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Abstract

In this paper we discuss technical issues
arising from the interdependence between
tokenisation andxMmL-based annotation
tools, in particular those which use stand-
off annotation in the form of pointers to
word tokens. It is common practice for an
XML -based annotation tool to use word to-
kens as the target units for annotating such
things as named entities because it pro-
vides appropriate units for stand-off an-
notation. Furthermore, these units can be
easily selected, swept out or snapped to
by the annotators and certain classes of
annotation mistakes can be prevented by
building a tool that does not permit selec-
tion of a substring which does not entirely
span one or morxML elements. There
is a downside to this method of annota-
tion, however, in that it assumes that for
any given data set, in whatever domain,
the optimal tokenisation is known before
any annotation is performed. If mistakes
are made in the initial tokenisation and the
word boundaries conflict with the annota-
tors’ desired actions, then either the anno-
tation is inaccurate or expensive retokeni-
sation and reannotation will be required.
Here we describe the methods we have
developed to address this problem. We
also describe experiments which explore
the effects of different granularities of to-
kenisation orNER tagger performance.

Introduction
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makes it easy for the annotator to select contigu-
ous stretches of text for labelling (Carletta et al.,
2003; Carletta et al., in press). This can be accom-
plished by enabling actions such as click and shap-
ping to the ends of word tokens. Not only do such
features make the task easier for annotators, they
also help to reduce certain kinds of annotator er-
ror which can occur with interfaces which require
the annotator to sweep out an area of text: with-
out the safeguard of requiring annotations to span
entire tokens, it is easy to sweep too little or too
much text and create an annotation which takes in
too few or too many characters. Thus the tokeni-
sation of the text should be such that it achieves
an optimal balance between increasing annotation
speed and reducing annotation error rate. In Sec-
tion 2 we describe a recently implementesiL -
based annotation tool which we have used to cre-
ate anNE-annotated corpus in the biomedical do-
main. This tool uses standoff annotation in a simi-
lar way to theNxT annotation tool (Carletta et al.,
2003; Carletta et al., in press), though the annota-
tions are recorded in the same file, rather than in a
separate file.

To perform annotation with this tool, it is neces-
sary to first tokenise the text and identify sentence
and word tokens. We have found however that
conflicts can arise between the segmentation that
the tokeniser creates and the segmentation that the
annotator needs, especially in scientific text where
many details of correct tokenisation are not ap-
parent in advance to a non-expert in the domain.
We discuss this problem in Section 3 and illustrate
it with examples from two domains, biomedicine
and astrophysics.

In order to meet requirements from both the

tation tool for annotation tasks such as Named Enannotation tool and the tokenisation needs of the
tity (NE) annotation is to provide an interface thatannotators, we have extended our tool to allow
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The pro-apoptotic -family memkber . lacalizes to mitochondrial contact sites

BACKIROUMD: Following cleavage by the C-terminus of-translocates from the cytosaol to the mitochondria that is
dependent upan strurtures farmed by the mitochandrial-specific lipid cardinlipin. Once assariated with mitachandria, truncated Bl
(Bl causes the patent release of and BRIEE. RESULTS: We investigated whether [Bll localizes specifically
to the contact sites of mitachondria purpaorted to be rich in cardialipin. A point mutation changing the ghtine at position 94 to glutamic
acid in the BH3 domain uf- (-GQ4E) was principally used because mitochondria treated with this mutant displayed hetter
preservation of the auter membrane than thase treated with wild type Bl Additionalty, E@GSEE Iowers the releasing
activity Df- without affecting its targeting to mitachondria. Electron microscope tomography coupled with immunogald labeling was
used as a new hyhrid technique to investigate the three-dimensional distributions of - and -GS4E around the mitochondrial
periphery. The statistics of spatial point patterns was used to anahyze the association of these proteins with contact sites. COMCLUSIOMS:

Immunoelectran tamagrapiy with statistical anakysis canfirmed the preferential association of [l with mitochondrial comact sites. These
findings link these sites with cardiolipin in - targeting and suggest a role for - famiky memkbers in regulating the activity of contact
sites in relation to apoptasis. We propose a mechanism whereby- proteins alter mitachondrial function by disrupting cardiolipin
containing contact site membranes.
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Figure 1: Screenshot of the Annotation Tool

the annotator to override the initial tokenisationDingare et al., 2004), law reports (Grover et al.,
where necessary and we have developed a meth@d04), social science (Nissim et al., 2004), and
of recording the result of overriding in themL  astronomy and astrophysics (Becker et al., 2005;
mark-up. This allows us to keep a record of theHachey et al., 2005). We have worked with a num-
optimal annotation and ensures that it will not beber of xmL-based annotation tools, including the
necessary to take the expensive step of having datheNxT annotation tool (Carletta et al., 2003; Car-
reannotated in the event that the tokenisation needstta et al., in press). Since we are interested only
to be redone. As improved tokenisation proce-in written text and focus on annotation for Infor-
dures become available we can retokenise both thmation Extraction IE), much of the complexity
annotated material and the remaining unannotatedffered by thenxT tool is not required and we
data using a program which we have developed fohave therefore recently implemented our owgn

this task. We describe the extension to the annospecific tool. This has much in common WHIXT,
tation tool, thexmL representation of conflict and in particular annotations are encoded as standoff

the retokenisation program in Section 4. with pointers to the indices of the word tokens. A
_ screenshot of the tool being used fax annotation

2 An XML-based Standoff Annotation of biomedical text is shown in Figure 1. Figure 2
Tool contains a fragment of themL underlying the an-

In a number of recent projects we have explortaczr'otatIon for the excerpt

the use of machine learning techniques for Named

Entity Recognition {ER) and have worked with “glutamic acid in the BH3 domain
data from a number of different domains, includ- of tBid (tBidG94E) was principally used
ing data from biomedicine (Finkel et al., in press; because ....".



<body>
e <W id='W609">glutamic</w> <w id="w618’>acid</w> <w id='w623">in</w> <w id='w626'>the </w>
<w id='w630'>BH3</w> <w id='w634’>domain</w> <w id='w641">of</w> <w id='w644’>tBid</w>
<W id='w649"> (</w><w id='w650'>tBidGI4E </w><w id="w658'>)</w> <w id="w660’>was</w>
<w id='w664’>principally</w> <w id='w676'>used</w> <w id='w681’>because</w> ....

</body>

<ents>
<entid='e7’ type='prot_frag’ sw="w630’ ew="w644’>BH3 domain of tBid</ent>
<ent id="e8’ type='protein’ sw="w644’ ew="w644’>tBid</ent>
<ent id='e9’ type="prot_frag’ sw='w650’ ew="w650'>tBidG94E </ent>
<ent id='e10’ type="protein’ sw="w650’ ew='"w650’ eo="-4">tBid</ent>

<lents>

Figure 2: XML Encoding of the Annotation.

Note that the standoff annotation is stored at thecodes annotations as a directed graph with fielded
bottom of the annotated file, not in a separate filerecords on the arcs and optional time references
This is principally to simplify file handling issues on the nodes. This is broadly compatible with our
which might arise if the annotations were storedstandoffxmL representation and with thePSTER
separately. Word tokens are wrappedwnele- architecture. Our decision to use an annotation
ments and are assigned unique ids in itheat- tool which has an underlyingmL representation
tribute. The tokenisation is created using signif-is partly for compatibility with ouNLP processing
icantly improved upgrades of themL tools de- methodology where a document is passed through
scribed in Thompson et al. (1997) and Grover eta pipeline ofxmL-based components. A second
al. (2000%. Theents element contains all the en- motivation is the wish to ensure quality of anno-
tities that the annotator has marked and the link betation by imposing the constraint that annotations
tween theent elements and the words is encodedspan completeML elements. As explained above
with the sw andew attributes ¢tart wordandend and described in more detail in Section 4 the con-
word) which point at word ids. For example, the sequence of this approach has been that we have
protein fragment entity with i@7 starts at the first had to develop a method for recording cases where
character of the word with id/630 and ends at the the tokenisation is inconsistent with an annotator’s
last character of the word with W644. desired action so that subsequent retokenisation

Our annotation tool and the format for storing does not require reannotation.
annotations that we have chosen are just one in-
stance of a wide range of possible tools and for3 Tokenisation Issues
mats for theNE annotation task. There are a num-

ber of decision points involved in the development! & MOst widely known examples of theer
of such tools, some of which come down to a mat!@sk are thewuc competitions (Chinchor, 1998)
ter of preference and some of which are conse@nd theconLL 2002 and 2003 shared task (Sang,

quences of other choices. Examples of annotatiog002; Sang and De Meulder, 2003). In both cases
methods which are not primarily based @mL the domain is newspaper text and the entities are
areGATE (Cunningham et al., 2002) and the anno-9eneral ones such as person, location, organisation
tation graph model of Bird and Liberman (2001). etc. For this kind of dat_a there are unl_ikely to be
The GATE system organises annotations in graphs‘confllcts between tokenisation and entity mark-up
where the start and end nodes have pointers intgnd a vanilla tokenisation that splits at whitespace
the source document character offsets. This is af"d Punctuation is adequate. When dealing with
adaptation of theiPsTERarchitecture (Grishman scientific text and entities which refer to technical
1997). (TheuiMA system fromam (Ferrucci and concepts, on the other hand, much more care needs
Lally, 2004) also stores annotations im@sTer O Pe taken with tokenisation.

like format) The annotation graph model en- IntheSEERproject we collected a corpus of ab-
stracts of radio astronomical papers taken from the

Soon to be available undepPL asLT-xML 2 andLT-TTT2 _NAS_A AStrOphySiCS_ Data SyStem_ arChive’.a dig-
fromhtt p: // ww. | t g. ed. ac. uk/ ital library for physics, astrophysics, and instru-



mentatiod. We annotated the data for the follow- that the vanilla tokenisation style that was pre-
ing four entity types: viously adequate fomuc-style NE annotation in

Instrument-name Names of telescopes and generic newspaper text is no longer guaranteed to
other measurement instruments, eSupercon- be a good basis for standofE annotation because

ducting Tunnel Junction (STJ) camera, Plateathere will inevitably be conflicts between the way
de Bure Interferometer. Chandra. XMM-Newtonthe tokenisation segments the text and the strings

Reflection Grating Spectrometer (RGS) Hubbldhat the annotators want to select. In the remainder
Space Telescope. of this section we illustrate this point with exam-

ples from both domains.
Source-name Names of celestial objects, e.g. o
NGC 7603, 3C 273, BRI 1335-0417, SDSS;:?"l Tokenisation of Astronomy Texts
J104433.04-012502.2, PC0953+ 4749. In our tokenisation of the astronomy data, we ini-
tially assumed a vanillamuc-style tokenisation
Source-type Types of objects, e.dlype Il Su- \yhich gives strong weight to whitespace as a token
pernovae (SNe II), radio-loud quasar, type 2 QSOejimiter. This resulted in ‘words’ suc8i[l] >0.4
starburst galaxies, low-luminosity AGNSs. andI([Olll]) being treated as single tokens. Re-
. tokenisation was required because the annotators
Spectral-feature Features that can be pointed towanted to highlighi[l] and[Olll] as entities of

on a spectrum, e.4g Il emission, broad emission type Spectral-feature. We also initially adopted
lines, radio continuum emission at 1.47 GHz, CO yP P ) y P

i i ] . the practice of treating hyphenated words as single
ladder from (2-1) up to (7-6), non-LTE line. tokens so that examples suchA&GSN-dominated

In the Text Mining programmeTkm) we have in the Source-type entithGN-dominated NELGs
collected a corpus of abstracts and full texts ofwere treated as one token. In this case the an-
biomedical papers taken from PubMed Centralnotator wanted to marlAGN as an embedded
the U.S. National Institutes of Healthif) free  Source-type entity but was unable to do so. A
digital archive of biomedical and life sciences similar problem occurred with the Spectral-feature
journal literaturé. We have begun to annotate the BALembedded in the Source-type entityni-BAL
data for the following four entity types: quasar

Protein Proteins, both full names and acronyms, Examples such as these required us to reto-
e.g.p70 S6 protein kinase, Kap-1, p130(Cas).  kenise the astronomy corpus. We then performed
a one-off, ad hoc merger of the annotations that

Protein Fragment/Mutant  Subparts or mutants had already been created with the newly tokenised
of proteins e.g.Bub1'~33!, a domain of Bubl, version and then asked the annotators to revisit the
nup536405-430. examples that they had previously been unable to

] annotate correctly.
Protein Complex Complexes made up of two

or more proteins e.g. Kap95p/Kap60, DOCK2-3.2 Tokenisation of Biomedical Texts

ELMO1, RENT complex. Note that nesting of o starting point for tokenisation of biomedical
protein entities inside complexes may occur. text was to use the finer grained tokenisation that
we had developed for the astronomy data in pref-
erence to a vanillaruc-style tokenisation. For
the most part this resulted in a useful tokenisa-
tion; for example, rules to split at hyphens and
slashes resulted in a proper tokenisation of protein
In both the astronomy and biomedical domainscomplexes such aap95p/Kap60and DOCK2-
there is a high density of technical and formu-ELMO1which allowed for the correct annotation
laic language (e.g. from astronomyN(Hz) =~  of both the complexes and the proteins embed-
10o4¢m™2), 17.8hyg kpe, forQ,, = 0.3, A =  ded within them. However, a slash did not al-
0.7, 30 uJy/beam). This technical nature meansyays cause a token split and in cases such as
B , ERK 1/2the 1/2 was treated as one token which
http://adsabs. harvard. edu/ preprint _ .
servi ce. ht m prevented the annotator from marking &ERK
htt p: / / www. pubrredcent ral . ni h. gov/ 1 as a protein. A catch-all rule for non-ASCII

Fusion Protein Fusions of two proteins or pro-
tein fragments e.gs-catenin-Lefl, GFP-tubulin,
GFP-EB1. Note that nesting of protein entities in-
side fusions may occur.



<body>
core <W id='w609’>glutamic</w> <w id="w618">acid</w> <w id='w623">in</w> <w id='w626’>the </w>
<w id='w630'>BH3</w> <w id="w634'>domain</w> <w id='w641'>of</w> <w id="w644’>tBid</w>
<W id='w649">(</w><w id='w650">tBid</w> <w id='w654'>G94E </w><w id='w658">) </w>
<w id='w660'>was</w> <w id='w664'>principally</w> <w id='w676’>used</w>
<w id='w681’>because</w> ....
</body>
<ents>
<entid='e7’ type='prot_frag’ sw="w630’ ew="w644’>BH3 domain of tBid</ent>
<ent id="e8’ type="protein’ sw="w644’ ew="w644’>tBid</ent>
<ent id='e9’ type="prot_frag’ sw='w650’ ew="w654'>tBidG94E </ent>
<ent id='e10’ type="protein’ sw="w650’ ew='w650'>tBid</ent>
<lents>

Figure 3: Annotated File after Retokenisation.

characters meant that sequences containing Gred¢dd mis-annotations because the annotators would
characters became single tokens when sometime®ed to drag across more tokens; secondly, while
they should have been split. For example, inlarger numbers of smaller tokens may be useful
the string PKCyK380Rthe annotator wanted to for annotation, they are not necessarily appropri-
mark PKC as a protein. Material in parenthe- ate for many subsequent layers of linguistic pro-
ses when not preceded by white space was natessing (see Section 5).

split off so that in examples such asilin(C214) The practical reality is that the answer to the
andCdt1(193-447}he annotators were not able to question of what is the ‘right’ tokenisation is far
mark up just the material before the left parenthefrom obvious and that what is right for one level
sis. Sequences of numeric and (possibly mixedef processing may be wrong for another. We an-
case) alphabetic characters were treated as singligipate that we might tune the tokenisation com-
tokens, e.9.tBidG94E (see Figure 2)GAL4AD,  ponent a number of times before it becomes fixed
p53TAD—in these cases the annotators wanted tin its final state and we need a framework that per-

mark up an initial subpartBid, GAL4, p53). mits us this degree of freedom to experiment with-
out jeopardising the annotation work that has al-

4 Representing Conflict in XML and ready been completed.
Retokenisation Our response to the conflict between tokenisa-

tion and annotation is to extend oMmL -based

Some of the tokenisation problems highlighted instandoff annotation tool so that it can be used by
the previous section arose because Mhe spe-  the annotators to record the places where the cur-
cialistimplementing the tokenisation rules was notrent tokenisation does not allow them to select a
an expert in either of the two domains. Many ini- string that they want to annotate. In these cases
tial problems could have been avoided by a phasghey can override the default behaviour of the an-
of consultation with the astronomy and biomedi-notation tool and select exactly the string they are
cal domain experts. However, because they are naiterested in. When this happens, the standoff an-
NLP experts, it would have been time-consumingnotation points to the word where the entity starts
to explain theNLP issues to them. and the word where it ends as usual, but it also

Another way in which many of the problems records start and end character offsets which show
could have been avoided might have been to usexactly which characters the annotator included
extremely fine-grained tokenisation perhaps splitas part of the entity. The protein entigl0 in
ting tokens on every change in character type. Thishe example in Figure 2 illustrates this technique:
would provide a strong degree of harmony be-the start and end word attributesyv and ew in-
tween tokenisation and annotation but would belicate that the entity encompasses the single to-
inadvisable for two reasons: firstly, segmentationkentBidG94Ebut the attributeeo (end offset) in-
into many small tokens would be likely to slow an- dicates that the annotator selected only the string
notation down as well as give rise to more accideniBid. Note that the annotator also correctly anno-



tated the entire strintBidG94Eas a protein frag- taining annotated data is to provide training ma-
ment. The start and end character offset notatioterial for NLP components which will be put to-
provides a subset of the range descriptions definegether in a processing pipeline to perform infor-
in the XPointer draft specificatidn mation extraction. Given that statistically trained
With this method of storing the annotators’ de-components such as part-of-speeeb 9 taggers
cisions, it is now possible to update the tokeni-andNERtaggers use word tokens as the fundamen-
sation component and retokenise the data at artal unit over which they operate, their needs must
point during the annotation cycle without risk of be taken into consideration when deciding on an
losing completed annotation and without needingappropriate granularity for tokenisation. The im-
to ask annotators to revisit previous work. Weplicit assumption here is that there can only be one
have developed a program which takes as inpugayer of tokenisation available to all components
the original annotated document plus a newly to-and that this is the same layer as is used at the
kenised but unannotated version of it and whichannotation stage. Thus, if annotation requires the
causes the correct annotation to be recorded itbkenisation to be relatively fine-grained, this will
the retokenised version. Where the retokenisatiofave implications folros and NER tagging. For
accords with the annotators’ needs there will beexample, epostagger trained on a more conven-
a decrease in the incidence of start and end offtionally tokenised dataset might have no problem
set attributes. Figure 3 shows the output of reto-assigning a propernoun tag tdet-tRNA/elF2in
kenisation on our example. The current version - _
of the Txm project corpus contains 38,403 sen- . and facilitates loading of the Met-
tences which have been annotated for the four pro- ~ tRNA/eIF2 GTP ternary complex ...
tein namEd entitigs desgri.b_ed abovg (5.0’049 entit}ﬂowever, it would find it harder to assign tags to
annotations). With the initial tokenisatiodk) ‘members of the 10 token sequenkeet - t RNA
there are 1,106,279 tokens and for 719 of the entiy

ties th tators h d start andlor end of- o' 2 "
s the annotalors have used start andjor end off- Similarly, a statisticaNER tagger typically uses
sets to override the tokenisation. We have de

: ) . S information about left and right context looking at
fined a second, finer-grained tokenisatidok2 d g

2 ._anumber of tokens (typically one or two) on either
and used our retokenisation program to retokenlsgide_ With a very fine-grained tokenisation, this

the corpus. This second version of the corpus Conr’epresentation of context will potentially be less

talnst1£_185,84ﬁ_ trc;kensﬂgr:d t:}? trr:umber (t)fkent_'anormative as it might contain less actual context.
annotations which conflict wi e new tokeni- - . example, in the excerpt

sation is reduced to 99. Some of these remain-

ing cases reflect annotator errors while some are ... using a Tet-on LMP1 HNE2 cell

a consequence of the retokenisation still not being  line ...

fine-grained enough. When using the annotations

for training or testing, we still need a strategy for assuming a fine-grained tokenisation, the pair of
dealing with the annotations that are not consistokensLMP and1 make up a protein entity. The
tent with our final automatic tokenisation routine left context would be the sequenceing a Tet
(in our case, the 99 entities). We can systemati= onand the right context would beNE 2 cell
cally ignore the annotations or adjust them to thdine. Depending on the size of window used to
nearest token boundary. The important point is wetapture context this may or may not provide useful
we have recorded the mismatch between the tgnformation.

kenisation and the desired annotation and we have To demonstrate the effect that a finer-grained

options for dealing with the discrepancy. tokenisation can have oros and NER tagging,
we performed a series of experiments on thER

5 Tokenisation for Multiple Components  annotated data provided for the Coling BioNLP

So f h di d th bl £ i devaluation (Kim et al., 2004), which was derived
=0 t?]r we a\;el |s|cu?se Ie ptro fe;nko N%%rom the GENIA corpus (Kim et al., 2003). (The
Ing the correct fevel of granuianty of IoKenISa- g\ p gata is annotated with five entities, pro-
tion purely in terms of obtaining the optimal basis

¢ tati Y th tor ob tein, DNA, RNA, celltype and celline.) We
Or NER annotation. However, the reason 1or 00~y »ined the C&C maximum entropy tagger (Curran

“http://ww. wa. or g/ TR/ xpt r - xpoi nt er/ and Clark, 2003) using default settings to obtain



_ Orig | Tokl [ Tok2 During our experiments with the original data we
training # sentences 18,546 .
eval # sentences 3856 observed that splitting at hyphens was normally
training # tokens | 492,465| 540,046 | 578,661 not done (e.gmonocyte-specifits one token) but
eval # tokens 101,028 | 110, 352) 117,950  \herever an entity was part of a hyphenated word
Precision 65.14% | 62.36% | 61.39% . . .
Recall 67.35% | 64.24% | 63.24% then it was split (e.dL-2 -independentvherell-
F1 66.23% | 63.27% | 62.32% 2 is marked as a protein.) The context of a fol-

lowing word which begins with a hyphen is thus a
very clear indicator of entityhood. Although this
will improve scores where the training and test-
ing data are marked in the same way, it gives an
unrealistic estimate of actual performance on un-
seen data where we would not expect the hyphen-
ation strategy of an automatic tokeniser to be de-
pendent on prior knowledge of where the entities
are. To demonstrate that t¥ig NER model does
not perform well on differently tokenised data, we
iested it on theTok1tokenised evaluation set and
obtained an f-score of 55.64%.

Table 1: NER Results for Different Tokenisations
of the BioNLP corpus

NER models for the original tokenisatio®fig), a
retokenisation using the firsixm tokeniser Tok2)
and a retokenisation using the finer-grained secon
TxM tokeniser Tok2 (see Section 4). In all exper-
iments we discarded the originebstags and per-
formedpPostagging using the C&C tagger trained
on the MedPost data (Smith et al., 2004). Table
shows precision, recall and f-score for ther
tagger trained and tested on these three tokenisa-

tions and it can be seen that performance drops g8 Conclusion
tokenisation becomes more fine-grained.

The results of these experiments indicate thafy this paper we have discussed the fact that to-
care needs to be taken to achieve a sensible balenisation, especially of scientific text, is not nec-
ance between the needs of the annotation and tlgegsar“y a component that can be got right first
needs ofNLP modules. We do not believe, how- time. In the context of annotation tools, especially
ever, that the results demonstrate that the lesghere the tool makes reference to the tokenisation
fine-grained original tokenisation is necessarily|ayer as withxmL standoff, there is an interdepen-
the best. The experiments are a measure of thgence between tokenisation and annotation. It is
combined performance of treostagger and the ot practical to have annotators revisit their work
NER tagger and the tokenisation expectations Ofavery time the tokenisation component changes
the pos tagger must also have an impact. Weang so we have developed a tool that allows an-
used apOstagger trained on material whose own potators to override tokenisation where necessary.
tokenisation most closely resembles the tokenisatrhe annotators’ actions are recorded in the.
tion of Orig (hyphenated words are not split in the fgrmat in such a way that we can retokenise the
MedPost training data) and it is likely that the low corpus and still faithfully reproduce the original
results forToklandTok2are partly due to the to- annotation. We have provided very specific moti-
kenisation mismatch between training and testing,ation for our approach from our annotation of the
material for therostagger. In addition, th&lER  astronomy and biomedical domains but we hope
tagger was used with default settings for all runsyat this method might be taken up as a standard
where the left and right context is at most two t0-g|sewhere as it would provide benefits when shar-
kens. We might expect an improvement in per-ing corpora—a corpus annotated in this way can
formance forToklandTok2if the NER tagger was  pe ysed by a third party and possibly retokenised
run with larger context windows. The overall mes- by them to suit their needs. We also looked at
sage here, therefore, is that the needs of all proceshe interdependence between the tokenisation used
sors must be taken into account when searching fagr annotation and the tokenisation requirements
an optimal tokenisation and developers should beqf postaggers andNER taggers. We showed that
ware of bolting together components which havejt js important to provide a consistent tokenisation
different expectations of the tokenisation—ideallythroughout and that experimentation is required
each should be tuned to the same tokenisation. pefore the optimal balance can be found. Our re-

There is a further reason why the original to-tokenisation tools support just this kind of experi-
kenisation of the BioNLP data works so well. mentation.
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