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1 Obje
tiveThe JULIE Lab Named Entity Tagger (JNET) is a generi
 and 
on�gurable multi-
lassnamed entity re
ognizer. Given a plain text of written natural language, it automati
allydete
ts and 
lassi�es named entity mentions. JNET's 
omprehensive feature sets allowsto employ JNET for most domain and entity types. JNET was intensively tested on thegeneral-language news paper domain (re
ognition of the 
lassi
al MUC entities: person,lo
ation, organization) and several entity 
lasses in the bio-medi
al domain.As JNET employs a ma
hine learning (ML) approa
h (see Se
tion 7), a model (for thespe
i�
 domain and entity 
lasses to be predi
ted) needs to be trained �rst. Thus, JNETo�ers a training mode. Furthermore, JNET also provides several evaluation modes toassess the 
urrent model performan
e in terms of re
all (R), pre
ision (P), and f-s
ore(F).JNET o�ers the following fun
tionalities:

• generation of training data 
ontaining multiple annotations
• training a model
• predi
tion using a previously trained model
• evaluation
• �exible feature parametrization
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2 About this do
umentationThis is a do
umentation on the fun
tionality of JNET, espe
ially when used in a stand-alone manner. When using the UIMA-
ompliant version of JNET, please refer to theUIMA-JNET do
umentation for additional information.3 ChangelogWhy version 2.3 now ?
• this is due to internal pa
kage management reasons where JNET and the UIMAwrapper are now part of the same proje
t at the JULIE Lab. However, JNET-2.3is the dire
t su

essor of JNET-1.6.sin
e version 1.5:
• new features 
an be spe
i�ed in feature 
on�guration �le (in
luding token and
hara
ter n-grams, lexi
on membership)
• stemming now by defaultsin
e version 1.3:
• JNET 
an now output 
on�den
e values for ea
h predi
ted entity (see below)sin
e version 1.2:
• ML features 
an now be 
on�gured by means of a 
on�guration �le.
• Piped format (PPD) 
hanged: double pipes between the PoS tag and the entitylabel redu
ed to single pipe. Multiple annotations per token allowed now.4 InstallationAfter extra
ting the JNET-tgz pa
kage, nothing more has to be done. The program iswritten in Java1. To run JNET you need a Java 1.5 (or above) runtime environmentinstalled on your system. In addition to the 
ommon Java libraries, JNET employsMALLET [M
C02℄, a ma
hine learning toolkit, and UEAStemmer, a 
onservativeword stemmer2. All libraries 
an be found in the lib dire
tory. JNET 
an be started byrunning the s
ript �runJNET.sh� (see below for usage).

1Java is a registered trademark of Sun Mi
rosystems, In
.2http://www.
mp.uea.a
.uk/Resear
h/stemmer/2



5 File FormatsIn this se
tion, the �le formats relevant to JNET are introdu
ed. The �rst subse
tionexplains how to generate training material pro
essable by JNET using the FormatCon-verter. In this 
ontext, the PPD format and the tagset �les will also be illustrated. These
ond subse
tion shows in detail how JNET may be 
on�gured.5.1 Generating Training Data Containing Multiple AnnotationsThe FormatConverter takes multiple annotations in di�erent �les and merges them intoa single �le that 
ontains all annotations (this �le then has the PPD format). To use theFormatConverter 
all JNET with the argument �t�.Omitting further parameters 
auses JNET to print whi
h paramters it expe
ts:usage: JNETAppli
ation f <iobFile> <1st meta datafile>[further meta datafiles℄ <outFile> <taglist (or 0 if not used)>In other words, the following input is expe
ted:
• the base entity annotation (<iobFile>),
• one or more further annotations (<1st meta data �le>, <further meta data �les>),
• the desired name of the output �le (<outFile>),
• optionally the used entity tagset (<taglist (or 0 if not used)>). If you spe
ify atagset, then only the labels 
ontained in this �le will be used in the �nal output�le (PPD). Other labels 
ontained in the 1st meta data �le (the entity annotation�le) will be repla
ed by the default outside-label (�O�). If you do not use a tagsetit is important to pass a �0� instead.All annotation �les need to have the following format: one token per line and a respe
tivelabel per line, seperated by one or multiple whitespa
es. As with the entity annotations,the label would be the entity label that has to be learned by JNET. Note: the defaultoutside label is �O�, i.e. when a token does not have a spe
i�
 label, add an �O�. At theend of a senten
e there needs to be an empty line. The examples used below are takenfrom the tutorial (see Se
tion 8).An example of su
h an entity annotation might look like this:We 0report 0a 0
ase 0of 0 3




olon malignan
y
an
er malignan
ypresenting 0point variation-typemutations variation-typeat 0both 0
odons variation-lo
ation12 variation-lo
ationand 022 variation-lo
ationof 0the 0K-ras gene-rnagene 0. 0All other additional annotations (e.g. PoS annotations) look the same, i.e. have thesame lengths, the same tokens, only the labels would then be di�erent (PoS tags insteadof entity labels).The tagset, is expe
ted to 
ontain one entity label per line. These tags are just the entitylabels you want to use. See below for an example tagset (for variation event entity types).Note: the tagset always has to 
ontain the (default) outside label (�O�):variation-eventvariation-lo
ationvariation-state-alteredvariation-state-generi
variation-state-originalvariation-typeOPerforming the 
onversion using the FormatConverter will result in a �le that 
ontainsall tokens and their annotations in the piped format (PPD). This is illustrated by thefollowing example:Almost|RB|O all|DT|O of|IN|O these|DT|O mutations|NNS|variation-event have|VBP|Obeen|VBN|O lo
alized|VBN|O in|IN|O 
odons|NNS|variation-lo
ation12|CD|variation-lo
ation ,|,|O 13|CD|variation-lo
ation and|CC|O61|CD|variation-lo
ation .|.|O
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The token is followed by a pipe and a meta data tag alternating. For demonstration
onsider the string up to the �rst whitespa
e in the example above. The token �Almost�pre
eds a pipe (�|�). After this �rst pipe a meta data, here the PoS information, is shown.A se
ond pipe follows. If available, a se
ond meta data would appear after the se
ondpipe. However, as only one meta data is used here, the string is �nished by the entitylabel.5.1.1 Feature Con�guration FileA 
on�guration �le may be passed to JNET where the features to be used 
an be pa-rameterized. Both the training mode and the evaluation modes (be
ause they in
ludemodel training as well) 
an 
onsume su
h a �le.The information within a 
on�guration �le serves to 
ustomise the behaviour of JNETin 
reating its ML features. As the a
tual feature instan
es are generated depending onthe respe
tive training material, a 
on�guration �le together with the training materialdetermines the features (and thus the model).Next, details to the 
on�gurations are given. Generally, a 
on�guration �le 
onsists ofkey-value pairs, one in a line. See Table 1 for an enumeration of these key-value pairs.There are simple features, whi
h 
an just be turned on or o� (e.g. whether word stemmingshould be used or not), and more 
on�gurable features for whi
h, when turned on, someparameter 
an be set (su
h as the 
ontext feature for whi
h the size of the 
ontext 
anbe set).Further, there are so-
alled meta-features, i.e. binary features based on (external) in-formation (whi
h thus has to be provided in the training material, see above: Format-Converter and further meta data �le, Se
tion 5.1). An example of su
h a meta-featureare PoS tags. On whi
h meta data a key-value pair (in the 
on�guration �le) refers isdetermined by the very �rst pre�x of the key. For the PoS information, the 
orresponding
on�guration �le may 
ontain the pair "pos_feat_ = true". It is important to note thatthe substring "pos" of the key only serves as identi�
ation of the pairs whi
h belong tothe same meta data. You 
ould also 
all it "nightisdark_feat_enabled = true" and itwould not make any di�eren
e. This stays in 
ontrast to the rest of the key string - theform "xxx_feat_enabled" for indi
ating that the meta data refered to as "xxx" is usedor not used must not vary!key allowed values des
riptionfeat_lower
ase_enabled true/false if enabled, tokens beginning with a
apital letter are modi�ed to lower
ase (this is done only if and only ifthe beginning letter is upper 
asefeat_w
_enabled true / false enables or disables the word 
lassfeature5



feat_bw
_enabled true / false enables or disables the brief word
lass featurefeat_bioregexp_enabled true / false enables or disables some featuresprimary used for bio or bio-medi
altextsfeat_plural_enabled true / false if enabled, this feature is a
tivated in
ase the only di�eren
e between thestemmed and the unstemmed ver-sion of a token is a putative plural�s�token_ngrams integer list de�nes the token-level ngrams to begenerated as features. If un
om-mented from the feature 
on�gura-tion, no token ngrams are built (notsubje
t to o�set 
onjun
tion). Ex-ample: 2,3; ngrams of size 2 and 3are built
har_ngram integer list ngrams on the 
hara
ter level (notsubje
t to o�set 
onjun
tion)pre�x_sizes integer list the pre�xes to be build a

ording tothe spe
i�ed length. Example: 2,3;pre�xes of 2 and 3 
hara
ters arebuildsu�x_sizes integer list the su�xes to be build (
ompare topre�x_sizes)XXX_lexi
on �le name this is a feature for lexi
on member-ship on token level. XXX 
an herebe repla
ed by an arbitrary namerefering, e.g., to the type of lexi-
on. Mat
hing is done 
ase insen-sitive. This feature 
an be spe
i�edmore than on
e. Make sure in su
ha 
ase you use di�erent names forXXX. Full path should be given forthe lexi
on �le.
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o�set_
onjun
tions integer list determines the feature generationenvironment of a token and 
ombi-nations of token features; numbers
orrespond to token positions rel-atively to the a
tually viewed to-ken. (0) stands for the a
tual to-ken, (-1) for the pre
eding token et
.(-2) (-1) (0) (1) indi
ates that fea-tures for the tokens (-2), (-1), (0)and (1) are generated. somethinglike (-1 -2) or (-1, -2) would 
ombinethe features of (-1) and (-2)gap_
hara
ter 
hara
ter 
hara
ter that serves for indi
at-ing that the annotation for a tokenis not available/not known in thetraining materialxxx_feat_enabled true / false the meta data named "xxx" is usedif and only if the value equals truexxx_feat_unit string how this meta data should be 
alledinternally; appears in some outputsxxx_feat_position positive integer the rank of this meta datain all meta datas appear-ing in the training material(token|meta1|meta2|...|entity label)Table 1: De�ned key-value pairs in feature 
on�guration �les.Su
h a feature 
on�guration �le might look like this:offset_
onjun
tions = (-1) (1)feat_lower
ase_enabled = truefeat_w
_enabled = truefeat_bw
_enabled = truefeat_bioregexp_enabled = truefeat_plural_enabled = true#token_ngrams = 2,3#
har_ngrams = 3,4#prefix_sizes = 2,3#suffix_sizes = 2,3#STOPWORD_lexi
on = stopwords.lex
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gap_
hara
ter = �# details for part-of-spee
h meta informationpos_feat_enabled = truepos_feat_unit = pospos_feat_position = 1Now, let us assume we would like to 
onsider 
hunking information for our named entityre
ognition. This �rst requires, that we have 
hunk annotations. We would then modifythe above example feature 
on�guration �le by adding the following lines:
hunk_feat_enabled = true
hunk_feat_unit = 
hunks
hunk_feat_position= 2(That means, in our PPD �le, the 
hunk information is at the se
ond position (whereasPoS information was on the �rst position).)6 Using JNETJNET is a 
ommand-line tool. To 
all JNET go to the dire
tory where you unpa
kedthe downloaded �le and type the following:JNETAppli
ation <your arguments>This will then dire
tly 
all the 
lass JNETAppli
ation whi
h serves as interfa
e to JNET.All fun
tionality, as listed in Se
tion 1, 
an be 
alled from this appli
ation. RunningJNET without further parameters, you will be informed about the available modes:usage: JNETAppli
ation <mode> <mode-spe
ifi
-parameters>Available modes:f: 
onverting multiple annotations to one files: 90-10 split evaluationx: 
ross validation
: 
ompare goldstandard and predi
tiont: trainp: predi
to
: output model 
onfigurationoa: output the model's output alphabet8



Thus, the �rst parameter JNET expe
ts, determines the operation mode. For example,if you want to train a model, JNET expe
ts you to give a 't' as �rst parameter. Forperforming a 90-10 split evaluation a 's' as �rst parameter is needed. If you run JNETonly with the �rst parameter the program will display the required parameters for the
orresponding operation mode. E.g., if you run JNET only with the 't' parameter youwill be noti
ed that it needs in addition an annotated �le, a �le 
ontaining the usedtagset, the model �le name and optionally a feature 
on�guration �le. Working withJNET always follows this s
heme (for details see below).6.1 TrainingIn order to train a model you need training material like that generated by the Format-Converter, that is in PPD format. Furthermore, you need to spe
ify a tagset (see Se
tion5.1) and a feature 
on�guration �le (optionally). Starting JNET only with the parameter't' will result in the following output:usage: JNETAppli
ation t <trainData.ppd> <tags.def> <model-out-file>[featureConfigFile℄Training requires training data in piped format (<trainData.ppd>), the tagset (<tags.def>)and the future model �le name (<model-out-�le>). Optionally, you may pass a feature
on�guration �le. The output of a training pro
ess is a model whi
h may be used forpredi
tion.6.2 Predi
tionFor tagging a given plain text you need the used tagset and a model. In addition youhave to determine the name of the output �le:usage: JNETAppli
ation p <unlabeled data.ppd> <tag.def> <modelFile><outFile> <estimate segment 
onf>The format of the text on whi
h the predi
tion is to take pla
e is required to equal theformat of the training data. It must mat
h the PPD format and also has to 
ontain thesame number of meta information. This is be
ause you are to provide the meta dataused for training also in the predi
tion pro
ess in order to generate adequate features.Obviously, the entity labels are not known for the predi
tion PPD �le (as this is what wewant to predi
t); thus, employ an arbitrary pla
e holder here (e.g. �X�) just to meet theformat spe
i�
ations. But remember that you have to give exa
tly as mu
h informationin your predi
ting material as is known in the model you use for the predi
tion. TheFormatConverter should serve well here. 9



Small malignan
y
ell malignan
y
ar
inoma malignan
yof malignan
ythe malignan
ygallbladder malignan
y: 0a 0
lini
opathologi
 0, 0 Figure 1: JNET's predi
tion output.When estimate segment 
onf is set to 'true', 
on�den
e estimates are printed for allentity mentions. The estimation of the 
lassi�er's 
on�den
e on ea
h entity is basedon the approa
h proposed by [CM04℄. Note: entity-level 
on�den
e 
al
ulation mightseriously slow down JNET. Thus, for pro
essing large amounts of do
uments we advi
eto use this feature 
arefully.The output of a predi
tion pro
ess resembles the entity annotations (see Se
tion 5.1;by the way: this format is often also 
alled �iob�), i.e. a �le that 
onsists of token-annotation pairs, one pair per line. When a
tivated, 
on�den
e estimates are printed ina third 
olumn. See Figure 1 for an example.6.3 EvaluationJNET provides several standard evaluation modes. Ea
h of them returns the performan
ein terms of re
all (R), pre
ision (P), and f-s
ore (F).6.3.1 Comparing Predi
tion and Gold StandardFor 
omparing the output of a predi
tion pro
ess with a given gold standard you needthe predi
tion (<predData.iob>) and the gold standard (<goldData.iob>). Then you 
anrun JNET in mode '
' :usage: JNETAppli
ation 
 <predData.iob> <goldData.iob> <tag.def>Both are required to be plain text �les and to be in the same format as the entityannotation (whi
h is the same as the output of the predi
tion mode). They need to beof the same length. That is, the number of tokens and respe
tively the number of linesmust mat
h. 10



6.3.2 90-10 Split EvaluationFor performing a 90-10 split evaluation you have to pass the (training data) PPD �le(data.ppd) on whi
h the evaluation is to be made to JNET. This data is then randomlysplit into 10% for evaluation, and another 90% for training. Moreover the tagset and thename of the evaluation output is required:usage: JNETAppli
ation s <data.ppd> <tags.def> <pred-out>[featureConfigFile℄An evaluation 
ontains a training pro
ess. Thus you pass a feature 
on�guration �le.6.3.3 Evaluation OutputThe output of a 90-10 split evaluation or of a 
ross evaluation 
ontains one token perline. Every token is followed by the entity label given by the JNET predi
tion and thenby the label that should be there (a

ording to the training data provided), that is, bythe label 
orresponding to the gold standard. In addition the used meta infos are shownbehind the gold label.In the example below, only PoS information has been used as meta data (last 
olumn).PCR O O NN- O O HYPHSSCP O O NNand O O CCsubsequent O O JJsequen
ing O O NNrevealed O O VBDthat O O INGGT O variation-state-original NN( O O -LRB-gly
ine O variation-state-original NN, O O ,wild O O JJ- O O HYPHtype O O NN) O O -RRB-
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6.3.4 Cross ValidationDuring 
ross validation, the prodived training material is randomly split into n subsets(<x-rounds> spe
i�es the number of subsets). Then n− 1 subsets are used for training,the remaining one for evaluation. This is repeated n times, the performan
e values(R/P/F) are the mean average over the performan
e values of ea
h round. Standarddeviation is also shown.The arguments for 
ross valiation are the same as for 90-10 split evaluation, ex
ept thatyou have to spe
ify the number of evaluation rounds and a �le where to write the �nalevaluation results to additionally:usage: JNETAppli
ation x <trainData.ppd> <tags.def> <pred-out> \<x-rounds> <performan
e-out-file> [featureConfigFile℄The output of 
ross validation is the same as of 90-10 split evaluation.6.3.5 Model informationRunning JNET with the arguments 'o
' outputs the feature 
on�guration spe
i�ed duringtraining for this model; argument 'oa' shows the tagset for whi
h the model was trained.Of 
ourse, for both modes you will have to spe
ify the respe
tive model.7 Ba
kground/AlgorithmsJNET is based on Conditional Random Fields (CRFs) [LMP01℄, a sequential learningalgorithm. It was inspired by ABNER, a named entity re
ognition appli
ation based onCRFs as well [Set04℄.8 TutorialBy means of the demo-�les 
ontained in the JNET_data/tutorial dire
tory3, the use ofJNET will be shown. It will be des
ribed in detail how to train a model, how to predi
tand how an evaluation is performed.
3These �les 
ontain annotations taken from the PennBioIE 
orpus. We 
onverted them to the IOBformat and added the PoS tags with our PoS tagger.12



8.1 Training a modelThis is done by 
alling JNET with the �t� parameter. The arguments are expe
ted asfollows:usage: JNETAppli
ation t <trainData.ppd> <tags.def> <model-out-file>[featureConfigFile℄The training data (<trainData.ppd>) must mat
h the piped format. A small se
tion ofthe training �le variation.ppd lo
ated in the JNET_data/tutorial dire
tory is givenas an example:A|DT|O stabilizing|VBG|O beta-
atenin|NN|O mutation|NN|O (|-LRB-|OS|NN|variation-state-original 45|NN|variation-lo
ationF|NN|variation-state-altered )|-RRB-|O appears|VBZ|O in|IN|O the|DT|O same|JJ|O
ell|NN|O line|NN|O that|WDT|O 
arried|VBD|O the|DT|O mutated|VBN|OE-
adherin|NN|O gene|NN|O .|.|OThe �le vartags.def is provided as an appropriate tagset (<tags.def>). It 
ontains onetag per line:variation-eventvariation-lo
ationvariation-state-alteredvariation-state-generi
variation-state-originalvariation-typeOAdditionally, the model �le name (<model-out-�le>) is needed. The use of a feature
on�guration �le ([featureCon�gFile℄) is optional. An example for a feature 
on�guration�le is provided with feat
onf.
onf:pos_feat_enabled = truepos_feat_unit = pospos_feat_position = 1pos_begin_flag = falseoffset_
onjun
tions = (-1)(1)gap_
hara
ter = � 13



stemming_enabled = truefeat_w
_enabled = truefeat_bw
_enabled = truefeat_bioregexp_enabled = trueThe 
ommandJNETAppli
ation t JNET_data/tutorial/variation.ppd \JNET_data/tutorial/variations.tags mymodel.mod \JNET_data/tutorial/feat
onf.
onfwill result in the 
reation of a model named mymodel.mod.Given a model, it is possible to print out to the 
onsole the used tagset and feature
on�guration. Printing out the tagset is done byJNETAppli
ation oa mymodel.mod.gzprinting out the feature 
on�guration is done byJNETAppli
ation o
 mymodel.mod.gz8.2 Predi
tionA predi
tion is performed using the �p� parameter when 
alling JNET. The followingparameters are expe
ted:usage: JNETAppli
ation p <unlabeled data.ppd> <tag.def> <modelFile><outFile>As stated in se
tion 6.2 the unlabeled input data (<unlabeled data.ppd>) is needed to
ontain the same meta data as the training data of the used model. Therefore it requiresto mat
h the piped format. The �le variations_unlabeled.ppd serves as an example:Point|NN|X mutations|NNS|X have|VBP|X the|DT|X potential|NN|X to|TO|Xa
tivate|VB|X the|DT|X K-ras|NN|X gene|NN|X if|IN|X they|PRP|X o

ur|VBP|Xin|IN|X the|DT|X 
riti
al|JJ|X 
oding|NN|X sequen
es|NNS|X .|.|X
14



In this 
ase the 
hara
ter �X� is used instead of the unknown labels. The tagset (<tag.def>)equals the tagset showed above. If you followed the instru
tions of this tutorial 
on
erningthe training of a model, the �le mymodel.mod 
ould be used as a model (<modelFile>).A predi
tion 
ommand on the �le variations_unlabeled.ppd might look like this:JNETAppli
ation p JNET_data/tutorial/variations_unlabeled.ppd \JNET_data/tutorial/variations.def \mymodel.mod.gz mypredi
tion.iobThe output of su
h a predi
tion pro
ess is a �le that 
ontains one token and its dete
tedlabel per line. Performing a predi
tion on the �le variations_unlabeled.ppd outputsa �le whose �rst lines are showed here:Point variation-typemutations variation-typehave Othe Opotential Oto Oa
tivate Othe OK-ras Ogene O8.3 EvaluationTo run a 10-fold 
ross-validation with the tutorial feature set on the tutorial data, justrun the following 
ommand:JNETAppli
ation x JNET_data/tutorial/variations_labeled.ppd \JNET_data/tutorial/variations.tags xvalpredi
tion 10 \JNET_data/tutorial/feat
onfig.
onfThis will 
reate the �le xvalpredi
tion whereto the predi
tions of ea
h of the 
ross-validations will be printed. Further, the overall performan
e measure is shown in termsof re
all, pre
ision, and f-measure.
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9 Available ModelsThe dire
tory JNET_data/models 
ontains a gene model (and the respe
tive tag de�ni-tion) trained on the gene annotations of the PennBioIE 
orpus4. This model 
lassi�esentities into the 
lasses protein, rna, and generi
. (With 10-fold 
ross-validation, JNETa
hieves a performan
e of 83.6% F-s
ore on these 
lasses).Using JNET's training fa
ilities your 
an easily train you own models � given trainingmaterial is available.Referen
es[CM04℄ Aron Culotta and Andrew M
Callum. Con�den
e estimation for informationextra
tion. In Daniel Mar
u Susan Dumais and Salim Roukos, editors, HLT-NAACL 2004: Short Papers, pages 109�112, Boston, Massa
husetts, USA,2004. Asso
iation for Computational Linguisti
s.[LMP01℄ John D. La�erty, Andrew M
Callum, and Fernando Pereira. Conditional ran-dom �elds: Probabilisti
 models for segmenting and labeling sequen
e data. InICML '01: Pro
eedings of the Eighteenth International Conferen
e on Ma
hineLearning, pages 282�289, San Fran
is
o, CA, USA, 2001. Morgan KaufmannPublishers In
.[M
C02℄ Andrew M
Callum. Mallet: A ma
hine learning for language toolkit.http://mallet.
s.umass.edu, 2002.[Set04℄ Burr Settles. Biomedi
al named entity re
ognition using 
onditional random�elds and ri
h feature sets. In Nigel Collier, Patri
k Ru
h, and AdelineNazarenko, editors, COLING 2004 International Joint workshop on NaturalLanguage Pro
essing in Biomedi
ine and its Appli
ations (NLPBA/BioNLP)2004, pages 107�110, Geneva, Switzerland, 2004. COLING.

4http://bioie.ld
.upenn.edu/ 16


