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B Results from Proje
t Gutenberg texts 91 Introdu
tionModern methods of authorship attribution are reviewed for Russian te
h-niques by Milov (1994) and for Western methods by Holmes (1998). Despitethe huge variety of methods, none of those des
ribed in either paper havebeen applied to a large number of texts. Often su
h methods require an ele-ment of human intervention whi
h makes their appli
ation to large numbersof texts almost impossible. Yet the generalisability of these te
hniques is ofprime importan
e | 
an they be used outside the parti
ular 
ase that theywere designed for?One method whi
h has been tested on a number of texts was proposedby Fomenko and Fomenko (1996). They examine the proportion of fun
tionwords used by an author, and �nd that this is stable for ea
h author, a
rossa large number of writers in Russian.In this paper we present a method whi
h has its origins in the earlytwentieth 
entury in the work of Markov (1916). In 
riti
ising the work ofMorozov (1915), he re
alls a te
hnique used to examine the text of EugeneOnegin in 1913. In Markov's paper we �nd the �rst appli
ation of the ideaof the Markov Chain, used in many �elds today, e.g. spee
h re
ognition.We 
onsider a straightforward measure, i.e. the letters that are used in thetext. Unlike re
ent work involving letters by, for example Kjell (1994) andForsyth and Holmes (1996), we 
onsider not the relative frequen
y of a letterbigram, but rather the probabilities of the subsequent letter, e.g. given thata parti
ular letter is an `f' whi
h letters are most likely to follow it?In the following se
tion we des
ribe the method in detail. Subsequentse
tions put the idea in to pra
ti
e with a large sele
tion of texts from theProje
t Gutenberg ar
hives, data from Baayen et al. (1996)'s investigation ofthe use of synta
ti
 information, and from The Federalist Papers. We �nishwith the 
on
lusions drawn from these examples.2 MethodIf we wanted to �nd a probabilisti
 model for natural language text, wemight 
onsider a simple model where letters and spa
es were generated in-2



dependently a

ording to their probabilities of o

urren
e in the language.Of 
ourse, letters do not o

ur at random, and are dependent on the letterswhi
h o

ur before them. The simplest su
h model would have ea
h letterbeing dependent only on the pre
eding letter. This gives rise to a �rst-order,or simple, Markov 
hain model. We will show that this model 
an be usedto determine authorship in a wide variety of examples.As an example of a �rst-order Markov 
hain, we 
an 
onsider a sequen
eof a redu
ed number of letters, for example a se
tion of DNA. The se
tionbelow is taken from the start of the X-
hromosome.GATCATTGATATGTTGCTAGAACTATGAGTGTTAAAGGTGCTTGTGGTGAGTTATCAGACAGAAACGCAGAAGATGTTATTGGAAGCTTGAGGAAAAGTGATCCTGGATTTACAGTGCCAAGAATTGGCCTGTATTGTGTTCTCAATGTTTTTGAGGAAGGTAGAAACTGTAAGTGATGAIn this 
ase we have four possible 
hara
ters, A, C, G and T. If we 
ountthe number of times in this se
tion of DNA that A o

urs, we �nd that ofthe 53 o

urren
es, A is followed by another A 17 times, or 32.1% of thetime, while a C follows only 5 times (9.4%), a G, 17 times (32.1%) and a T14 times or 26.4%. We 
an then 
onstru
t a full transition matrix:Se
ond 
harA C G TA 17 5 17 14First C 7 3 1 8
har G 20 6 8 17T 10 5 24 17This 
an be turned into a matrix of probabilities by dividing ea
h numberby the total for that row, e.g. for A followed by another A we have 17=(17+5 + 17 + 14) = 0:320755: Se
ond 
harA C G TA 0.320755 0.094340 0.320755 0.264151First C 0.368421 0.157895 0.052632 0.421053
har G 0.392157 0.117647 0.156863 0.333333T 0.178571 0.089286 0.428571 0.3035713



While in studies of DNA the alphabet 
onsists of 4 
hara
ters, with textsin English we have 26 
hara
ters, plus the spa
e 
hara
ter, to deal with. Thetheory remains the same, with a 27�27 transition matrix repla
ing the 4�4one illustrated above.Some pre-pro
essing of the texts is 
arried out before the transition ma-tri
es are 
al
ulated. All pun
tuation and formatting are removed. Khmelev(2000) shows that better results are obtained when 
apitalised words su
h asproper nouns and senten
e-initial words are ignored and so words beginningwith a 
apital letter are also omitted. Formatting is redu
ed to a single spa
ebetween words, and also at the beginning and end of the text. A mathemat-i
al des
ription of the te
hnique 
an be found in Appendix A while the maintext will des
ribe it in general terms.A transition matrix, 
omparable to the one above, although mu
h larger,is then 
al
ulated for ea
h text. The transition matrix for an author isprodu
ed by averaging the elements of the matri
es from ea
h text by thatauthor.In order to predi
t the authorship of a new text, assuming that it waswritten by one of the known authors, we 
onsider the probability of the textbeing generated by ea
h of the transition matri
es. Ea
h author will thus beassigned a probability. These probabilities are then ranked, with the highestprobability having rank 0, the next rank 1 and so on, and the author withthe highest probability and thus lowest rank is deemed to have written thetext.Khmelev (2000) presents this te
hnique and applies it to authors writingin Russian. He shows that it gives substantially better results than theanalysis of individual letters. In the present paper we apply the method toEnglish texts in
luding two published data sets.3 Appli
ationWe will 
onsider three data sets to illustrate the te
hnique des
ribed above:1. Authors of texts in English, obtained from the Proje
t Gutenbergar
hives,12. Data from the Baayen et al. (1996) paper: `Outside the Cave of Shad-ows',1Proje
t Gutenberg web site: http://promo.net/pg/4



3. The Federalist Papers.Ea
h se
tion will present the problem, des
ribe the division into trainingand test sets, indi
ate the levels of 
ross-validation a

ura
y, and present anddis
uss the results.3.1 Proje
t GutenbergIn order to 
onsider as wide a variety of writers in English as possible, textswere obtained from the Proje
t Gutenberg ar
hives. A total of 387 textswere obtained from 45 authors who had more than one text in
luded in thear
hive; the details of authors and 
lassi�
ations are given in Appendix B.One randomly 
hosen text from ea
h author was held out to make up aninitial test set. The results from 
omparing these texts with the 45 authorsare given in the �rst two 
olumns of Table 1. Thirty-three texts were 
orre
tly
lassi�ed, while another 5 had rank 1, i.e. the 
orre
t author was the se
ond
hoi
e. The mean of the ranked values is E(Rk) = 1:681. Given that there are45 texts to be assigned, the 
orre
t assignment of 73.3% of them representsan error rate of just 0.687%.2One Text All TextsRank Number Rank Number0 33 0 2881 5 1 262 0 2 103 1 3 54 2 4 9> 4 5 > 4 49Table 1: Results from 
ross-validationA full 
ross-validation was also 
arried out, where ea
h text in turn is leftout of the analysis, then the authorship of this text is predi
ted from theother data. The third 
olumn of the table in Appendix B details the average2If we assume that ea
h pairwise 
omparison of a text and author is independentand error rate in ea
h 
omparision is p, then the probability of a 
orre
t 
lassi�
ation is(1 � p)45. For error rate p = 0:05 we have (1 � 0:05)45 � 0:099, and solving for p gives(1� 0:006868)45 = 0:7333. 5



rank obtained for texts from ea
h author. Of the 387 texts and 45 possibleauthors, 288 texts are 
orre
tly 
lassi�ed. The full results are presented inthe se
ond part of Table 1. The average rank for the texts is E(Rk) = 2:100.3.2 Outside the Cave of ShadowsIn a study of how authorial dis
rimination may be improved by the use ofsynta
ti
 data, Baayen et al. (1996) examined ten samples of text from ea
hof two known authors, Innes and Allingham. Of the twenty samples, theprovenan
e of fourteen was known to the experimenters, the remaining sixhad to be assigned to one of the two authors. Baayen et al. use prin
ipal
omponents analyses of frequently o

urring words, measures of lexi
al ri
h-ness, and rare 
onstru
tions to identify the authors of the six text samples.While Baayen et al. apply their methods to both the synta
ti
 and lexi
alvo
abulary, we will just 
onsider the lexi
al data sin
e a transition matrix ofsyntax rules would be too large to deal with. The two sets of attributed textsamples will form the training set, while the unassigned samples will formthe test set.Cross-validation gives perfe
t results; all of the texts known to be byauthor A (Innes) are 
lassi�ed as being by Innes, and the samples fromauthor B (Allingham) are all 
lassi�ed as being by Allingham. The allo
ationof the six samples to be 
lassi�ed and their 
orre
t attributions, shown inparentheses, are A (A), B (B), A (B), A (A), B (B) and A (A) respe
tively.Five of the six samples have been 
orre
tly assigned to their authors, whi
h
ompares favourably with similar results reported by Baayen et al. whenusing measures of lexi
al ri
hness (four out of six 
lassi�ed 
orre
tly) andfrequently o

urring words (�ve out of six). Inspe
tion of the probabilitiesrealised by the transition matri
es shows that the di�eren
e between theattributions has an average of 0.0060 and a standard deviation of 0.0028.The third text, whi
h was mis-
lassi�ed, gives rise to a di�eren
e of only0.00038. This te
hnique therefore performs as well as any of the methodsapplied to the lexi
al data by Baayen et al.3.3 Federalist PapersThe Federalist Papers were written in 1787 and 1788 to persuade the 
itizensof New York State to adopt the nas
ent Constitution of the United States.From their initial use by Mosteller and Walla
e in 1964, through resear
h by6



M
Colly and Weier (1983) to re
ent work by Holmes and Forsyth (1995) andTweedie et al. (1996), they have be
ome somewhat of a test 
ase for newmethods of authorship attribution.There are 85 texts, of whi
h 52 were written entirely by Hamilton and14 entirely by Madison, with 12 papers that are disputed between these twoauthors. A further three texts were written jointly by Hamilton and Madison.The remaining texts were written by Jay and we shall not 
onsider these textshere. The texts known to be by either Hamilton or Madison will form thetraining set, while the disputed and joint papers will make up the test set.When individual texts are held out for 
ross-validation purposes, we �ndthat four out of the fourteen Madison papers are 
lassi�ed as being by Hamil-ton, while only two out of the 52 Hamilton papers are mis
lassi�ed. Thisoverall mis
lassi�
ation rate of 9% is quite a

eptable for 
ross-validation.All of the disputed papers are assigned by the Markov 
hain to Madison,a result 
onsistent with that of Mosteller and Walla
e and subsequent re-sear
hers. In addition, the joint papers, i.e. numbers 18 to 20, are 
lassi�edas being by Madison, Hamilton and Madison, respe
tively.Mosteller and Walla
e (1964) also assign paper 18 to Madison, althoughTweedie et al.'s neural network assigns it to Hamilton. The latter note thatvery few of their eleven fun
tion words a
tually o

ur in the text. A te
hniquesu
h as the one presented here whi
h deals with letter bigrams will not havethis problem, and hopefully give rise to more a

urate results.Our te
hnique assigns paper 19 to Hamilton, although the probabilitiesdi�er only by 0.0007, in 
omparison with the average di�eren
e of 0.0048 forthe undisputed papers. Mosteller and Walla
e 
on
lude that the majority ofthe paper was written by Madison, and Tweedie et al's neural network alsoassigns the text to Madison.Finally, for paper 20, Tweedie et al. (1996) 
ite Bourne (1901) writingFully nine-tenths of it is drawn fromMadison's own abstra
t of SirWilliam Temple's Observations upon the United Provin
es andof Feti
e's Code de l'Humanit�e . . . Sir William Temple's 
laimto be re
ognized as joint author of No. 20 is far stronger thanHamilton's.They 
on
lude that Temple's in
uen
e is the reason that the paper is as-signed to Hamilton; our method assigns the text, perhaps more a

urately,to Madison. 7



4 Dis
ussion and Con
lusionsIn the se
tion above we have 
onsidered three data sets whi
h illustrate theversatility of our proposed te
hnique. Many studies of authorship attributionare limited by the small number of texts that are 
onsidered, with validquestions about their generalisability. To address this, our �rst data setwas made up of 387 texts from 45 authors, 74.42% of whi
h were 
orre
tly
lassi�ed. If we treat as 
orre
t an author being in the top three sele
ted, thesu

ess rate goes up to 83.72%, a quite remarkable result. Khmelev (2000)reports similar results with texts written in Russian.To test the method on data in the literature we 
onsidered two previouslypublished 
ases. Our te
hnique performs at least as well as any used byBaayen et al. (1996) on the lexi
al data, and 
orre
tly assigns the disputedFederalist Papers. This su
ess is parti
ularly reassuring given the 
hangein magnitude of the sample sizes, from hundreds of thousands of words inthe Proje
t Gutenberg ar
hive data to around ten thousand in the Cave ofShadows data to around one thousand words in the Federalist Papers.The data used for the Markov Chain 
an perhaps be des
ribed as lin-guisti
ally mi
ros
opi
 - the unit is too small for meaningful 
on
lusions tobe rea
hed regarding 
hara
teristi
s of the texts by the individual authors.Comparison of transition matri
es may allow the resear
her to 
omment thatHamilton uses `p' followed by `a' more than Madison, for example, but thisdoes not add to the stylisti
 interpretation of the texts.Su
h letter sequen
es may also be dependent on the subje
t of the texts.Improved results may be obtained by removing 
ontext-dependent wordsand performing the analysis only on fun
tion words, or very frequent words.Another possibility, along the lines of Baayen et al. (1996), would be toexamine the transitions between parts of spee
h used, thus tapping in tothe synta
ti
 stru
ture of the text and avoiding any dependen
e on 
ontext.This resear
h is ongoing and some results are presented in Kuskushkina etal. (2001).
8



A Mathemati
al Ba
kgroundGiven W writers ea
h of whi
h has Nw texts, where w = 0; : : : ;W � 1, wehave Qwnij whi
h is the number of transitions from letter i to j, for text n(n = 0; : : :Nw � 1) from writer w (w = 0; : : :W � 1). To �nd the predi
tedauthor for text n̂ of author ŵ we haveQkij = Nw�1Xn=0 Qknijfor k 6= ŵ, and Qŵij = Xn6=n̂Qŵnij :We then have �k(ŵ; n̂) = �Xi;j Qŵn̂ij ln QkijQki !and �ŵ(ŵ; n̂) = �Xi;j Qŵn̂ij ln QŵijQŵi !If Qkij = 0 then we do not evaluate that part of the sum.We also de�ne ranks Rk(ŵ; n̂) to be the rank of �k(ŵ; n̂) in f�k(ŵ; n̂); k =0; : : : ;W � 1g where Rk(ŵ; n̂) 2 f0; : : : ;W � 1g. If the text is assigned tothe 
orre
t author, then Rŵ(ŵ; n̂) = 0.B Results from Proje
t Gutenberg texts

9



rank of average number ofAuthor held-out text rank in 
-v textsAusten, Jane, 1775-1817 0 0 8Bronte, Anne, 1820-1849 0 0 2Bronte, Charlotte, 1816-1855 1 5.25 4Burroughs, Edgar Ri
e, 1875-1950 0 0 25Carroll, Lewis, 1832-1898 0 7.67 6Cather, Willa Sibert, 1873-1947 0 0 5Christie, Agatha, 1891-1976 0 0 2Conrad, Joseph, 1857-1924 0 0.32 22Cooper, James Fenimore, 1789-1851 0 0.83 6Crane, Stephen, 1871-1900 0 2 2Defoe, Daniel, 1661?-1731 3 7.12 8Di
kens, Charles, 1812-1870 4 2.07 57Doyle, Arthur Conan, Sir, 1859-1930 7 2.45 20Eliot, T. S., 1888-1965 0 0 3Fielding, Henry, 1707-1754 1 1 2Fitzgerald, F. S
ott, 1896-1940 0 0 2Hardy, Thomas, 1840-1928 0 0 7Hawthorne, Nathaniel, 1804-1864 0 0.5 12Henry, O., 1862-1910 0 0 8Irving, Washington, 1783-1859 0 5.43 7James, Henry, 1843-1916 0 1.36 22Kilmer, Joy
e, 1886-1918 0 0 2Kipling, Rudyard, 1865-1936 0 2.14 14Lamb, Charles, 1775-1834 0 0 3Lewis, Sin
lair, 1885-1951 0 0 2London, Ja
k, 1876-1916 1 1 28Longfellow, Henry Wadsworth, 1807-1882 0 0 3Marlowe, Christopher, 1564-1593 0 0 7Maugham, W. Somerset, 1874-1965 0 0 2Melville, Herman, 1819-1891 0 2 2Millay, Edna St. Vin
ent, 1892-1950 0 0 2Milton, John, 1608-1674 0 6.59 6Poe, Edgar Allan, 1809-1849 0 0.75 8Potter, Beatrix, 1866-1943 0 0 2Shaw, George Bernard, 1856-1950 10 4.57 7Shelley, Mary Wollstone
raft, 1797-1851 0 0 2Sin
lair, Upton, 1878-1968 25 29.67 3Stoker, Bram, 1847-1912 11 7 2Swift, Jonathan, 1667-1745 0 0.5 4Tennyson, Alfred, Baron, 1809-1892 0 0 3Thoreau, Henry David, 1817-1862 0 0 3Trollope, Anthony, 1815-1882 4 6 5Wells, H. G., 1866-1946 1 0.67 18Wharton, Edith, 1862-1937 0 0.11 9Wilde, Os
ar, 1854-1900 1 7.25 20Table 2: Authors sampled from Proje
t Gutenberg, with the number of textsexamined, the rank of a single held-out text and the sum of the ranks when
ross-validation is 
arried out.

10



Referen
es[Baayen et al. 1996℄ Baayen, R. H., van Halteren, H., and Tweedie, F. J.(1996). Outside the 
ave of shadows. Using synta
ti
 annotation to enhan
eauthorship attribution. Literary and Linguisti
 Computing, 11(3):121{131.[Bourne 1901℄ Bourne, E. G. (1901). The authorship of The Federalist. InEssays in histori
al 
riti
ism, pages 113{145. Charles S
ribner's Sons, NewYork.[Fomenko and Fomenko 1996℄ Fomenko, V. P. and Fomenko, T. G. (1996).Avtorskij invariant russkikh literaturnykh tekstov. [Predislovie A. T.Fomenko℄ (Authors' quantitative invariant for Russian literary texts [Com-mentary by A
ademi
ian A. T. Fomenko℄). In Fomenko, A. T., editor,Novaja khronologija Gretsii: Anti
hnost' v srednevekov'e, pages 768{820.Izd-vo MGU.[Forsyth and Holmes 1996℄ Forsyth, R. S. and Holmes, D. I. (1996). Feature-�nding for text 
lassi�
ation. Literary and Linguisti
 Computing,11(4):163{174.[Holmes 1998℄ Holmes, D. I. (1998). The evolution of stylometry in human-ities s
holarship. Literary and Linguisti
 Computing, 13(3):111{117.[Holmes and Forsyth 1995℄ Holmes, D. I. and Forsyth, R. S. (1995). TheFederalist revisited: New dire
tions in authorship attribution. Literaryand Linguisti
 Computing, 10(2):111{127.[Khmelev 2000℄ Khmelev, D. V. (2000). Disputed authorship resolutionthrough using relative entropy for Markov 
hains of letters in human lan-guage texts. Journal of Quantitative Linguisti
s, 7.[Kjell 1994℄ Kjell, B. (1994). Authorship determination using letter pairfrequen
y features with neural network 
lassi�ers. Literary and Linguisti
Computing, 9(2):119{124.[Kukushkina et al.℄ Kukushkina, O. V., Polikarpov, A. A., and Khmelev,D. V. (2001). Opredelenie avtorstva teksta ispol'zovaniem bukvennoi igrammati
heskoi informa
ii. Probl. pereda
hi inform., 37(2): to appear.Translated under the title Using Letters and Grammati
al Statisti
s for11



Authorship Attribution. Problems of Information Transmission 37(2), toappear.[Markov 1913℄ Markov, A. A. (1913). Primer statisti
heskogo issledovanijanad tekstom `Evgenija Onegina' illjustrirujus
hij svjaz' ispytanij v tsep(An example of statisti
al study on the text of `Eugene Onegin' illustratingthe linking of events to a 
hain). Izvestija Imp. Akademii nauk, serija VI,3:153{162.[Markov 1916℄ Markov, A. A. (1916). Ob odnom primenenii statisti
h-eskogo metoda (On some appli
ation of statisti
al method). Izvestija Imp.Akademii nauk, serija VI, 4:239{242.[M
Colly and Weier 1983℄ M
Colly, W. B. and Weier, D. (1983). Literaryattribution and likelihood ratio tests | the 
ase of the Middle EnglishPearl -poems. Computers and the Humanities, 17:65{75.[Milov 1994℄ Milov, L. V., editor (1994). Ot Nestora do Fonvizina. Novyemetody opredelenija avtorstva. (From Nestor to Fonvizin. New methods ofdetermining authorship. Progress Publishing.[Morozov 1915℄ Morozov, N. A. (1915). Lingvisti
heskie spektry (Linguisti
spe
tra). Izvestija Akademii Nauk (Se
tion of Russian Language), XX(1{4).[Mosteller and Walla
e 1964℄ Mosteller, F. and Walla
e, D. L. (1964). Ap-plied Bayesian and Classi
al Inferen
e: The Case of the Federalist Papers.Addison-Wesley, Reading.[Tweedie et al. 1996℄ Tweedie, F. J., Singh, S., and Holmes, D. I. (1996).Neural network appli
ations in stylometry: The Federalist Papers. Com-puters and the Humanities, 30:1{10.
12


