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Abstract

Sword¯sh2 is an extension of the original Sword¯sh algorithm, an unsupervised ap-
proach to morphological analysis using character N-gram probabilistic models. In the
original algorithm, a generative character N-gram model is created from a word list com-
posedof word frequency pairs. Morphological word splits were discovered by comparing
a given term's probabilit y to the probabilities of its corresponding N-grams. Sword¯sh2
builds multiple generative N-gram models instead of just a single one. Each model rep-
resents a di®erent location in a word, thus incorporating the word location of N-grams
into the morphological analysis. Histograms for each N-gram are constructed from these
generative models and smoothed using kernel density estimation. The original Sword¯sh
algorithm provided evidencethat indicated that morphemesare highly probable N-grams.
Sword¯sh2 attempted to extend the original Sword¯sh approach to include word location,
but was unable signi¯cantly to improve the morphological analysis on the 2005 Morpho
Challengeand CELEX data sets. While theseresults do provide evidencethat support our
hypothesisthat the most probable N-grams are morphemes,the designof the probabilistic
model that proves it remains an open question.

1. In tro duction

What is a morpheme?

Morphology is an area of linguistics that involves the study of word structure, both within
one languageand acrosslanguages.The study is basedon the idea that words are related to
one another by a variety of rules. A morphemeis the smallest unit of meaning in a language.
Analyzing words as sequencesof morphemesis one approach to describing relationships be-
tweenwords. In the English language,for example, the word rats is related to the word rat
in the sameway as the word cats is related to the word cat . In each case,the former word
consistsof two morphemes(rat + s and cat + s), whereasthe latter word consistsof only
one morpheme. Note that morphemesare not necessarilydistinct syllables in a word. For
example, the word unhappiest contains four syllables,but only three morphemesun + happi
+ est .

c° Jordan, Mason, Healy, Keselj & Watters (2008) 1



Jord an, Mason, Heal y, Keselj & Watters

Wh y is morphological analysis imp ortan t?

Separating a word into morphemesis a non-trivial operation, but it is extremely useful in
areassuch as information retrieval (IR), including the classi¯cation, clustering or retrieval of
documents. In IR, the separationof a word into morphemescan be usedto reducethe dimen-
sionality of the vector spaceby identifying terms that are semantically similar. For example,
the words happier , happiest , unhappier , unhappiest , happily , unhappily , happiness , and
unhappiness would all be mapped to the root morphemehappi .

What is the di®erence between stemming and morphological analysis?

Traditionally , this form of morphological reduction of a word into a simpler form, calleda stem,
is known as stemming. Stemming is a subset of morphological analysis that has been shown
to improve the performanceof IR systems(Frakesand Baeza-Yates, 1992;Kantrowitz et al.,
2000). Stemming is typically a su±x-based transformation. In English, pre¯x removal is not
usedsince it would typically make a radical change in the meaning of a word (Porter, 2001).
A word stem should be distinguished from its root. A root is an \inner" word from which the
initial word is derived, that is to say, it hasan etymological meaning,while stemming is driven
by its application in IR.

Di®eren t languages have di®eren t morphologies

Languagesmay be divided into three broad categories: isolating, agglutinative, and in°ective
languages.Isolating languages,such as Chinese,have little or no morphology and thus do not
bene¯t from morphological analysis. Agglutinativ e languages,also known as agglomerative or
compounding languages,are those in which basic roots and words can be combined to make
new words. These languages,such as Turkish or Finnish, tend to have many morphemes.
In°ectional morphemesare usedto modify a word to re°ect information such as tense. In°ec-
tiv e languages,also known as fusion languages,such as German, Greek, or Latin, are those
in which in°ectional morphemescan be joined or fused with other morphemes. Note that a
languagemay belong to more than one of the categoriesdiscussed. Finnish, for example, is
both an agglutinativ e and an in°ectiv e language.

Issues with rule based approac hes

Traditional approaches to reducing words to their root morpheme, stemming techniques,
have typically involved rule-basedalgorithms, such as Porter's algorithm for the English lan-
guage(Porter, 1980; Baeza-Yates and Ribeiro-Neto, 1999). These approaches are language-
dependent and require a substantial manual e®ort of expert linguists. Additionally , even if
one succeedsin building wide-coveragerules for a particular language, the issuesof general-
izabilit y and handling of unknown words may still be present, whereasthey are inherently
addressedfrom the start in an unsupervised approach. The di±cult y in building rule-based
morphological analyzers is evident from the fact that stemmersare available for only a few
world languages(Porter, 2001).
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Sword¯sh: an unsup ervised approac h

The Sword¯sh algorithm (Jordan et al., 2006a; Jordan et al., 2006b) is an alternativ e to
traditional rule-basedstemmers,which usesprobabilistic models basedon character N-gram
frequencies.A de¯ciency in this algorithm is that theseprobabilistic modelsdo not considerthe
location of N-gramswithin the wordsbeinganalyzed. Sword¯sh2 attempts to addressthis issue
by building multiple probabilistic models to represent di®erent word locations. Histograms for
each N-gram are built from this set of models to which kernel density smoothing is then
applied.

Paper overview

The purposeof this paper is to present Sword¯sh2, an attempt to expand the basicgenerative
model usedin the original Sword¯sh algorithm. We note that although Sword¯sh2 is language-
independent, like Sword¯sh, there is no expectation that the algorithm will work equally
well with all languages. In Section 5, we present a comparative analysis between Sword¯sh
and Sword¯sh2 over the 2005 PASCAL Challenge Workshop on unsupervised segmentation
of words into morphemes(2005 Morpho Challenge) (MorphoChallenge, 2006) and CELEX
(Baayen et al., 1996)data sets. Thesedata setscontain wordlists for English, Finnish, Turkish,
and German and corresponding morphological analyses.

2. Previous Work

Traditional approaches to either morphological analysis or stemming involve rule-based al-
gorithms such as Porter's stemming algorithm for English (Porter, 1980; Baeza-Yates and
Ribeiro-Neto, 1999). Porter's algorithm removes about 60 di®erent su±xes using a multi-
step method, whereas the earlier Lovins stemmer (Lovins, 1968) employs a longest-match
algorithm that can remove approximately 260 su±xes. Another English languagestemmer,
KSTEM (Krovetz, 1993),usesboth a dictionary of terms and morphological rules. In this case,
su±xes are removed using morphological rules until the remaining term hasbeenfound in the
dictionary, at which point the su±x removal for this term ends. There also are stemmersfor
languagesother than English, for example Popovic and Willett's Slovene stemmer (Popovic
and Willett, 1992), but such rule-basedapproachesmay be lesssuccessfulfor agglutinativ e or
highly in°ectiv e languages(HirsimÄaki et al., 2006). Various programming languages,such as
Snowball (Porter, 2001), are available to assist in the development of stemming algorithms.

One supervised approach to morphological analysis is o®eredby Wicentowski (Wicen-
towski, 2004). This model, known as WordFrame, usestraining data to learn morphological
rules, and can also use lists of pre-speci¯ed pre¯xes, su±xes, and potential roots to enhance
performance. One drawback of supervisedmethods such as WordFrame, however, is the large
amount of training data that is needed,particularly for complex languages.

Arabic is an extremely complex in°ectional and agglutinativ e language. Thesecharacter-
istics make it a very challenging languageto analyze. A supervisedapproach to morphological
analysisof the Arabic languageis presented by Marsi, van den Bosch, and Soudi (Marsi et al.,
2005). Marsi et al. train their system on data from the Arabic Treebank, using a rule-based
analysis which includes producing all segmentations of a term and then using table and dic-
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tionary lookups. They note that such an approach is feasible, with the limitation that it is
unable to recognizecorrectly stemsof unknown words with ambiguous root forms.

The modern Hebrew language has a complexity similar to Arabic, with a high level of
ambiguit y and an a±xational morphology. Morphemes in a Hebrew word can be combined
both agglutinativ ely and fusionally. Adler and Elhadad (Adler and Elhadad, 2006) discussan
unsupervisedmorpheme-basedhidden Markov model for the disambiguation of this language.
Although their focusis on modern Hebrew, their approach is applicable to other languageswith
an a±x morphology. Their model performs unsupervisedsegmentation and disambiguation in
parallel. They note that an advantage of unsupervisedmethods is that they can adapt to the
dynamic nature of languages,such as modern Hebrew, which changeover time.

There are other unsupervised approaches to morphological analysis, including the well-
known Lingustica and Morfessormodels. Linguistica (Goldsmith, 2001) usesan unsupervised
signature-basedanalysis to create general templates for determining morphemes. Morfessor
(Creutz and Lagus, 2005), on the other hand, usesstatistical analysis to determine the most
likely morphemesplits in a word. Initially , all words in the given vocabulary are consideredto
be morphemes. Using frequency analysis, words are then split into the most likely combina-
tion of morphemes. Splitting continuesuntil there has beenno improvement in the resulting
morphemelexicon.

At the 2005Morpho Challenge,Keshava and Pitler (Keshava and Pitler, 2006) presented
the best-performing unsupervised morphological analysis algorithm for English. In their ap-
proach, they built two probabilistic trees basedon the corpus. One tree gave the likelihoods
for di®erent characters' occurrenceafter a given substring. The other tree gave the likelihoods
for characters occurring before it. These two trees allowed the Authors to detect quite accu-
rately su±xes and pre¯xes in the English language. Bernhard (Bernhard, 2006)alsopresented
an approach that ¯rst extracts pre¯xes, su±xes and stems from a lexicon by looking at the
probabilities of N-grams which occur next to each other. Word frequencies,however, are not
used in the estimation of these N-gram probabilities; each word in the lexicon is only con-
sidered once. Word segmentation is performed by comparing words with the samestem and
examining theselists of possiblea±xes.

Sword¯sh (Jordan et al., 2006a;Jordan et al., 2006b) is another unsupervisedapproach to
morphological analysis that was presented at the 2005 Morpho Challenge. Its performance,
however, placedit in the middle of the pack, well back of the top submissions.It is a statistical
approach that usescharacter N-grams to determine the most likely morpheme splits. The
underlying hypothesis of the Sword¯sh algorithm is that becausemorphemesare N-grams,
given the appropriate probabilistic model, the N-grams with the greatestprobabilit y massare
also morphemes.The challengein proving this hypothesis lies in creating such a probabilistic
model. The original Sword¯sh algorithm creates a basic generative model of all possible
character N-gramsfrom the vocabulary of a givencorpus. Note that in the Sword¯sh algorithm,
N-gramsdo not spanthe text, but are limited to a singleword; thus, for each word, all possible
substringsof the word are generatedasN-grams. Oncethe N-grams have beengenerated,and
the frequencyof each onehas beendetermined, a generative model is constructed and usedto
identify the most likely splits in each word. Sword¯sh recursively splits each word basedon
the N-gram probabilities.

The useof character N-grams has beenexplored previously by Schuegraf et al. (Schuegraf
and Heaps, 1976) as a meansfor reducing the size of indices for document retrieval without
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signi¯cantly reducing performance in terms of accuracy. In Schuegraf's approach, N-grams
were selectedbasedon the number of documents in which they occurred. The Authors were
interested in N-grams that occurred in approximately the same number of documents for
reducing the sizesof indices.

Our work counts the number of occurrencesof N-grams to build a generative model. A
modi¯ed version of the Yamamoto-Church algorithm (Yamamoto and Church, 2001) is used
to detect N-grams and their frequencies. In their original approach, a su±x array is built
from a pieceof text. Next, the longest common pre¯xes (LCP) are calculated for each su±x.
The LCP is the longest pre¯x that a su±x shareswith its alphabetic neighbour. Using the
su±xes and their LCP, character N-grams are then extracted. The generative N-gram model
that is initially built here is created from theseraw frequenciesusing the maximum likelihood
estimate (MLE). The MLE approach is employed becauseit is a straightforward approach to
estimating probabilistic models. It createsmodels purely from raw frequenciesand does not
have any parameters that needto be tuned.

Probabilistic models that are built using the maximum likelihood estimate often contain
zero probabilities and require somesmoothing { the redistribution of probabilit y mass from
one event to another. Smoothing has beenexplored extensively for document retrieval (Zhai
and La®erty, 2001). Retrieval models often have an assumption of exchangeability, meaning
that these models assumethat every permutation of term occurrencesis equally likely. This
assumption obviously does not hold in the real world, but the models that use it are still
e®ective for retrieval. Common smoothing techniquesfor retrieval do not directly apply to the
lexical models here.

Sword¯sh2 incorporates N-gram location within words by building multiple generative
models to represent those locations. A histogram is constructed for each N-gram using these
models. Someof these generative models, however, will have zero probabilities for someN-
grams. In order to remove thesezeroprobabilities from the resulting histograms,an alternativ e
technique hasto be employed. As the relative locations of morphemesvary from word to word,
kernel density estimation (Hastie et al., 2001)wasusedto smooth our histogramsto re°ect the
uncertainty of these locations. Kernel density estimation is a popular technique in statistics
for interpolating a smooth density function for data.

3. Sword¯sh2 Approac h

Sword¯sh2 is an adaptation of the original Sword¯sh algorithm. Sword¯sh is an unsupervised
statistical algorithm that can learn and detect morphemesin text with over 50% precision,
if given enoughexposure to a language. The shortcoming of Sword¯sh is that it su®ersfrom
low recall. In an attempt to address this issue, Sword¯sh2 creates histograms of N-gram
probabilities based on location, which allows position-based conditional probabilities to be
derived.

3.1 Probabilistic Mo del

As with Sword¯sh, Sword¯sh2 is based on the hypothesis that becausemorphemesare N-
grams, the most probable N-grams, given the appropriate probabilistic model, are morphemes.
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The model used in Sword¯sh2 is more complex than the basic generative model used in the
original Sword¯sh approach. The ¯rst step in Sword¯sh2 is to generateall possibleN-grams
from each word in the vocabulary of the corpus and determine the frequencyof each of these
N-grams. These frequenciesare used to construct multiple generative models that represent
di®erent word locations. To facilitate this process, the corpus is ¯rst broken down into a
list of the vocabulary terms and their respective frequencieswithin the corpus. All the N-
grams for each term are then generatedusing a modi¯ed version of the Yamamoto-Church
algorithm (Yamamoto and Church, 2001), which usessu±x arrays to generatethe N-grams.
The original Yamamoto-Church algorithm dealswith the full text of a corpus,and therefore is
modi¯ed in this caseto usethe constructed list of vocabulary terms and their frequencies.As
with the original Sword¯sh algorithm, these N-grams are substrings of each individual term,
and do not span multiple terms.

In the original Sword¯sh algorithm, a single generative model was createdusing the maxi-
mum likelihood estimate from the N-grams that were extracted from the corpus. This model,
however, does not account for the word location in which the N-grams occur. Sword¯sh2
extends the Sword¯sh approach to incorporate word location by creating a set of generative
models in which each model represents a di®erent word location. For example,Sword¯sh2 can
createa set of three generative models in which the modelsrepresent N-gramsoccurring at the
beginning, the middle, and the end of words respectively. The original Sword¯sh algorithm is
in fact an instance of Sword¯sh2 in which only a single generative model is created, one that
represents N-grams occurring over the entire word length.

Using a set of generative models as described previously, histograms can be constructed
for each N-gram in which each block represents a di®erent word location. Consequently , these
histogramsgive graphical representations to the probabilities that N-grams have for occurring
at di®erent spots in a word. Figure 1, for example, illustrates the histogram for the bigram
ed in the English language, created from a set of ten generative models, each representing
a di®erent word location. These models were constructed using the 2005 Morpho Challenge
(MorphoChallenge, 2006)and CELEX(Baayen et al., 1996)English wordlists. It is quite clear
from this ¯gure that the bigram ed is more likely to occur at the end of words in English than
at any other location.

To create a set of generative N-grams models representing di®erent word locations, the
word length must ¯rst be normalized. This results in N-grams having to occur within a word
length interval of [0; 1]. The interval is then partitioned into blocks of equal size. Next, the
generativemodelsare built by simply tallying the number of N-gram occurrencesin each block.
Thus, the occurrencesfor an N-gram are separatedinto di®erent blocks basedon where they
start in the vocabulary terms. The number of generative models that are created is equal to
the number of partitions in the interval.

The N-gram histograms are created from this set of generative models. Thus, they are
sensitive to the number of generative models that the set contains. Varying the number of
blocks usedto partition the word length interval givesthe resulting N-gram histogramscurves
with di®erent distributions. Becauseof that, one di±cult y in creating these histograms is
to determine the number of blocks into which to partition the word length interval. The
experiments in Section 5 investigate the e®ectof partitioning the word length into di®erent
numbersof blocks. In this work, we run trials partitioning the word length interval into blocks
of three and ten, hencecreating setscontaining three and ten generative models.
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Figure 1: Histograms for the N-gram ed in the English language. The 2005Morpho Challenge
and CELEX wordlists were used to derive the histograms on the left and right respectively.
In both cases,the histograms show that the N-gram ed most commonly occurs at the end of
words. These histograms are constructed from ten generative models representing ten word
locations equally spacedapart. Kernel density estimation was employed using a bandwidth of
2.5. This result should not be surprising, becauseed is a common su±x in English.

A di±cult y with these histograms is that they are not smooth. As a histogram for a
particular N-gram is constructed using its corresponding maximum likelihood estimates from
the set of generative models, it is possible and even likely that there will be blocks that
contain zeroprobabilities. Fortunately, thesehistogramscan be smoothed using kernel density
estimation. The idea behind kernel density estimation is to relax the assumptionsabout the
data in order to produce a smooth estimate of its density. The kernel density estimation
smoothes the contribution of each data point in the histogram over the neighbourhood of the
data point. The contribution of any data point x i to the estimate at point x dependson the
distancebetweenx i and x, aswell ason the kernel density function, K , and the bandwidth, h
of the function. Thus, the contribution of a data point x i to any point x can be expressedas

f (x) =
1
n

nX

i =1

K
µ

x ¡ x i

h

¶
;

where f (x) is the smoothed curve for the histogram for a particular N-gram and n is the
number of data points in the histogram. Each data point, x i , is the maximum likelihood
estimate of the N-gram from the i t h generative model. Here K is taken to be a Gaussian
kernel. The setting of the bandwidth determines the degreeof smoothing of the data. By
varying the bandwidth usedby the kernel density smoothing, the curve can be made°atter or
steeper. The larger the bandwidth, the °atter the curve, and vice versa. Changing the curve
has the e®ectof redistributing probabilit y mass. Experiments which vary the bandwidth are
discussedin Section 5.

Thesesmoothed N-gram histograms are usedto assignprobabilities to candidate N-grams
in order to split a term into two morphemes.The candidate N-grams are two N-grams, x and
y, that together form the term, term, that is set to be the word currently being analyzed. The
probabilit y for each N-gram, P(x) and P(y), is extracted from their corresponding histograms
using the location in which they occur in the word under analysis. This location is computed
simply by taking the starting index of the N-gram and dividing it by the length of the word.
The probabilities for the two N-grams are then multiplied together and compared with the
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probabilit y for the term, P(term). The probabilit y for a term, given its location in the word,
is derived by treating it like an N-gram and extracting its probabilit y from its corresponding
histogram. If the product of the N-gram probabilities is greater than the term probabilit y,
then a word split occurs. This splitting algorithm is shown formally in the equation below.

P(term) < max
x;y

P(x)P(y); split term into x and y

P(term) > max
x;y

P(x)P(y); do not split term

The procedure is repeated recursively, by consideringeach of the N-grams x and y as terms,
until no more likely splits can be made. The ¯nal N-grams of the recursive processare con-
sidered to be morphemes. This approach is motivated by the assumption that N-grams that
are morphemesshould appear independently with a greater probabilit y than N-grams that are
not morphemes.

4. Evaluation

The Sword¯sh2 algorithm is evaluated on two sets of trials, one that usesthe wordlists and
corresponding morphological analysesmade available by the 2005 Morpho Challenge (Mor-
phoChallenge, 2006) and one that uses the data and morphological analyses provided in
CELEX (Baayen et al., 1996). The morphological analysesare lists of words that have been
correctly split into morphemesand are used to assessthe performanceof morphological an-
alyzers. The evaluation is basedon the placement of the morphemeboundaries. A correctly
placed boundary is known as a hit, an incorrect boundary is referred to as an insertion, and a
missedboundary is called a deletion. The evaluation measuresusedare precision, recall and
F-measure. Precision is de¯ned as the ratio of hits to the sum of the number of hits and the
number of insertions, whereasrecall is the ratio of the number of hits to the sum of the number
of hits and the number of deletions. F-measureis the harmonic mean of precision and recall.
Thesemetrics can be expressedas follows:

Precision =
hits

hits + insertions

Recall =
hits

hits + deletions

F-measure =
2 ¢Precision ¢Recall
Precision + Recall

=
2 ¢hits

2 ¢hits + insertions + deletions

In this evaluation, word frequency is not considered;all terms are given equal importance,
whether they occur in the corpus very commonly or very rarely. The 2005Morpho Challenge
morphological analysesthat were made publicly available were a sampleof the gold standard
used in the actual competition and much smaller in size than the wordlists, as shown by
Table1. This samplegold standard wascreatedwith the intention of helping Morpho Challenge
participants develop their solutions prior to the competition by testing them on a sample
evaluation.
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Language Sizeof Word List Sizeof Test Set

English 167377 532
Finnish 1636336 660
Turkish 582923 774

Table 1: The number of words in the 2005Morpho Challengeword lists and test sets.

Language Sizeof Word List Sizeof Test Set

English 33737 23741
German 35053 11048

Table 2: The number of words in the CELEX word lists and test sets.

A more thorough evaluation is done using the CELEX data sets. While the wordlists
provided in CELEX are much smaller, there are many words that have beenmorphologically
analyzed,asshown in Table 2. The vocabulary data in CELEX are not entirely clean,however,
and somemeasureswere taken when creating the wordlists and test setsfrom thesedata. The
largest di±cult y with CELEX is that in addition to segmenting words into their component
morphemes,they modify the root to match the original word from which it was derived. For
example,happily would be segmented into happy + ly instead of happi + ly . Becausesuch
word segmentations would unfairly penalizeany pure segmentation technique, all terms which
CELEX modi¯ed while segmenting were dropped from our evaluation. Further, as CELEX
was generatedautomatically and then hand-corrected,there are someoddities, such as words
with no associated morphemesand terms that consist of multiple words. In both thesecases
the terms in question were dropped.

5. Trials

The trials for this paper were conducted on English, Finnish, Turkish, and German using
the word lists provided by the 2005Morpho Challenge(MorphoChallenge, 2006) and CELEX
(Baayen et al., 1996). Tables4 and 3 give the results for trials using the Sword¯sh2 algorithm
in which we varied the number of partitions in the word length interval and the size of the
bandwidth usedfor the kernel density estimation.

Partitions Bandwidth Precision Recall F-measure
English

10 1.00 38.36 59.21 46.56
10 1.50 38.71 58.76 46.67
10 2.00 38.67 58.39 46.53
10 2.50 38.59 58.11 46.38
10 3.00 38.54 57.90 46.28

German
10 1.00 32.89 39.85 36.04
10 1.50 33.30 39.64 36.19
10 2.00 33.27 39.57 36.15
10 2.50 33.53 39.74 36.37
10 3.00 33.53 39.77 36.38

Table 3: Results for Sword¯sh2 Algorithm on the CELEX data sets, varying the bandwidth
usedin the kernel density estimation.
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Partitions Bandwidth Precision Recall F-measure

English
3 1.00 60.12 39.00 47.31
3 1.50 58.43 37.45 45.65
3 2.00 57.14 37.07 44.96
3 2.50 56.14 37.07 44.65
3 3.00 54.39 35.91 43.26
10 1.00 58.33 40.86 48.05
10 1.50 58.76 40.47 47.93
10 2.00 59.02 41.54 48.76
10 2.50 59.34 41.54 48.87
10 3.00 59.02 41.54 48.76

Finnish
3 1.00 72.09 24.22 36.26
3 1.50 71.64 23.85 35.79
3 2.00 71.02 23.29 35.08
3 2.50 71.54 23.42 35.28
3 3.00 70.57 23.23 34.95
10 1.00 70.57 25.45 37.41
10 1.50 70.03 25.37 37.25
10 2.00 69.56 25.37 37.18
10 2.50 68.88 25.12 36.82
10 3.00 68.43 24.88 36.49

Turkish
3 1.00 59.06 16.17 25.39
3 1.50 60.49 16.58 26.03
3 2.00 60.73 16.74 26.25
3 2.50 60.49 16.58 26.03
3 3.00 60.33 16.47 25.88
10 1.00 60.59 17.27 26.88
10 1.50 61.76 17.63 27.43
10 2.00 61.48 17.68 27.47
10 2.50 60.77 17.68 27.39
10 3.00 61.08 17.72 27.47

Table 4: Results for Sword¯sh2 Algorithm on the 2005Morpho Challengedata sets, varying
both the number of partitions in the word length interval and the bandwidth usedin the kernel
density estimation.
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Algorithm Precision Recall F-measure

English
Baseline 14.56 100.00 25.42
Morfessor1.0 74.19 26.64 39.20
Porter's Algorithm 67.53 59.54 63.29
Sword¯sh 56.97 31.02 40.17
Sword¯sh2 63.40 43.81 51.81

Finnish
Baseline 19.71 100.00 32.92
Morfessor1.0 83.66 29.51 43.63
Sword¯sh 70.39 23.58 35.33
Sword¯sh2 68.88 25.12 36.82

Turkish
Baseline 25.87 100.00 41.11
Morfessor1.0 76.33 24.17 36.71
Sword¯sh 58.90 16.79 26.13
Sword¯sh2 60.77 17.68 27.39

Table 5: Comparison of algorithms on the 2005 Morpho Challenge data sets. The results
shown for Sword¯sh2 are for the trials using a word length interval partitioned into ten blocks
and a 2.5 bandwidth for the kernel density estimation.

Tables 5 and 6 give a comparison of Sword¯sh2 with approximately the best parameter
setting against the results from a baselineapproach, the Morfessor1.0 algorithm, a variation
of Porter's algorithm that doesmorphemesegmentation, and the original Sword¯sh algorithm.
The baselineapproach is the result of placing a split betweenevery character for every term;
refer to Section 2 for a discussionof the Morfessor, Porter's, and Sword¯sh algorithms. The
variation of Porter's algorithm is used only in trials over English, becauseit is a rule-based
approach designedonly to work on English.

The results in both Tables 5 and 6 show that for each of the trials, with the exception
of Turkish, Sword¯sh2 givesbetter results for precision and the F-measureevaluation metrics
than the baseline. The results also seemto indicate that when the number of partitions in
the word length interval is low, kernel density estimation with a small bandwidth to smooth
the N-gram histograms givesbetter results than with a larger one. For the trials using three
partitions, a bandwidth of 1.0 gives the best results for English and Finnish in terms of
precision, recall and the F-measure. When ten partitions are used,having a larger bandwidth
of 2.0 to 2.5 tends to give the most solid results over all metrics.

The results for Sword¯sh2 in Tables 5 and 6 are using a ten block partition for the word
length interval with a bandwidth of 2.5 for the kernel density estimation. These values were
selectedbecausethey gave reasonableperformancecomparedto the other parameter settings
that were evaluated in this paper. The results for Morfessorover the 2005Morpho Challenge
data sets di®er from what is posted on the Morpho Challenge Website: http://www.cis.
hut.fi/morphochallenge2005/results.shtml . This di®erenceis due to this work using the
publicly available sample gold standard provided by the 2005 Morpho Challenge instead of
the full gold standard used in the actual competition. As well, no parameter tuning was
done for Morfessor in this work. The implementation of Morfessor that was used in this
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Algorithm Precision Recall F-measure

English
Baseline 8.08 100.00 14.95
Morfessor1.0 69.70 29.18 41.14
Porter's Algorithm 28.33 28.18 28.25
Sword¯sh 45.60 61.59 52.41
Sword¯sh2 38.04 56.41 45.44

German
Baseline 7.43 100.00 13.84
Morfessor1.0 71.24 29.15 41.37
Sword¯sh 31.46 35.05 33.16
Sword¯sh2 32.06 39.48 35.39

Table 6: Comparisonof algorithms on the CELEX data sets. The results shown for Sword¯sh2
are for the trials using a word length interval partitioned into ten blocks and a 2.5 bandwidth
for the kernel density estimation.

work is provided on the Helsinki University of Technology Morpho project Website: http:
//www.cis.hut.fi/projects/morpho/ .

Sword¯sh2 outperforms Morfessor in terms of recall and the F-measureon English, but
Morfessorhashigher precision. On the 2005Morpho Challengedata sets,Table5, the variation
of the rule-based Porter's algorithm achieves the best results, outperforming all the other
algorithms. On the CELEX English data set, however, Table 6, the variation of Porter's
algorithm returns much poorer results over all metrics than do either Sword¯sh or Sword¯sh2.
This may be at least partly explained by the fact that the subset of the CELEX data set
that was used here did not contain any terms that performed character substitution during
segmentation. Obviously this subset of terms was much more di±cult for Porter's algorithm
to analyze correctly. For rule-basedalgorithms such as Porter's to deal with this particular
subset, they would need to have their rules modi¯ed. This illustrates one of the limitations
of rule-basedapproaches. Also recall that such a rule-basedapproach is language-dependent,
and thus can only be applied to the English data sets. Morfessor, Sword¯sh, and Sword¯sh2
all have the advantage of being language-independent and have had trials run on each of the
languagedata sets.

Statistical analysesof thesesummary results in Tables5 and 6 areshown in Figures2, 3, and 4.
These¯gures indicate the signi¯cant di®erencesin precision, recall and F-measurerespectively
for each algorithm and data set. A bootstrap (Efron and Tibshirani, 1993) is performed in
order to generate non-parametric con¯dence intervals around results. The idea behind the
bootstrap is to sample,with replacement, the words for which we know the correct morpheme
splits. This processcontinuesuntil the new samplecontains as many words as were contained
within the initial set. This ensuresthat approximately 2

3 of our data will be present within
each sample. Precision, recall and F-measurescoresare generatedfor each such sample. This
processis repeated with each scoretreated as a draw from someunderlying non-parametric
distribution. A large number of bootstrapped samplesresults in a good approximation of the
underlying distribution. For the analysesthat we present here, we used 10,000samples. By
employing this empirical approximation, a 95% con¯dence interval can be taken to be the
region which contains approximately 95% of the observed measurements.
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Figure 2: Comparisonsof precision betweenthe baseline(base), Morfessor(morfess),Porter's
(porters), Sword¯sh 1 (sword1), and Sword¯sh2 using ten blocks and a bandwidth of 2.5
(sword-10.2.5). The data were bootstrapped and the bars represent the mean precision with
95% con¯dence intervals around each bar.

Figure 3: Comparisons of recall between the baseline (base), Morfessor (morfess), Porter's
(porters), Sword¯sh 1 (sword1), and Sword¯sh2 using ten blocks and a bandwidth of 2.5
(sword-10.2.5). The data were bootstrapped and the bars represent the mean recall with 95%
con¯dence intervals around each bar.

Figure 4: Comparisonsof F-measurebetweenthe baseline(base),Morfessor(morfess),Porter's
(porters), Sword¯sh 1 (sword1), and Sword¯sh2 using ten blocks and a bandwidth of 2.5
(sword-10.2.5). The data were bootstrapped and the bars represent the meanF-measurewith
95% con¯dence intervals around each bar.
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Algorithm Precision Recall F-measure

Sword¯sh 49.02 46.90 47.94
Sword¯sh2 41.56 41.95 41.75

Table 7: Comparison between Sword¯sh and Sword¯sh2 using the 2005 Morpho Challenge
data set for building the models and the CELEX English data set for evaluation.

Figures 2, 3, and 4 implicitly compare the results of the four algorithms (¯v e in the case
of English). In order to account for the implicit multiple comparisons,we use the Bonferroni
correction (Miller, 1981) to in°ate our con¯dence intervals to take into account thesemultiple
comparisons. In terms of F-measure, Porter's algorithm was signi¯cantly better than the
other algorithms over the English Morpho Challenge data, but signi¯cantly worse over the
English CELEX data. Sword¯sh and Sword¯sh2 areonly signi¯cantly di®erent over the English
CELEX data. Morfessor is signi¯cantly better than the Sword¯sh algorithm over the non-
English data. Both the Sword¯sh algorithms, however, are signi¯cantly better than Morfessor
over the English CELEX data.

Perhapsthe most signi¯cant result of thesetrials is that for all but oneof the data sets,there
is not enough evidenceto indicate that Sword¯sh2 is signi¯cantly di®erent from Sword¯sh;
over the English CELEX data, Sword¯sh is signi¯cantly better than Sword¯sh2. This result
is somewhat disappointing, as the summary results from Tables 5 and 6 seemto indicate
that Sword¯sh2 was an improvement over Sword¯sh. For instance, on the English Morpho
Challengedata, the F-Measure for Sword¯sh2 is 11% greater than it is for Sword¯sh. One of
the reasonsfor the lack of signi¯cant di®erencein the trials over the Morpho Challengedata
is that the sizesof its test sets, the gold standards, are quite small. The test sets in CELEX,
on the other hand, are much larger, thus making it easierto ¯nd signi¯cant di®erences.

One of the issueswith the CELEX data, however, is that the word lists are quite small. As
the modelsconstructed heredependon term frequencies,smaller word lists will havea negative
e®ecton them. This e®ectis much greateron Sword¯sh2 than on Sword¯sh; Sword¯sh2 divides
N-grams frequenciesinto di®erent word length interval partitions, while Sword¯sh does not.
Table 7 displays the results of using the 2005 Morpho Challenge data set for building the
probabilistic models and CELEX for evaluation. Only English was examined,becausethat is
the only languagethat the Morpho Challenge and CELEX data sets have in common. For
both Sword¯sh and Sword¯sh2, the precision improves, while recall drops in value. These
scores,however, are less than those from the evaluation using just the Morpho Challenge
data shown in Table 5. This result indicates that increasing the number of words used for
building the models improvesprecision, but at the expenseof recall. As well, there appear to
be somedi®erencesbetween the words in Morpho Challenge and CELEX test sets in terms
of morphological analysis. It was expected that by building the model using the Morpho
Challengedata, the performanceon the CELEX test set would be similar to the performance
on the Morpho Challengetest set.

Further analysisof Sword¯sh and Sword¯sh2 revealsthat they do not agreeon every word
split. Table 8 displays the percentage of word splits Sword¯sh makes that Sword¯sh2 also
makes. For all languages,Sword¯sh2 agreeswith Sword¯sh more than 55% of the time. The
precisionof thosesplits is slightly higher than the precisionof both Sword¯sh and Sword¯sh2.
Table 9 displays the precision of the word splits on which Sword¯sh and Sword¯sh2 do not
agree. The precisionof thesesplits is lower than the precisionof either algorithm respectively.
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Data Set Agreement Precision

2005Morpho Challenge
English 76.0% 66.77
Finnish 56.1% 70.76
Turkish 73.0% 64.08

CELEX
English 73.6% 49.86
German 69.6% 34.64

Table8: The percentageon which Sword¯sh2 agreeswith the split that Sword¯sh makesacross
all data sets,and the precision of those splits.

Data Set Sword¯sh Precision Sword¯sh2 Precision

2005Morpho Challenge
English 26.00 58.41
Finnish 58.90 57.69
Turkish 44.93 53.06

CELEX
English 33.72 13.97
German 24.21 27.68

Table 9: The precision of the word splits on which Sword¯sh and Sword¯sh2 disagree.

Thus, the word splits that the Sword¯sh algorithms disagreeon tend to be incorrect.

Despite the lack of signi¯cant di®erencein performance and the levels of disagreement
over word splits, we feel that we have successfullyincorporated N-gram within word location
into the Sword¯sh2 algorithm. This additional information about N-grams is used to detect
morphemesin words. We believe that one of the main reasonswhy many of these results
are not signi¯cantly di®erent is becauseof the de¯ciencies in the data sets. Even with these
issues,theseresults do provide somenew evidencethat supports our hypothesisthat the most
probable N-grams are morphemes.

Note that neither memory usagenor computation time is consideredin theseevaluations.

6. Conclusion

Sword¯sh2 is an adaptation of Sword¯sh, an unsupervisedN-gram approach to morphological
analysis. As with the original Sword¯sh algorithm, this approach usesunsupervised learning
based on N-grams to separate a word into morphemes. Sword¯sh2, however, incorporates
information about the location of N-grams in a word when determining the likelihood of a
particular morphemesplit. In addition, Sword¯sh2 usesa kernel density smoothing technique
when building the histogram representations for each N-gram. Unfortunately, the results given
in Section 5 indicate that theseextensionsto the original Sword¯sh algorithm do not improve
the morphological analysis signi¯cantly .

The Sword¯sh2 algorithm is language-independent, making it an attractiv e alternativ e
to traditional language-dependent rule-basedapproaches. Future work will include trials of
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Sword¯sh2 on other languages. Future areasof investigation include performing trials that
limit the length of the N-grams used in the probabilit y comparison. Hence instead of com-
paring N-grams that composea word, N-grams that composea substring of the word will be
examined. In theory, this should help deal with lesscommonly occurring words. Incorporating
rule-basedfeedback to ¯lter known non-morphemeN-grams has the potential to improve the
model greatly. We believe that it is not entirely reasonableto have a completely unsupervised
approach for doing morphological analysis. It may be more suitable for Sword¯sh2 to provide
a solid starting model which a linguist can begin with and modify quickly to achieve higher
levels of performance. Investigation of an e®ective feedback mechanism needsto be done.

The Sword¯sh2 algorithm is an extension of the original Sword¯sh algorithm, which is
simply a generative model created with the maximum likelihood estimate. While this new
approach creates multiple generative models to represent di®erent word locations, it too is
simple in nature. Both Sword¯sh algorithms show that N-gram probabilities can be used to
identify morphemesin words. Exploring di®erent ways to extend theseN-gram modelsshould
lead to greater re¯nements and improved detection of morphemes.

It is important to realize the signi¯cance of this work, which is fairly easyto losesight of
when examining performancemetrics. The importance is not that we have deviseda method
of conducting morphological analysis in an unsupervised manner; it is that we have provided
evidenceas to why character N-grams are semantically important. Until recently , character
N-grams have often beendisregardedin information retrieval and their usefulnessquestioned.
Both the results of Sword¯sh and Sword¯sh2 indicate that the most prominent N-grams are
also morphemes. We have not completely proven our hypothesis to be true, but we have
provided signi¯cant evidencethat supports it. De¯nitiv ely showing that the most probable
N-grams are indeed morphemeswill require better probabilistic models. How to build these
models remains an open question. Discovering how to create them will lead to a greater
understanding of how our languageworks and how we can understand our own vocabulary.
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