”
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4.4 Iterative prompt refinement process
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Table 4. Prompt Refinement Rules
— 2% oY (MBY 22t X2|)

Rule Description l
1 Rule Explicit evaluation criteria [ OIF BA + XY x| J
. went / arrived / fled ... + Venice / Paris ...
Expansion of output
2 Rule .
formats [table, grouping]
3 Rule Structured input information e g . "
[name, title, context] e s S ";Im;;;'
4 Rule Specifictation of rr?gltilingual A
and variant conditions .
;1';',! OR 0|S SA!“’ S >4 :ummjouﬂon
837 olM 28X
ol2{gt Bt=A BEILE <lIX|Yolgs &l HlolE &
Ao Akt A 7154 S Susleick °y
Wo E= = gL x X%/ 201 XB
of wle £t NG Al0] Aufs A1 AlR BE et s 08
E|QloH HolgAlos AR 24 A5 AR 2 v
= = current_location
25t vefolgint. BE WS AN AT oAl ol ==
of 2t I
23 dolE 21K
o is_moved - locations_in_sentence - current_location
episode_1, 1 He was se king King Alfonso  Alfonso 1 YES
episode_1, 2 He ran awpope Pope Martin lll. Martin_lIl. 2 YES l
episode_1, 2 He ran awpope Pope Anna Anna 7 YES
episode_1, 2 He ran aw pope Pope Don Jacok Don_Jacok 34 NO
episode_1, 2 He ran awdon Don Martin IIl. Martin_lIl 20 NO o8 237
episode_1, 2 He ran awdon Don Anna Anna 15 NO
episode_1 2 He ran awdon Don Don Jacok Don_Jacok 12 NO N i
episode_1 2 He ran awdon Don Martin 1Il. Martin_lIl. 32 NO
episode_1 2 He ran awdon Don Anna Anna 27 NO
episode_1 2 He ran awdon Don Don Jacok Don_Jacok 0 YES [ M B X1 coe] Yy ]
episode_1, 3 All the chidon Don Don Juan Don_Juan 0 YES
episode_1 3 All the chidon Don Donna Ele Donna_Ele 9 NO
episode_1 3 All the chidon Don Marco AntMarco_An 20 NO Fig. 4. Region Extraction per Sentence
episode_1, 3 All the chidonna Donna  Don Juan Don_uan 9 NO
episode_1, 3 All the chidonna Donna  Donna Ele Donna_Ele 0 YES
episode_1, 3 All the chidonna Donna  Marco An'Marco_An 11 NO . . . . .
episode_1. 4 In 1481, Dking King Don Juan Don_juan 9 NO Algorlthm 1. Rule-based region classification algorlthm
Fig. 3. Mer Person D
9 erged Perso ata C FOR EACH sentence IN sentence_spans:
o] # 1. Initialize data
5. Region extraction per sentence d text = Get text from sentence
o _ e doc = Process text using NLP model
Fhabesle] o) A2g FAsk] ool 24 B8] ¥y
S BXM5IHA] 0]%-S oJnlsk= ZAKwent, goes, going, # 2. Extract Movement and Location cues
) ) movement_detected = CHECK IF text matches
travel, traveled, journeyed, arrived, departed, movement_patterns
moved, migrated, rode, sailed, crossed, entered, location_list = EXTRACT clean locations from doc
returned, exiled, escaped, fled )9} X|9-& 2julsl= # 3. Logic for updating current location
oW A}(Venice, Paris, Tyrol, London S)7} EAlo] = IF (movement_detected IS TRUE) AND
i ‘ - 1YTOL sVE &A1 S (location_list 1S NOT EMPTY):
A5HH o] A9 o]=0 72 WThef true® 7S5k, &4 # Update global tracker to the first location
found in the sentence
EN Rl o 71Ho 1k 710 o=
£ [A%oly - =71gol uERe S IS current_location = location_list[0]
locations_in_sentence®}t current_location®f A#&sH=
e - _ # 4. Store the analysis results
Jr2 135 noloﬂ}\ Xl™Ho] st B2Xto]] &
HES TG W olsEAR AlFo] & 2l st APPEND to results:
]_,}q 5[/\121]- ':7(]"5‘]'[‘,}]_ oF 1 KiX]'o]' current_location©. - index: current sentence index
- text: original sentence
a = =
2 Jsts YAeR BE w9 AHHeHE 53t - movement_trigger: movement_detected
gt s da2]Eo] st I == offet At - Iocations_foun.di all items in Iocatio.n_.list
- current_location: updated or existing
location
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Fig. 5. Processed Data (Casanova)

IV. Data analysis

1. General statistical overview
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Table 5. Top 5 Individuals by Mention Frequency

Ran Person Total Sl
. Gender . Featured
king Name Mentions .
Episodes
1 Henriette F 215 Ep.6
2 Esther F 167 Ep.11-13
3 Bragadin M 124 Ep.1-13
4 Casanova M 110 Ep.1-19
5 Lawrence M 110 Ep.10

2. Gender distribution analysis

omacE Jd 25 FAt Ak, o4 ¥lEo] 7MY
=2 KF % s Ep.9(Giid 34/71, 47.9%)2 3
l Ylge UEL. Yz Ep 102 o4 dHl&
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V. Evaluation of the proposed method

1. Comparison with other extraction methods
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Table 6. Comparison with Other Person Extraction ®M¥sIC}H AFz 71-E-S D(763])-F(783])-M.(803))S =
Methods 3t BE 2 APljRtoan Uyt ol 2 x|Puje) &
Eteen | naee | Frioss | T8 [y | 592 910 449 30 NS S0R) v, 2 i
Basedon 25 gj7Je "M. D—", "Madame F——"¢} 7-& Ul 1jf
nelsellemaew | freme | T Sl 2t s islz Gerte G2 03
(n=43) sttt siAl pule Ol (Bettina: Abz 79 vs. = 78
1 1,000 911 Previous Cordiani: 39 vs. 39, Gozzi: 26 vs. 26)o|A= & ¥iglo]
) ) Research = =
S Research | byt ESebl Sustglon, AA 48% E 289
976 912 -
n Research (58.3%)0| 4] 2HX1 AX|5HITE
Recall | .952 775 Ereesl':r“fh olge] Aite & Wio] AHA RS A AARRH
T 5, Prevous | Ch A% 479 A5 lege AR BAES sl
Research | xjalafo] An] W1 A 80| %OU(Recall = .952) 58
RMSE | 1.14 12.38 evious - o oksl7 H ol70] A% Elzlo San slut
Research ]4 Q2 Oﬂ 14 }—l— i 1_?‘4 To EHOL_ o ]|_
Pearson | gog |75 | Prevous | o] ssait RN 180] thet AP HAE o
MAPE 5.9 34.2 Previous S0ItHRecall = .775). Wty & WHZ Agdeh 29 A
) ) Research 2—At= 7FeEo 2 ANA| YIS QX SHst 5 2o o
Person ey = o I
Entity gontextuI Overestim (Fi:cnotgen?tti E1E'J oz Qoﬂo 7;]71—}g H]—M—o] %k_?_ ?JE vl =&
Corrupted Discrimi atl_on(DzZé on (D=14, This 4 Kig}ig _,47(49}0} K{E}i 7;1]?_]—Lq
b y ) ,F=78M.=8 _ Study
Abbreviati | "2t10N g F=26.
on(n=s) | Accuracy M.=1) Table 7. Comparison of Movement Detection
Number Performance
Totaljof Bxactl, o gl 98/48(58 Tndex Rule-Based | BERT NLP Gap
Agreement | Matching (58.3%) 3%) Equal TP 17 16 3
Rate(n=48) | Person e ?
Entities FP / / 0
FN 3 4 +1
- ° TN 4 4 0
Ao A-HHBR- )] AA FIAE Abs 7R2"F [precision 0.708 0.696 -0.012
£ 979 25 BS Bol ) 7k A WEmeagie} | Recal 0550 0500 0050
— . o - F1-score 77 744 -0.
tizsto] vlaeh Ay = Hohgq }\61158 = %Ogoﬂ ot Accuracy 0.677 0.645 -0.032
Holsbll Uebget. A4 MEg J1FoR W O
M3l oo Ate 7}QEIS Rl = 964(+2 7|%; lable 8. Comparison of Location Extraction
.. Performance
Precision = .976, Recall = .952), MAE = 0.42,
Pearson r = .999, MAPE = 5.9%% 7|Ssto] & A9 Desltr;:eaxtion RUleiEEa EERTNE Gl
2% EJ7)(F1 = 838, MAE = 5.12, Pearson r = .775, | Accuracy 0850 0.500 ~03%0
MAPE = 34.2%)& A A|#molA AFslstgict. oj2fgt Zap | Current
0= _] oW IR ol=i# AR en | 0806 0.710 -0.096
= 351%E QE0A 53] FE2A]=0, Nanette?] AA| Accuracy
BlEl 4 ﬂo‘oﬂ B Ao Ef7Ighe 23)(2AF —45)0] Zvefagl a o777 0.682 -0.095
SR U RS 7R 438)(0AF —4)2 Ao 2
5t 2'31 Malipiero(2A] 32, 48 QAF =31, Ak QA} A9E 2% 1o B 17t A|AgE Rule-based &

0), Marton(AA] 23, &% QX —22, A= QX 0),
Rosa(AA] 19, 2% Q&} —17, AF= QAF —1)oAE =
Ast mfj§do] eRRIFQICE ol= & A9 AR mdo] A

A S AR FARA Y A ox] BAL
M8 At WAOR 15T o Z|Ushe Ao, 45
B7) wslo) F4ebt @ |2 QFE Jely Os

o mlEls ol 2D, F, M)dAE o]

Alm} BERT NLP 8H[19]9]

Ground Truth HoJE&

ERE

o] SHHoR 27 olsHe

(destination),
2 B7istect ol 391 7 A AES £ A%
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OOE!

LIS i B LS
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Ground Truth 2%}Ho]& TRUE 2071, FALSE 1171)S &
Jstct. 2R 7 SLRE B B8 o 9Al8
Al 5 291 oA} YRS M Hgote], "The eldest left
Parma in 1712"9} Zro] HA19159] A% o] =QIx] ZRA}
Efel MeQIA] ol Eii* Aol tistiA e 9 AAE
et} s AElS] S B Axstel ge) sutos
515 TSI ofeidt B4 FAA ZE AV 5o T
U giAle] AT WUl gt W sk,
Ground Truth Ho|E|9] 41242 HHsIIAL SHIH.
o7} A|E 2= Precision, Recall, Fl-score, 2&X] &=
& Atk (destination Accuracy), FAHR] =& A &
ghe(current_location Accuracy)S AR5ttt Hrt 2
I+ Rule-based WAL Precision 0.708, Recall 0.850,
Fl-score 0.773, ZAX] Accuracy 0.850, AX[LIX]|
Accuracy 0.8062 7]E35t0], A X|Ho|A] BERT NLP ¥4l
(737} 0.696, 0.800, 0.744, 0.500, 0.710)& 4F3lst9ct. o]
2|5t A1t= 18A4)7] AfAAol2l= FIAE TH|Qlo] ZH= A
7] 29 B4, Z 1A o5 B3 o&, 4UE AW &
7], 2e)m sht ol St &4 Ao &) Q] Flelst
S, 525 U Ao 0|5 E@e o) ololg Ale
Go7t ME ¥ PAMY AlFe] Fatzo), Ao} wat
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Z107190] "to/at/in [R|Y]" X2 & w2 1A XX|At
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"took me with her in a gondola as far as Muran"o]
Lt "she summoned me to Venice'? 742 Q3]A o]=
BN FXRF FEshs G At ¥, Rule-based
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AAL 125 v o R OIS 7Jes] ZASIGIT.

AR, APRoll= SAd=e] A o] s wet otz &
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eldest left Parma in 1712"(&4} o]= )L} 'l remained at
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2. Applicability to other memoir data

7HAbBieb FAIY Q=1 WAl mEZ|o] s
22010 2 =20l A Kﬂ/\l gh 2dlg ANgsto] 4E o
olg|20] SRS AZSITA}F 51t 7|EA0l ndlo
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=2 U3 | %336}9"1"«}

=2 - -1

2 UE oY 2% Amr aRjZo2A W
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ot ol59] MRS, MA-xI9] AP
B} e Angol 3wt

Fig.79] Zak23} 7pbest clolel2 vlmet Au,
Qlo] Koz Asslgiy. Ay A, ole Bas)
gouf, sl 27 BRI P Ao PyKos 2

stoict.

# AEH/S3 E8 (ZU2E ANE UE)

TITLES_SET = {
#E0
"bishop", "reverend”, “"rev.", "pastor”, "minister", "father”,
“brother”, “cardinal”, “archbishop”, "priest", “deacon",
# ZAH
“general”, “"colonel”, “"captain”, "major”, "lieutenant”,
"sergeant”, "commodore”, “"admiral”,
# Qil/@?ﬁ
“governor”, oresident", "senator”, "congressman”, "representative”,
"secretary”, "commissioner”, "judge", "justice', "magistrate",

“deputy”, "speaker", "ambassador®, “agent”,

, "dr.", "professor”, "m.d.",
J ", "chemist”, "philosopher”,
# w‘*\: AlEIHE 53
"sir", "lord", "lady", "duke", "duchess”, "earl|", "baron”,
"baroness", "marquis”, "count”, "prince”, "princess”,
“n.", "nr.", "mrs.", "miss", "ms.",
# A

"esquire”, "esa.”,

“printer”, “"publisher", "merchant", “tradesman",
“postmaster”, "surveyor”, "attorney”, "lawver”,

}

“apprentice”,

Fig. 6. Dictionary for Application to Other Memoir Data
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Autobiography U
Richard M
Jeffrey M
Edison M

M

Carlyle
Robert Louis Stevens M

Henry E. Huntington M
Huntington Unknown

Fig. 7. Processed Data (Benjamin Franklin)
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VI. Conclusions
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Appendix. Used Prompts
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Table 9. Generative Al Parameters

Table 10. Criteria for Merging Duplicate Persons
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Parameter Parameter value Criteria Threshold
Model GPT-5.3, Gemini Pro 3.1 Same person > 0.85
Pro Candidate pool 0.65 ~ 0.85
Temperature 0.2 Mismatch < 0.65
top_p 0.9
max_tokens > 2000 . _ _
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Table 11. Failure Handling
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oA @77t wAste] HE

Policy

Case

Handling Method

Gender
unavailable

identification

Retain 'unknown' status

Unclear if the same person

Keep separated without

merging

Unclear if entity is a person

Handle as a generic noun

Insufficient context ﬁ\igfr;tationonly current
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Table 12. Classification Mismatch

Criteria
Inclusion of proper names
Presence of Role/Occupation
Contextual specificity

Priority
Primary priority
Secondary priority
Tertiary priority

Table 13. Gender Mismatch

Priority Criteria
P r I.m ary Titles (e.g., Don, Dona, Abbé)
priority
Sgcgndary Gender inferred from name
priority
T ¢ r.t '8 TY | Contextual information
priority

2 A 2A 7leer Hojeo

Table 14. Inconsistency in Merging Identical Persons

Priority Criteria
Primary .

. Presence of aliases or regnal names
priority
Sgcgndary Name similarity (= 0.85)
priority
Tertiary

. Contextual redundancy
priority

BEUS 29 WEIA] opch

G
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