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Topic Modeling of Agatha Christie’s Works

Narumi Tsuchimura (Graduate School of Language and Culture, Osaka University)

This study applies topic modeling based on Latent Dirichlet allocation (LDA) to the detective works by Agatha
Christie. The works by Dorothy Sayers, a female mystery writer contemporary with Christie, are used in this study
to compare with Christie’s works. MALLET, a Java-based package for statistical natural language processing, is
used to build a topic model, and we visualized relationships between topics and words that compose topics, and
those between topics and texts. We attempt to investigate characteristic topics and stylistic features in Christie’s

works.
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Table 1 Christie’s works used in this study.

VR4 WA | 2—F | R
The Mysterious Affair at | 1920 cl 56,938
Styles
The Secret Adversary 1922 c2 75,647
The Murder on the Links | 1923 c3 59,751
The Man in the Brown | 1924 c4 75,558
Suit
The Murder of Roger | 1926 c5 70,086
Ackroyd
The Mystery of the Blue | 1928 co 70,365
Train
Three-Act Tragedy 1935 c7 57,430
Death in the Clouds 1935 c8 60,208
The ABC Murders 1936 c9 59,043
Dumb Witness 1937 cl0 74,817
Sad Cypress 1940 cll 55,594
The Moving Finger 1942 cl2 56,669
They Do It with Mirrors | 1952 cl3 51,364
Destination Unknown 1954 cl4 60,878
Hickory, Dickory, Dock | 1955 cl5 56,968
4.50 from Paddington 1957 cl6 66,063
The Pale Horse 1961 cl7 63,099
By the Pricking of My | 1968 cl8 70,619
Thumbs
Passenger to Frankfurt 1970 cl9 69,317
Sleeping Murder 1976[*1 | <20 59,047

F2 A Y= AOHH XIS K
Table 2 Sayers’ works used in this study.

VR4 HIRE | =2—F MEEE

Whose Body? 1923 sl 59,363
Clouds of Witness 1926 s2 82,203
Unnatural Death 1927 s3 81,146
The Unpleasantness at | 1928 s4 72,201
the Bellona Club

Strong Poison 1930 s5 77,691
The Five Red Herrings 1931 s6 111,728
Murder Must Advertise 1933 s7 108,599
The Nine Tailors 1934 s8 107,924
Gaudy Night 1935 s9 159,577
Busman’s Honeymoon 1937 s10 116,569

a ) Sleeping Murder I3 1940 HAXHIHAIZ 58 %
LTEY, 7UAT  ORZICHREND T
ETH TN, 1975 FEITIIE LB FRE
AT Z & OHSRIRWEEEIREETH 5 7272
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ETH 5. A% TIE Bleietal. (2003)[7)12 & » T
B INZEENT « U 7 L E 4 ik (Latent
Dirichlet allocation: LDA)Z H\\ 7= M E v 7 £ L
EIEITT D BENT 4V 7 VEIEE, SCEI
O MY Yy 7D ORERIND EVDH Z L%
ELEETATHD. HEIZBAEMIZIEY v 7
R, AL My 7 2ok R T E LY
W, WO B ZITHESE, HED MYy 7 AR
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L. AREENA Ny T — REHY TREET
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— RURXMNIMA, NAEA LYy 7T — RICEE
LT &EiTo.
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ETOHITICB W ThaE 72 MYy 7 BUIFIEL
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2L DXLEIZETZNDRENRFE Y7 Ll
HMaInd, XHETL0ERBABIET D LN
W75, WAy 7 BEZ<EELBES L,
fElx D Ney 7 BMESEECLENY, 26
OO EMECHREE L 70 5. ABFZETIIRIH
5 REy 78E 20 D 50 £ TELSETHIT
phRi e AT, LR T hE vy 7 % S0 ITEREL
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D, HROFRIDB T 2. D7 HHERY
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b )http:/mallet.cs.umass.edu/index.php
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DEHZD 120 UL EO L OYORERMEEZ R v h U —
777 THRLEBDORX 1 ThD. X "YU
— 2 75T OB Y 7 k7 =7 Gephi[]%
AL £/, ThTho by 7 2+ 558
T, & My 7T 2EA(FLHE)DEmWVGE
F3ITR L.

Py NT—=I T T TNOEFIZ Y v 7 25
LTEY, HELFEOOSVW TSy VD KRS,
WIS My 71T 2FEE LIS L TW
. HELEBO N Yy I 52O L2145
D, HEEE FE 7 ER—X—0BRIZH D &1
RO7Z20. ZOI, £72£3 TRENTZH FE Y
7 HRER T D EERFENS, TNENLD MY 7
DA T AL O ZHRT AL LAETH
D, BlZIE N> 2 01X room, window, upstairs 73
ENSZENICET D MY v 7, 42 13 murder,
murderer, killed 72 E DB NIZET A5 Ry 7 T
bHEBEZDHZENHKD., MY T 00L& 2%
W T 27827 — K770 RTHRELLLEZLD
N 2,3 ThHs.

X3 KMy 7 2HERT DEREE
Table 3 List of words that compose topics.

rey s F—U— R

0 | door, room, window, bed, back, house, open, opened,
looked, thought, light, night, heard, key, stood, left
1 | mr, whittaker, lady, good, story, suppose, business,
solicitor, family, made, town, act, property, woman
2 | church, rector, bells, st, superintendent, bell, mr, great,
good, grave, rope, ah, mrs, years, dear, fenchurch
3 | miss, dear, i’'m, people, it’s, afraid, person, young, feel,
asked, poor, tea, hope, great, i’ve, showed, booth
4 | young, girl, time, guess, replied, chance, minute, long,
boy, hand, heard, suddenly, plan, men, continued
5 | dr, family, dog, fact, died, doctor, aunt, ball, left, house,
stairs, money, husband, fool, lawyer, woman, manner
6 | things, world, people, young, youth, men, power, great,
country, thought, money, interesting, music, looked
7 | man, people, time, plane, world, end, place, free, dr,
american, work, understand, part, cold, french, word
8 | seat, norman, woman, madame, lady, blowpipe,
business, case, paris, english, shook, murder, noticed
9 | sir, mr, man, police, asked, butler, strange, fellow,
gentleman, lady, death, put, gentlemen, glass, er, party
10 | mrs, mr, friend, asked, room, coffee, village,
remember, strychnine, af, dr, cried, husband
11 | mr, ain’t, that’s, mrs, lordship, vicar, put,
superintendent, lady, pot, good, gentleman, morning
12 | mrs, house, it’s, people, don’t, woman, time, things,
picture, kind, aunt, i’m, years, remember, husband
13 | man, mr, inspector, time, girl, people, crime, murder,
crome, murderer, police, murders, young, minute
14 | voice, face, hand, round, eyes, turned, suddenly, sat,
moment, back, hands, head, words, passed, arm, stood
15 | man, horse, pale, mark, woman, called, cabin, asked,
told, diamonds, secretary, poppy, night, didn’t, africa

¢ ) https://gephi.org/

[ASCRIEE a v Ea—% 2 v RY Y 4] 20174E12RH

16 | it’s, that’s, he’s, don’t, i’m, there’s, man, i’ve, can’t,
you’re, we’ve, you've, isn’t, we’ll, we’re, won’t

17 | house, dr, wife, mrs, remember, time, father, years,
didn’t, it’s home, thought, reed, garden, asked

18 | train, station, time, minutes, mind, London, hotel, day,
looked, hat, town, left, passed, ticket, line, started

19 | nurse, mrs, aunt, dr, girl, time, death, patient, made,
thought, morphine, make, died, head, left

20 | didn’t, wasn’t, couldn’t, told, back, thought, he’d, i’d,
time, made, knew, that’s, thing, wouldn’t bit, hadn’t

21 | monsieur, madame, mademoiselle, man, ah, comte,
paris, train, magistrate, woman, told, moment, de, ch

22 | don’t, it’s, i’m, that’s, i’ve, she’s, people, you’re,
things, isn’t, can’t, i’d, girl, dear, doesn’t, you’ve

23 | hand, paper, pocket, find, small, found, left, made,
back, place, carefully, picked, piece, dropped, papers

24 | mrs, inspector, police things, girl, young, ring, ink,
students, road, room, mr, lane

25 | inspector, general, man, asked, major, things, money,
ten, question, club, minute, girl, call, pounds

26 | man, body, found, make, police, dead, doctor, place,
case, doubt, find, chief, put, men, yard, suppose, end

27 | morning, time, time, night, telephone, evening,
o’clock, give, home, rang, heard, round, yesterday

28 | hair, long, eyes, black, kind, small, thought, tall, face,
dark, made, sat, side, touch, white, short, large

29 | mr, woman, family, good, arsenic, time, inspector,
bacon, tea, told, boys, made, hall, asked, making

30 | de, french, cat, mon, la, war, English, le, pas, brought,
c’est, en, je, mais, bon, bien, rich, suppose, husband

31 | head, water, coming, lay, heavy, dead, feet, broken,
struck, god, light, full, arms, caught, hands, ran

32 | car, back, house, road, turned, place, side, gate, drive,
half, country, path, long, close, wall, big, past, garden

33 | tae, bicycle, car, inspector, ye, sergeant, constable, ay,
wi, gatehouse, morning, road, night, glasgow, tuesday

34 | inspector, curry, mrs, christian, mr, shot, looked, dr,
hall, study, back, great, door, idea

35 | evidence, heard, coroner, witness, deceased, court,
called, jury, case, prisoner, put, murder, judge, impey

36 | dean, college, de, vine, warden, quad, work, room,
oxford, library, students, time, common, term, kind

37 | made, mind, felt, life, great, love, feeling, day, feel,
knew, world, end, thing, find, set, beginning, moment

38 | letter, letters, read, write, written, writing, paper, book,
wrote, day, address, good, words, received, morning

39 | man, street, business, taxi, day, square, shop, flat,
office, corner, morning, paid, moment, information

40 | mr, man, night, duke, duchess, denver, lady, loadship,
brother, mother, shot, morning, bath, till, body

41 | mr, dean, office, armstrong, room, copy, desk,
staircase, advertising, victor, headline, replied

42 | murder, case, crime, thing, idea, fact, truth, friend,
point, story, murderer, person, knew, killed, motive

43 | things, thought, put, don’t, coming, kind, thing, back,
remember, wanted, mind, suppose, thinking, left

44 | lady, dear, good, make, hope, poor, matter, bad, days,
give, mine, great, ah, interest, excellent, speak, trouble

45 | young, woman, money, years, married, life, girl,
mother, men, women, father, child, ago, live, wife

46 | death, made. matter, people, time, mind, point, case,
person, question, fact, opinion, kind, present, subject

47 | looked, head, face, asked, nodded, eyes, shook, good,
smiled, slowly, chapter, manner, murmured, rose

48 | don’t, i’'m, make, can’t, it’s, god, i’ll, good, thought,
won’t, afraid, damned, stand, you’re, long, word

49 | good, round, time, i’ll, put, bit, damn, thing, sort,
gentleman, fellow, i’d, show, give, fact, what’s
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Figure 1 A network graph of relationship between topics and words.
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Figure 2 A wordcloud of Topic 0.
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Figure 3 A wordcloud of Topic 42.
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Figure 4 A networkgraph of relationship between topics and texts.
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Figure 5 A wordcloud of Topic 47.

he asked. ~"Henden." Miss Brewis looked a little astonished. Poirot recolls
ised and assured." Hercule Poirot looked a little astonished by the outburst
ke, smiling, adding hastily as she looked a little bewildered, ~ "My name is L1
here will be repercussions."” Mary looked a little bewildered. ~“You mean thi
His eyes were amused. Carrington looked a little confused. ~“Not at all no
explanation can bel" I thought he looked a little crestfallen, and rather wii
ed.” “TOh, I see.” Rose Humbleby locked a little crestfallen. But she went
o a close, Poirot joined them. He looked a little dejected. ~“Well, mon che:
est, Poirot?" The chief constable looked a little disappointed rather like a
““Yes, yes..I wonder too." Clayton locked a little distrait. °~“Well, I must ]
pe broke off. His nice kindly face looked a little disturbed and uncomfortabli
““such as?" “"Well " Tim Kendal looked a little doubtful 'Bread and butter
s and drove away. Miss Vansittart looked a little doubtful for a moment or t1
perintendent.” The superintendent looked a little doubtful at the compliment
was goaded inte it." Miss Marple locked a little doubtful. She could not qu.
ne day that he had one." Tuppence looked a little dubious. ““You don't thinl
ere! Not at all apparentlyl!” Tony looked a little embarrassed. ~“Rather odd
ed his throat rather nervously. He looked a little embarrassed. ““That's
ce long rest.” Colonel Clapperton looked a little irresolute. Evidently the
rightfully dangerous." *“Mary's no
nd look at the pictures. A man who looked a little like the model for the
as dressed in glittering green and looked a little like a mermaid. She was

7 looked D7 A—H L AT A L D—1
Figure 7 An example of concordance lines of looked.

Merrowdene looked a little irritated.

3-word cluster Freg In Files
1 shook his head 1,287 158
2 shook her head 704 141
3 nodded his head 234 ar
4 his head and 175 79
5 her head and 163 75
6 the head of 144 64
7 his head he 140 69
8 his head i 136 71
9 his head no 126 65
10 turned her head 123 55
11 on the head 119 49
11 turned his head 119 62
13 her head i 112 61
14 nodded her head 108 51
15 head of the 105 57
16 of the head 104 62
17 shook my head 102 26
18 his head in 101 60
19 her head no 85 61
20 her head she 87 50
X 8 head D 35k T A X —

Figure 8 A list of three-words cluster of Aead.
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