
!

!

"#$%&!'()*'!+,$-%.,/!
!"#$%&'$()*""+)

,#$"-.'/)01"1/2"$+'%134)5/4%1%#%.)6,057)

8.993"+.):$#4%);./"+.)!'+-#4)

<1/=%"/>)!'+?$1(@.4A1$.>)BC)

DE%AFGH%A)I-$19)GHDH)$.43A.(#9.()%")DJ%AFDK%A)L#/.)GHDH)

!

!
M1.%$13A)*.?A"9NFO3A#A+'//)

B(")<'A/))

6.(1%"$47)

!

!

!

!

!

!!! !!! !!! !!! !



!"#$%"#&'
!"#$%"&'()#*'+,-./&'0'1233(

4#,&+1#($+($'#(5"%6$(789:7(;+%<6'+=>(

�����>�������•�š���v���•���(�}�Œ���š�Z�����^���}�o�o�����}�Œ���š�]�À�������v�v�}�š���š�]�}�v���}�(�������>���Œ�P��.�^�����o�������]�}�u�����]�����o�����}�Œ�‰�µ�•�_�����v�����]�•�������•�µ�‰�‰�}�Œ�š�������š�]�}�v���‰�Œ�}�i�����š��
503?#?(*@($'#(6#A#3$'(5%21#;+%<(=%+B%21(+5($'#(C0%+=#23(7+11"66"+3(D&+3$%2&$(301*#%(EFGHEHI(J7K(ELLH>M>ENI(
?0%2$"+3(E>O(@#2%6N>((K'#(=%+P#&$(=2%$3#%6('2A#(&+11"$$#?($+(?#A#,+=(23(233+$2$#?(&+%=06(5+%($'#($#Q$(1"3"3B(23?(
6#123$"&(4#*(%#6#2%&'(&+1103"$"#6(23?($+(+%B23"-#($;+(&'2,,#3B#6(23?("3(2??"$"+3I($;+(;+%<6'+=6("3(&+33#&$"+3(
;"$'($'#(&'2,,#3B#6>(

K'"6(5"%6$(789:7(;+%<6'+=(*%"3B6($+B#$'#%(6&"#3$"6$6(
5%+1($'#($#Q$(1"3"3B(%#6#2%&'(&+1103"$@I("3(
=2%$"&0,2%($'#(=2%$"&"=23$6($'2$('2A#(&+3$%"*0$#?($+(
$'#(5"%6$(&'2,,#3B#>((K'#(;+%<6'+=('26($'#(+*P#&$"A#(
$+(B"A#("36"B'$6("3$+($'#(6#$0=(+5($'#(&'2,,#3B#(23?(
$'#(789:7(=%+P#&$(+A#%2,,I($+(=%#6#3$($'#(5"%6$(
%#60,$6(%#2&'#?("3($'#(5"%6$(='26#(+5($'#(=%+P#&$(23?(
"3($'#(5"%6$(&'2,,#3B#(23?($+(?"6&066($'#(6#$0=(+5($'#(
6#&+3?(789:7(&'2,,#3B#>((R0%$'#%1+%#I($'#(
=2%$"&"=23$6(+5($'#(789:7(&'2,,#3B#(;",,(*#(2*,#($+(
=%#6#3$($'#"%(;+%<(5+%($'#(&'2,,#3B#>(

K;+(<#@3+$#(6=#2<#%6(;",,(=%#6#3$($'#"%(%#6#2%&'(;+%<>((SA#6(9066"#%(DT3"A#%6"$@(+5(7'"&2B+N(B"A#6(23(+A#%A"#;(+3('"6(
%#6#2%&'(;+%<($'2$("3&,0?#6($'#(#Q=,+"$2$"+3(+5($'#(6&"#3$"5"&(,"$#%2$0%#(23?(+3$+,+B"&2,(%#6+0%&#6(5+%($'#(
"?#3$"5"&2$"+3(+5(3#;(<3+;,#?B#("3($'#(*"+1#?"&2,(?+12"3>((/&+$$(U2%6'2,,(D9#"?#3(T3"A#%6"$@(U#?"&2,(7#3$#%N(B"A#6(2(
=%#6#3$2$"+3(+3($'#("3$#B%2$"+3(+5($'#(6&"#3$"5"&(,"$#%2$0%#("3$+($'#("35%26$%0&$0%#(+5(*"+"35+%12$"&6(?2$2(%#6+0%&#6(26(
=2%$(+5($'#(/#123$"&(4#*>(((

926$(*0$(3+$(,#26$I($'#(;+%<6'+=(=2%$"&"=23$6('2A#($'#(+==+%$03"$@($+(?"6&066($'#(*#3#5"$6(+5(6#123$"&2,,@(233+$2$#?(
,"$#%2$0%#(5+%(?"55#%#3$(06#%(&+1103"$"#6V(*"+1#?"&2,(%#6#2%&'#%6("3($'#(='2%12&#0$"&2,("3?06$%@I(%#6#2%&'#%6(5%+1(
$'#(/#123$"&(4#*(&+1103"$@(23?($'#($#Q$(1"3"3B(&+1103"$@>(

J(#Q=%#66(1@(6=#&"2,($'23<6($+(W,"A"#%(:+?#3%#"?#%(5%+1($'#(X2$"+32,(9"*%2%@(+5(U#?"&"3#>((Y#(;26("3A+,A#?(5%+1($'#(
*#B"33"3B(+5($'#(=%+P#&$(23?('26(6"B3"5"&23$,@(&+3$%"*0$#?($+($'#(60&&#66(+5($'#(=%+P#&$>((T35+%$032$#,@I('#(&233+$(
$2<#(=2%$("3($'#(;+%<6'+=>(

R0%$'#%1+%#I(J('2A#($+($'23<(83$+3"+(Z"1#3+(S#=#6(;'+($++<(%#6=+36"*","$@(5+%(2(*"B(=+%$"+3(+5($'#(+%B23"62$"+32,(
23?(?#A#,+=1#3$2,(26=#&$6(+5($'#(789:7(=%+P#&$(;"$'"3("$6(5"%6$(@#2%>(

:#6$(;"6'#6(23?(#3P+@($'#(;+%<6'+=[(

!"#$%"&'()#*'+,-./&'0'1233(

( (



!

!"#$%&"'('#")#*+( , (-*.(/ (
!

!"#$ % &'(%)%*+,-./0'( %1%2-3$%) 4!, 5%67)78%

))977:);977% <$//"=3%)>%?3!.=0-@!"=35%A.$A'.'!"=3%'30%=-!@=#$%=B%CDEFC%C,'GG$3H$%?%

""#$$%""#&$!
' !"##$%"&$'()*+,--"'$'("-+".+$+/$&0*123$#*+4("5*6(3$#+!"&789+:!,/4!;<+$-+(-'&"683'("-(!
)*+,-.+/0!1,20345%6/07089::; !
<7.=3>,!3?!-0,!@ABC@!=.3D,/-E!-+8,4+:,>!9:F!3G,.G+,H!

""#&$%"I#$$! ' =(#"'+7&">*3'+$-6+2(#)*&+2'$-6$&6+!"&789+?+:22!+?;(!)J.+K!G9:!L744+M9:E!N9:!O3.>;!
* ,G,43=8,:-!3?!66@!PQ!09.83:+>9-+3:!9:F!,G9479-+3:!=.3/,F7.,>E!R794+-S!3?!-0,!66@!P!

"I#$$%"I #&$! ' !,/4!+!@$##*-0*+?(!)*+,-.+/0!1,20345%6/07089::; !!
<.,>,:-9-+3:!9:F!*+>/7>>+3:!3?!@ABC@!/0944,:M,!P!9:F!+->!37-/38,!

"I#&$%"&#$$! ' A*#*)$-3*+".+'@*+22!+?+$-6+22!+??(!)*9G+F!L+4H9.F;!
@38=9.+>3:!-3!3-0,.!/0944,:M,>E!3=,:!F+>/7>>+3:!

);>77:)I>77% B7:/0!-+8, !

)I977:)J9;7% <$//"=3%6>%D33=!'!"=3%#$!,=0/5%A'.!%?%

"T#$$%"T#&$!

' A"%89'+4("5*6(3$#+B-'('C+A*3"0-('("-+D9(-0+E7'(5$#+F*$'8&*+2*'(!!
)U9+>94!L90272!@03HF07.SE!A42,.-3!B9G,44+;!
V0,!-94K!=.,>,:->!9!>+:M4,!/49>>+?+,.!>S>-,8!7>,F!?3.!>,89:-+/!-S=,!9::3-9-+3:!+:!-0,!@ABC@!/0944,:M,#!
V0,!>S>-,8!7>,>!9!>,-!3?!?,9-7.,>!>7+-924,!?3.!.,/3M:+5+:M!9!2.39F!.9:M,!3?!>,89:-+/!-S=,>#!

"T#&$%"W#$$!
' ,+9C9'*5+'"+(6*-'(.C+%("1*-'('(*9+89(-0+!"-6('("-$#+A$-6"5+F(*#69(!)X+!Y,+E!Z+M,4!@344+,.;!
Y,!=.,>,:-!9!2+3 %ZJ1!>S>-,8!7>+:M!9!@1U!83F,4!-3!,[=43.,!9:!9..9S!3?!4,[+/94!9:F!3.-03M.9=0+/!
?,9-7.,>#!Y,!94>3!F+>/7>>!-0,!,??,/-!3?!F+G+>+3:!>-.9-,M+,>!-3!/.,9-,!>=,/+94+5,F!>72>,->!3?!-0,!/3.=7>#!

"W#$$%"W#&$!
' 2*5$ -'(3+$--"'$'("-9+".+'*G'9+'@&"80@+3"-3*7'+&*'&(*)$#(!)19?9,4!C,.49:M9E!J.:,>-3!N+8,:,5E!!
\+/-3.+9!Z,23-;!

)J9;7:)K977% C.,9K!

)K977:)4977% <$//"=3%; >%<"GL$.%<!'30'.0%C=.A=.'%

"]#$$%"]#&$!
' 2(#)*&+2'$-6$&6+!"&789+)9H+I"#6+2'$-6$&6+!"&789J!!
)*+,-.+/0!1,20345%6/07089::E!^F3!_90:; !

"]#&$%"`#$$!
' K"L$&69+3"-.(08&$%#*+2(#)*&+2'$-6$&6+!"&7"&$(!)^F3!_90: E!O9-.+:!V389:,KE!J.+K!U9,>>4,.E!
J4,:9!C,+>>H9:M,.;!

)4977:)M977% N$(3=!$%!'GO>%PL$/%E-//"$.5%Q&5%R3"L$./"!(%=B%C,"@'H=%

!

' M8$-'(N*6+7@*-"'C7*9+*5*&0*+$9+58#'(93$#*+5*3@$-(959+8-6*&7(--(-0+3"57#*G+'&$('9+.&"5+
5(-(- 0+0*-*'(3+-$&&$'()*9O+"-'"#"0(*9+$-6+AP,+9*Q8*-3*9(!
V0,!K,S:3-,!-94K!+>!/3:/,.:,F!H+-0!-0,!,[=43+-9-+3:!3?!-0,!>/+,:-+?+/!4+-,.9-7.,!?3.!2+38,F+/94!K:3H4,FM,!
F+>/3G,.S#!aG,>!B7>>+,.!09>!,[=43+-,F!-,.8+:343M+/94!9:F!>,89:-+/!.,>37./,>!-3!+F,:-+?S!=0,:3-S=+/!
+:?3.89-+3:!?.38!-0,!4+-,.9-7.,!9:F!-3!4+:K!834,/749.!2+343MS!-3!/4+:+/94!8,F+/+:,#!aG,>!+>!8,82,.!3?!
-0,!>/+,:-+?+/!9FG+>3.S!/388+--,,!3?!-0,!@ABC@!/0944,:M,#!

"bQ$$%" bQ&$! <3>-,.!>,>>+3: !

)S>; 7% *+::,.!9-!N,>7>!@344,M,E!@982.+FM,!

!



!

!"#$%&"'('#")#*+(,(-*.(/(
!

!"#$% &'(%)%*+,"-'(%.%/01$%23!45%)6267%

8966.22966% :$;;"<1%=>%?11<!'!"<1%#$!4<-;5%@',!%AA%

"#$$%"#&$!

'!"#$%&"&'("')*+,) (!)*+,-.!/01,23+415!627+-!8+.204+5!91:-04!*;<.1+41:=!
><1!?2:3+;+?23+-.!-@!3<1!A.3-91.1!B:-C?!3-!3<1!/DEF/!;<2001.B1!+G!72G14!-.!2.!1.3+3H!:1;-B.+3+-.!3--05!
I<+;<!I2G!-:+B+.200H!41J10-?14!@-:!3<1!F+-/:123+J1!;<2001.B1#!><1!GHG31,!+G!@C.42,1.3200H!72G14!-.!2!
4+;3+-.2:H!0--KC?!2??:-2;<5!2CB,1.314!7H!2!J1:H!@01L+701!.-:,20+M23+-.!-@!3<1!01L+;20!1.3:+1G!)31:,G!
2.4!1.3+3+1G=#!N1G?+31!+3G!G+,?0+;+3H5!:1GC03G!2??12:!3-!71!;-,?13+3+J1#!

"#&$%O$#$$!

'-$./012'/3#$4/#(5'6($4&1(5/7'&"#(#8'/""$#/#($"'68'0&135("9'&00$0':0$:/9/#($"(!!!!!!!!!!!!!!!!!!!!!
)P2MC-!Q2:2=!
><+G!320K!1L?02+.G!<-I!-C:!G-0C3+-.!;-?1G!I+3<!?-31.3+20!1::-:G!3<23!2:1!+.<1:+314!@:-,!2C3-,23+;200H!
0271014!3:2+.+.B!4232#!

O$#$$%O$#OR!
'*""$#/#($"'$;'#<&')*+,)'5$0:32'32("9'6($4&1(5/7'#&04("$7$9(5/7'0&2$305&2'=></#(?(#@(!
)N+13:+;<!817<-0M%*;<C<,2..5!D.3-.+-!S+,1.-!T1?1G5!/<1.!E+=!

O$#OR%O$#&$!
'*""$#/#("9'#<&')*+,)'A(7B&0'A#/"1/01')$0:32'C2("9'#<&'DC+EF'+/6'-$$72(!)U4-!Q2<.5!
VK231:+.2!FCHK-5!V01.2!F1+GGI2.B1:5!P23:+.!>-,2.1K=!

O$#&$%O$#WR!
'*""$#/#("9'#<&')*+,)'5$0:32'.(#<'G&0&90("&(!)X2:3+Y.!S#!*;<C1,+15!V:+K!X#!J2.!XC00+B1.5!
P2.B!Z+.B5!S2.!D#!P-:G=!

O$#WR%OO#$$!
'*""$#/#("9',($4&1(5/7'F"#(#(&2'.(#<'EHF'32("9'I37#(:7&'!"#$7$9(&2(!)[131:!/-:71335!N2J+4!
X+0I2:4=!

22966.2B966% :$;;"<1%C>%D,$@','!"<1%<E%!4$%1$F!%G4'HH$1I$%%

OO#$$%OO#OR!
')*+,)')</77&"9&'!:("($"'G$77 (!)P23:+.!>-,2.1K5!U4-!Q2<.=!
[:1G1.323+-.!-@!3<1!-C3;-,1!-@!3<1!\C1G3+-..2+:15!I<1:1!?2:3+;+?2.3G!2.4!.-.%?2:3+;+?2.3G5!I<-!I1:1!
+.31:1G314!+.!3<1!;<2001.B15!3--K!?2:3#!

OO#OR%O&#$$!

&";G0;;"<1>%!')$"135#'$;'#<&';3#30&')*+,)'5</77&"9&'0$3"1(!)U4-!Q2<.=!
]+00!3<1!/DEF/!;<2001.B1!^^!71!?1:@-:,14!+.!3<1!G2,1!I2H!2G!3<1!/DEF/!;<2001.B1!^_!]<23!+G!3<1!:+B<3!
G+M1!@-:!3<1!;<2001.B1`!.C,71:!-@!4-;C,1.3G5!.C,71:!-@!1.3+3+1G5!\C20+3H!01J10_!]<23!2;<+1J1,1.3G!;2.!
71!32:B1314!2G!?2:3!-@!3<1!/DEF/!;<2001.B1`!@C00!31L3!4-;C,1.3G5!?231.3G_!

2B>66.2=>66% EC.;<!3+,1!

2=966.2J966% :$;;"<1%J>%KF@H<"!'!"<1%<E%!4$%::L%E<,%!4$%:$#'1!"G%M$N%

OW#$$%OW#WR!
O$(1<!$%!'HP`!'E";$04/#($"'FJ#0/5#($"'K'-<&'I(22("9'+("L'("'+("L&1'M/#/N(!)X#!*;-33!X2:G<2005!
[<N5!E1+41.!U.+J1:G+3H!X14+;20!/1.31:!F+-,14+;20!N232!+.31B:23+-.!+.!3<1!*1,2.3+;!]17=!

OW#WR%Oa#$$!

Q@$1%&";G0;;"<1>!')*+,)O'+(#&0/#30&'/"1'A&4/"#(5'>&6P'Q3$'R/1(2(!!
)N+13:+;<!817<-0M%*;<C<,2..=!
^@!I1!;2.!3:2.G@-:,!0+31:23C:1!+.3-!2!:1?:1G1.323+-.!3<23!+G!GC+32701!@-:!3<1!*1,2.3+;!]175!I<23!
:1\C+:1,1.3G!<2J1!3-!71!@C0@+0014!2.4!<-I!3<+G!:1G-C:;1!;2.!71!1L?0-+314!+.!3<1!@C3C:1_!!

!

!

!



!"#$%&'%($$)*+))#%
!"#"$%&'$(%")*" & +),-$(.,/"/&0"12$&34&56",)&&&&&&&&&&&&&&&&&&&&& 7$(%")*"819,:$.&

;"-,<&="26>. & +),-$(.,<"<$&<$&?-$,(>4&@>(/1*"%&&&&&&&&&&&&&&&&&& <"-,<:A"26>.81":6/ &

B<:&C",."%&B"D717&=D>E<D1(F& C>)<"G,>)$&'(1)>&H$..%$(4&3/"%FI&+),-$(.,/F&>#&J($)/>4&3/"%F&& & &
& & AD>E<D1(F8#7K:$1&

@$/$(&=>(7$//& L,)*1"2"/,A.4&+),/$<&H,)*<>2& 6$/$(:A>(7$//8%,)*1"2"/,A.:A>2&

5"21$%&=(>.$/& MB'LNM'34&C(")A$& ."21$%:A(>.$/8*2",%:A>2&

M(,K&C"$..%$(& 0$)"&+),-$(.,/F&L")*1"*$&O&3)#>(2"/,>)&M)*,)$$(,)*&P0+L3MQ&L"74&R$(2")F &
& & $(,K:#"$..%$(81),N9$)":<$&

=D(,./>6D&R("72S%%$(& M'34&+),/$<&H,)*<>2& *("721$%8$7,:"A:1K&

+<>&T"D)& 0$)"&+),-$(.,/F&L")*1"*$&O&3)#>(2"/,>)&M)*,)$$(,)*&P0+L3MQ&L"74&R$(2")F &
& & 1<>:D"D)81), N9$)":<$&

H"G1>&T"("& U"("&3)./,/1/$&>#&5A,$)A$&")<&J$AD)>%>*F4&0"6")& & & &
& & K"G1>ND8,.:)",./:96 &

H$(./,)&T>()7>./$%& 0$)"&+),-$(.,/F&L")*1"*$&O&3)#>(2"/,>)&M)*,)$$(,)*&P0+L3MQ&L"74&R$(2")F&
& & K$(./,):D>()7>./$%81),N9$)":<$&

5$)"F&H"#K".& MB'LNM'34&+),/$<&H,)*<>2& K"#K".8$7,:"A:1K&

0$$NTF17&H,2& MB'LNM'34&+),/$<&H,)*<>2& 9DK,28$7,:"A:1K&

0")&H>(.& M(".21.&B$<,A"%&=$)/$(4&U$/D$(%")<.& 9:K>(.8$(".21.2A:)%&

?%$V")<($&H>1G)$/.>-& +),-$(.,/F&>#&U$E&'(1).E,AK4&;$6/:&=>261/$(&5A,$)A$&")<&?66%,$<&5/"/,./,A.4
& =")"<" & "%$VK81)7:A"&

3")&L$E,)& MB'LNM'34&+),/$<&H,)*<>2& %$E,)8$7,:"A:1K&

=D$)&L,& MB'LNM'34&+),/$<&H,)*<>2& AD$)%,8$7,:"A:1K&

W-$.&L1..,$(& +),-$(.,/F&>#&=D,A"*>4&+),/$<&5/"/$.&&&&&&&&&&&&&&&&&&&F%1..,$(82$<,A,)$:7.<:1AD,A"*>:$<1&

5A>//&B"(.D"%%4& L$,<$)&+),-$(.,/F&B$<,A"%&=$)/$(&',>2$<,A"%&;"/"&,)/$*("/,>)&,)&/D$&5$2")/,A&X$7
& & 2"(.D"%%8.A,$)A$:1-":)%&

5$(*,>&B"/> .& 3MMJ?4&+),-$(.,<"<$&<$&?-$,(>4&@>(/1*"%&&& "%$,V>2"/>.81":6/&

;"-,<&B,%E"(<& L,)*1"2"/,A.4&+),/$<&H,)*<>2& <"-,<:2,%E"(<8%,)*1"2"/,A.:A>2&

RF>(*F&B>("& +),-$(.,/F&>#&5G$*$<4&T1)*"(F& *F2>("8,)#:1 N.G$*$<:D1&

B,AD"$%&!"1/.ADK"& R!3'4&56",)& 2("1/.ADK"8,2,2:$. &

;,$/(,AD&!$7D>%GN5AD1,D2"))& MB'LNM'34&+),/$<&H,)*<>2& ($7D>%G8$7,:"A:1K&

C"7,>&!,)"%<,& +),-$(.,/F&>#&Y1(,AD4&5E,/G$(%")<& (,)"%<,:#"7,>8*2",%:A>2&



!"#$%"&'(%)*"++& ,#($+-."#*" /&0(+%"+1& 2"#$%"34(%)*"++5$#($+6."#*"32$*&

7#(8&9"+&:;%%()<+& 7#"=*;=&:<1(2"%&!<+4<#/&><4.<#%"+1=& <39"+*;%%()<+5<#"=*;=*23+%&

?(&@<(& >" 4($+"%&A+=4(4;4<&$B&A+B$#*"4(2=/&C"6"+& D(E<(5+((3"23F6&

&



!"#$%&'()*&+,&-.(
!

!"#$%&'$$(#)*%+,*%,()#-./)*%0#1.#)%2/)%3(/4#5(-67%812/)46.(-$*%9$$/-(6.#%:)/2#$$/)*%%

,#;6).4#1.%/2%+#5(-(1#*%<=#%>1("#)$(.?%/2%0=(-6@/%

�ò!"#$%&'()*+,($-%.+(/*(0(12(*#/*0"3%&/4#3(*0(4,#$&/0/*"$)(1+&$$&$2*4-0+3(5*%1#&%/*
61-0*0&$&$2*2($(%&4*$#11#%&7(/8*-$%-3-2&(/*#$)*9:;*/(<"($4(/ �ó*
%

"#$%&!'()*!+,))!-./0%!.1!0%,12!%$3(1',/%!'.!3,1$!1(44(',#$%!(15!6,.3$5,/()!*1.+)$52$7!89$!0)',3('$!2.()!,%!'.!/4$('$!
1.#$)!-,15,12%!-4.3!),'$4('04$!(15!5('(!3,1,12!(15!'.!/.1-,43!'9$!-,15,12%!('!'9$!6,.).2,/()!.4!/),1,/()!)$#$)7!"#$%!
4$%$(4/9!+.4*!9(%!)$5!'.!'9$!5,%/.#$4:!.-!'9$!3,/4.;<=>?@A!(15!.-!,'%!(%%./,(',.1!'.!'9$!3,;<BCD7!E,%!+.4*!,%!
6(%$5!.1!3,1,12!BCFC!/.5$5!,1!G<BCDH!+,'9!'9$!3,;<BCD!(%!I4..-!.-!/.1/$I'7!E$!9(%!6$$1!/.11$/',12!'9$!
4$%.04/$%!%0/9!(%!.1'.).2,$%J!1(44(',#$%J!6,.).2:!(15!'9$!/),1,/()!+.4)5!'.!5,%/.#$4!(15!#(),5('$!(!I4$#,.0%):!
01/9(4(/'$4,K$5!5,%$(%$!2$1$!L3,/4.;<=>?@AM!(%!(!'03.4!%0II4$%%.47!F'!,%!(%%./,('$5!'.!'9$!I4$5,/',.1!.-!'9$!+9.)$!
4$20)('.4:!3,;<BCD!.-!9$(5!(15!1$/*!/(1/$47 !8.!(/9,$#$!'9,%!2.()J!"#$%!/.3I)$'$5!'9$!6,.).2,/()!(15!/),1,/()!
#(),5(',.1!.-!'9$!1.#$)!3,/4.;<=!'03.4!%0II4$%%.4!4$20)('.4:!1$'+.4*!'9('!9(%!6$$1!I4$5,/'$5!L%$$!
9''INOO+++7I).%/.3I6,.)7.42O(4',/)$O,1-.PQ=5.,P?RS@7SQTSP?RU.041()7I/6,7S@@@TQ@M!

H04,12!9,%!'()*J!"#$%!#,%,'%!C(4%5$1!G!V).,%&!'9$.4:!.-!6,.3$5,/()!,1-.43(',.1!5$%/4,6,12!9.+!$3$42$1'!-01/',.1%!
(4,%$!,1!1$+!%/()$%!.-!6,.).2:!-4.3!).+$4!%/()$%!(15!'9('!6:!/9(12,12!%/()$%J!-01/',.1%!(15!%'40/'04$%!.-!).+$4!)$#$)%!
5,%(II$(4!L$36$55$5!,1!'9$!$3$42$1'!6$9(#,.4M7!89,%!'9$.4:!%0II.4'%!/.1/$I'0()):!'9$!,3I4.#$3$1'!.-!G<BCDH!
,1'.!(!H=W!(15!'9$!.6U$/'>.4,$1'$5!%:%'$3%!,1!3$5,/,1$7!89,%!)$(5%!,1'.!'9$!I4.I.%()!.-!(!6,.3$5,/()!,1-.43(',/%!
X'9$.4:!.-!,1-.43(',.1!(15!3$5,/,1$X!(15!,1'.!'9$!/.1'4(%'!6$'+$$1!'9$!5 $'$43,1,%3!.-!.1'.).2,$%!(15!'9$!
$3$42,12!Y0(1',K$5!I4.I$4',$%!.-!I9$1.':I$%!$Z'$15,12!'9$!,1'$4I4$'(',.1!.-!V).,%!'9$.4:!'.!Y0(1',K$5!.6%$4#(',.1%!
.#$4!2$1$',/%!'$Z'!/.5$5!,1!/),1,/()!.1'.).2,$%7!

+A%B-/..%+6)$=677*%:=,*%%

&#(5#1%>1("#)$(.?%+#5(-67%0#1.#)%

�ò3(/4#5(-67%,6.6%(1.#@)6.(/1%(1%.=#%B#461.(-%C#DE%812/)46.(/1%FG.)6-.(/1%H%<=#%
+($$(1@%&(1I%(1%&(1I#5%,6.6J�ó%
%

89,%!*$:1.'$!+,))!(554$%%!'9$!(4$(%!+9$4$!G$3(1',/![$6!3$$'%!,1-.43(',.1!$Z'4(/',.17!=!1$+!$4(!.-!
/.))(6.4(',#$!4$%$(4/9!,%!6$/.3,12!I.%%,6)$J!$1(6)$5!6:!%'$(5,):!,1/4$(%,12!1036$4%!.-!,1'$4>),1*$5!
4$%.04/$%7!F1!.45$4!-.4!'9$%$!4$%.04/$%!'.!(55!#()0$!'.!$(/9!.'9$4!'94.029!&),1*,12&J!(!%0%'(,1(6)$!(15!
/.33.1!%:%'$3!.- !%9(4$5!,5$1',-,$4%J!#./(60)(4,$%J!(15!5('(!I4.#$1(1/$!I4(/',/$!,%!4$Y0,4$57!B12.,12!
+.4*!,1!%$#$4()!/.3301,',$%!(15!I4.U$/'%!+,))!6$!3$1',.1$5!,1!'9,%!I$4%I$/',#$!,1/)05,12!'9('!.-!'9$![Q\!
E$()'9!\(4$ !(15!],-$!G/,$1/$%!F1'$4$%'!W4.0I!LE\]G!FWMJ!<(',.1()!\$1'$4!-.4!V,.3$5,/()!B1'.).2,$%!L<\VBMJ!
\.1/$I'![$6!=)),(1/$!L\[=MJ!(15!G9(4$5 !<(3$%7!

! !



/0.%-+1%.(��(2/342(*-56&1%($"(7&"&-+8(
!

,(#.)(-=%K#D=/7LHB-='=4611E%=-33#>-1#%&7(*;$$-%#%&-$*-6*#*?#12(@A4#3(*B&-0()&4#3*
=-1+"/*C=;?B=DE*#$*&$%1-)"4%&-$%

F)(I%"61%+'77(@#1*%M61%N/)$E%F&3-%*+1-G(4%*#$)*A&37(1*A%#$)#1)*=-1+"/*H*CAA=*HD%

,(#.)(-=%K#D=/7LHB-='=4611E%=;?B=*=,#33($2(*H%

,6"(5%+(7O6)5E%9(3(7#$4(*-6*%,(*A&37(1*A%#$)#1)*=-1+-1#*AA=*H*#$)*AA=*HH%

,(#.)(-=%K#D=/7LHB-='=4611*%>5/%P6=1E%A&37(1*A%#$)#1)*=-1+"/*7/I*J-3)*A%#$)#1)*
=-1+"/ %

>5/%P6=1*%N6.)(1%</461#I*%F)(I%Q6#$$7#)*%F7#16%3#($$O61@#)E%K-L#1)/*4-$6&2"1#>3(*
A&37(1*A%#$)#1)*=-1+-1#*

,(#.)(-=%K#D=/7LHB-='=4611E%%=;?B=8*?&%(1#%"1(*#$)*A(0#$%&4*M(>E*!"-*N#)&/%

N6.)(1%</461#I*%>5/%P6=1E%=;?B=*=,#33($2(*O+&$&-$*F-33*
!

!

/0.%-+1%.(��(2/342(29+88&"7&(!:(((((((((((((((((((((((((((((((
*-56&1%(*+-%"&-.(

!

:#.#)%0/)D#..%615%,6"(5%+(7O6)5E%;$$-%#%&$2*B&-0()&4#3*P$%&%&(/*L&%,*HQP*"/&$2*R"3%&+3(*
O$%-3-2&(/*

>5/%P6=1*%FI6.#)(16%3'?I/*%F7#16%3#($$O61@#)*%N6.)(1%</461#IE%;$$-%#%&$2*%,(*=;?B=*
A&37(1*A%#$)#1)*=-1+"/*S/&$2*%,(*TS?HP*?#>*K--3/%

,(#.)(-=%K#D=/7LHB-='=4611*%91./1(/%M(4#1/%!#;#$*%0=#1%&(E%;$$-%#%&-$*-6*%,(*=;?B=*
4-1+"/*"/&$2*>&-0()&4#3*%(10&$-3-2&4#3*1(/-"14(/*CM,#%&'&%D*

+6).(R1%MA%B-='#4(#*%F)(I%+A%"61%+'77(@#1*%N61@%S(1@*%M61%9A%N/)$E%;$$-%#%&$2*%,(*=;?B=*
4-1+"/*L&%,*F(1(21&$(*
!

!

!



!"#$%&'$#()(*!+,*(*-&../01/(23((((((((((((((((((((
4&%$5'54&0$#(

!

!"#"$%&'$(%")*"+&,()$-./&012$)$3&")4&516./(1"&7$8/.9&!"#$%&'()$%%*&$&'*%+)*,)&"-&+)
&./*01.)(*%("2&)/"&/'"3$4&

:"1-"%&;"<8=8&></?4<=(@&")4&A%8$(./&B"C$%%19&5*60+&)7'*#"8'($4)9%&'&:)5"(*1%'&'*%)
;+'%1)<2&'#$4)="$&0/")!"&&

D12/)&>%$2".14$+&:"81/&!1)"%41+&E$(/%4&D6<)$14$(9&<%&*>"%")'%)?@A7?&

F"%.$(&G"$%$2")-+&51)6$).&5")&A-6<+&!/-$(&;/(").$9&B"#*/:C6$+"8)6'*#"8'($4)D$#"8C
9%&'&:)&$11'%1)

!16<H(4&:"(I"-+&E@J(*@&;K("9&@)+&$&'+&'($4)$%8)&."+$0/0+C6$+"8).:6/'8)D$#"8)9%&'&:)
/"(*1%'&'*%)+:+&"#&

L"3=/&M"("9&E*F$/8+)$0&*#$&'()6'*#"8'($4)"%&'&:)$%%*&$&'*%)6:)/"80('%1)"//*/)
2/*2$1$&'*%&

L/=3)$.-/C&A+&F1..$&!+&B"=(1%"&0'+&")4&'"I$(&>0N9&D$#"8)9%&'&:)5"(*1%'&'*%G)?*%("2&)
H8"%&','($&'*%)$%8)?*/20+)@%%*&$&'*%)F'&.)<%&*4*1:)@-'*#+)0+'%1)&.")>@E9)=/$#"F*/I&

><$)* O0=&L=/+&><=)O7")&M-=+&;"=(16$&MP&B1)*9&@83$%("8)>"%")B"%&'*%)E$11'%1)!:+&"#)
,*/)?@A7?)?.$44"%1"&

;"(1")"&7$C$-+&0/-Q&B=R-&;"(1)"&")4&A%8$(./&S"-6="%O;/).")/9& 7'*A$6"4"/)$%8)B*$/$)'%)
&.")='/+&)5*0%8)*,)&.")?@A7?)(.$44"%1"&

;16<"$%&!"=.-6<I"+&:$((")&D")3+&B"=("&TU&:=(%/)*9&E*F$/8+)$)+:+&"#),*/)&.")/"(*1%'&'*%)
*,)8'+"$+")&"/#+)'%)6'*#"8'($4)&"-&+&

V1&F$1&")4&71*$%&>/%%1$(9&>AB'>&."-I&A9&H8"%&','($&'*%)*,)6'*C"%&'&'"+)0+'%1)?*%8'&'*%$4)
5$%8*#)='"48+&
!

!

!

!

!



Collaborative Annotation of a Large-Scale Biomedical Corpus (C A L B C): an introduction 

Dietrich Rebholz-Schuhmann 

European Bioinformatics Institute, Wellcome Trust Genome Campus, CB10 1SD, U.K. 

rebholz@ebi.ac.uk 

The CALBC project addresses the difficult task of annotating large text corpora with a large set of semantic types. The 
project proposes a collaborative approach to this annotation task in the form of an open challenge to the biomedical 
text mining community. The task is the annotation of named entities in a large biomedical corpus, for a variety of 
semantic categories. The project delivers as outcome a large, collaboratively annotated corpus, marked with the 
mentions of biomedical entities. The annotated corpus becomes a resource for the community, to be used as a 
reference for improving text mining applications. 

The biomedical text mining research community has a long tradition of organizing such challenges, as a way of 
evaluating techniques, sharing technical knowledge, and helping to improve the results from text mining programs 
(Hirschman et al., 2005; Morgan et al., 2008; Krallinger et al., 2008). However, such challenges have typically 
addressed relatively small corpora in a narrow sub-domain, in part because the evaluation of the results is extremely 
long and costly. As a result, the generated annotated corpora are too small and are only narrowly annotated to be 
useful in a variety of text mining applications. 

In CALBC, we propose to create a broadly-scoped and large annotated corpus (at least 100,000 Medline abstracts 
annotated with several semantic types) by integrating the annotations from different named entity recognition systems 
(Rebholz-Schuhmann et al., 2010). Metadata will also be added to the corpus. The participating systems have different 
application scopes and annotation strategies, and therefore complement each other. As a consequence, the annotated 
corpus reflects these different scopes and strategies. A secondary goal of this project is to define a standardized format 
for representing the annotations contributed by the participants and comparing them effectively (Rebholz-Schuhmann 
et al., 2006). Currently the lack of such a format hinders progress in the evaluation of named entity recognition 
systems.  The corpus will be used to organise challenges where participants can download the corpus, can annotate it 
with their own text mining solutions, submit the corpus to a central server and receive an assessment of their results 
through an automated analysis. 

At the current state the CALBC project partners have all annotated the complete set of Medline abstracts (Rebholz-
Schuhmann et al., 2010), have produced the SSC I for the first challenge and have managed the first round of the 
CALBC challenge. The outcome of this work is the main topic to the CALBC workshop. 
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In the CALBC support action project, we propose to create a broadly-scoped and large annotated corpus (100,000 
Medline abstracts, several semantic types) by integrating the annotations from different named entity recognition 
systems (Rebholz-Schuhmann et al., 2010). In the first phase of the project, the CALBC project partners have all 
annotated the complete set of Medline abstracts.  The set of annotations has been used to generate different harmonised 
sets for the annotations in particular we have evaluated different measures to determine the best harmonisation method. 
The best harmonisation method is the one that generates the highest F-measure over all annotation systems, when 
comparing the annotations of the systems against the harmonised set. The resulting harmonised set is called the Silver 
Standard Corpus I (SSC-I) and comprises 150,000 Medline abstracts.  From all abstracts we made 50,000 available 
with annotations to be used as training data and 100,000 without any annotations for testing purposes.  The corpus for 
testing contained the following numbers of annotation: 228,662 chemical entities (CHED), 275,235 protein/genes 
(PRGE), 300,637 diseases (DISO) and 317,211 species mentions (SPE). 

40 participants signed up to the challenge Web page.  11 participants contributed annotated corpora leading to the 
submission of 18 annotated corpora.  4 participants made use of the training data (in total 8 submissions).  One 
participant only annotated disease entities, three only proteins/genes, and one only chemical entities (corrupted file). 6 
participants annotated the whole set of semantic types: 3 participants using the training data (5 submissions) and 3 
participants did not (3 submissions).  

F igure 1: The left figure shows the scatter plot for the annotation of species mention (x-axis: recall, y-axis: 
precision) and the right figure shows the identification of chemical entities. The best performing solutions 
identified the species mentions at more than 90% precision.  The performances for chemical entities were 
significantly lower. 

 

Fig 1. and fig 2.show the distribution of the performances (precision and recall) from the different participants for the 
four different semantic types.  The identification of the species mention and the disease mention lead to better results 
than the identification of chemical entities and genes and proteins. 
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The best performances for the mention identification were achieved by two systems that have used the training data: 
one system showing a F-measure above 80% for all semantic types and the other system having a performance which 
was slightly higher for species, disorder and chemical entities, but significantly lower for the genes and proteins.  
These results are very interesting, since the performance for the mention identification of these two solutions was 
above the performance of any of the contributing project partners for any of the semantic types. This comparison has to 
be considered with some caution though, since the trained solutions do not have the constraint to normalise the 
identified entities. 

F igure 2: The left figure shows the scatter plot for the annotation of disease entities (x-axis: recall, y-axis: 
precision) and the right figures shows the identification of protein and gene entities.  

 

The harmonisation of the annotations from the different partners delivers so far mixed results (ongoing work).  The 
results will be shown on the workshop. 
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This talk describes the creation of the two Silver Standard Corpora, SSC I and SSC II, and discusses  
how Silver Standards can be useful for challenges, and for wider use as reference corpora. 
 
The Silver Standard Approach provides the opportunity to create annotated corpora at a very large scale, 
based on a consensus between different automated systems. This contrasts with Gold Standard Approaches 
which use precise guidelines and human curators for high quality annotation of small numbers of 
documents. 
 
In the CALBC Challenges, the use of the Silver Standards enables evaluation of how close particular 
systems are to a consensus. In particular it shows if a system is an outlier, either because of a different 
interpretation of the task, or because of a particularly good or particularly poor implementation.  
 
Silver Standard corpora also have wider applicability outside the CALBC challenges. The larger scale of a 
Silver Standard should allow more reliable statistics for low frequency concepts, and less likelihood of over-
fitting to small sample data sets. The advantages of large-scale could potentially be outweighed by lack of 
quality, but this balance between scale and quality depends on the task for which the corpus is used. In this 
talk we will discuss uses for supervised learning, automatic tuning of system parameters, and tuning based 
on hand comparison of differences.  
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The CALBC support action project represents the first approach to generate a large-scale biomedical corpus that has 
been annotated with a large number of semantic types (see introduction).  The annotation of the scientific literature 
with named entities and their links into the biomedical reference data resources is a key step towards the integration 
of the literature into the bioinformatics data infrastructure and a number of standards for IT solutions have been 
prepared to use technology from the Semantic Web (Ruttenberg et al., 2009). The outcomes of the CALBC project 
lead towards the provision of standards for the annotation of the scientific literature to achieve its automatic 
integration into bioinformatics solutions (Rebholz-Schuhmann).  The standardisation of the semantics behind the 
annotations is still an important piece of work to be achieved. 

The Semantic Web has been invented to enable better search and reasoning across the resources in the Web. 
Increasingly Semantic Web technology is used to ease access to resources from different sites from any location in 
the Web (Ruttenberg et al., 2007). The development of ontological resources in the biomedical community (Smith et 
al., 2007). 

Although the development towards the integration of the scientific literature in the bioinformatics data resources 
using Semantic Web technology is work in progress, a number of open questions remain.  

- What amount of annotations has to be added into the scientific literature to enable automatic integration into 
the biomedical data resources once the publication is openly available? 

- How do the annotations have to be delivered as part of the scientific literature? 
- Which resources for terminologies, entities and concepts should be covered? 
- What technologies have to be used to deliver the content from the scientific literature? 
- What quality assurance is required for best practice? 

The CALBC project team will deliver a version of the harmonised corpus where the annotations are contained in a 
RDF representation at the end of the project.  This session of the CALBC workshop will be used to identify 
important aspects that help to shape the RDF representation of the corpus. 
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�/�L�Q�J�X�D�P�D�W�L�F�V�����6�W���-�R�K�Q�¶�V���,�Q�Q�R�Y�D�W�L�R�Q���&�H�Q�W�U�H�����&�R�Z�O�H�\���5�R�D�G�����&�D�P�E�U�L�G�J�H�����&�%�������:�6�����8�. 

 
Linguamatics I2E is a fast and scalable interactive text mining system which is widely used in the 
pharmaceutical industry. A typical application extracts relationships between biomedical entities using NLP-
based query patterns. The relationships are often integrated with other structured knowledge, so providing 
concept identifiers is critical. For the CALBC challenge we used existing ontologies that are commonly used 
with I2E that associate sets of synonyms with concepts, such as MeSH, MedDRA and Entrez, and used term 
normalization techniques to increase recall and disambiguation to improve precision.  
 
I2E allows multiple overlapping terminologies to be plugged into the system. We developed I2E queries 
using multiple branches of multiple ontologies to get as close a match as possible to the UMLS semantic 
groups specified by CALBC.  
 
For Diseases we used MeSH (diseases branch), MedDRA (disorders, neoplasms, and infections and 
infestations), NCI (diseases and disorders) and SNOMED-CT (disease) 
For Genes we used Entrez Genes and Uniprot. 
For Species we used MeSH (organisms), NCI (organism) and SNOMED-CT (organism) 
For Chemicals we used ChemList 
 
In all cases we used the standard settings for term normalization, and the standard lists of stop words that are 
recommended by Linguamatics for the particular ontologies. ChemList was a new ontology for us, and we 
used a number of filtering rules to exclude inappropriate synonyms, along with a substantial list of stop 
words. 
 
�)�R�U���J�H�Q�H�V���S�U�R�W�H�L�Q�V���Z�H���V�X�E�P�L�W�W�H�G���W�Z�R���D�S�S�U�R�D�F�K�H�V�����7�K�H���I�L�U�V�W���L�Q�F�O�X�G�H�G���I�D�P�L�O�\���W�H�U�P�V���H���J�����³�J�H�Q�H�´���D�Q�G���³�N�L�Q�D�V�H�´��
and used class-�E�D�V�H�G���G�L�V�D�P�E�L�J�X�D�W�L�R�Q���U�X�O�H�V�����7�K�H���V�H�F�R�Q�G���D�S�S�U�R�D�F�K���R�Q�O�\���L�Q�F�O�X�G�H�G���³�O�H�D�I�´���F�R�Q�F�H�S�W�V���W�K�D�W���K�D�G���D��
gene id, and applied a disambiguation strategy which used information specific to each gene being 
disambiguated. In both cases disambiguation thresholds were set to provide a balance between recall and 
precision.  
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! !
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1  &%'# performs on a par with &()*+ (Hakenberg et al., 2008), the best performing system in the BioCreative II Gene 

Normalization task (86,4 F). 
2 !""#$%%&&&'()*'(+!',-.%*/0!% 
3 !""#$%%1)+102+'3-*%)+(,#+#/% 
4  The MeSH is part of the UMLS Metathesaurus. As any UMLS Metathesaurus concept, each MeSH term has at least one 

UMLS Semantic Network Type assigned to it. 
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Named entity recognition (NER) is a complex task.  It requires exploiting terminological resources, defining the 
extraction methods for the identification of the terms from the literature and ideally in the last step, normalising the 
entities to the correct entry of the reference data resource.  In principle, dictionary-based or rule-based solutions can be 
applied to identify the mention of the entity or as an alternative a machine-learning approach can be trained on an 
annotated corpus to reproduce the annotations on a new set of documents. In the latter case, the NER solution profits 
from contextual information but also requires a significant set of annotated documents. 

The Whatizit Web services provide access to an IT infrastructure that analyses text delivered by the user or retrieved 
�I�U�R�P���(�%�,�µ�V���0�H�G�O�L�Q�H���L�Q�V�W�D�O�O�D�W�L�R�Q�������7�K�H���X�V�H�U���S�U�R�I�L�W�V���I�U�R�P���P�R�G�X�O�H�V���I�R�U���Q�D�P�H�G���H�Q�W�L�W�\���U�H�F�R�J�Q�L�W�L�R�Q���R�I���V�H�O�H�F�W�H�G���V�H�P�D�Q�W�L�F��
types or from combinations of such modules.  These services satisfy the need for terminology driven feature extraction 
from text for document classification and relation extraction. Furthermore, the modules automatically integrate links 
to database concepts to offer additional support to readers (for example like CiteXplore or www.hubmed.org) and will 
be extended in the future with novel modules for information extraction. All modules are implemented in Java partly 
based on special libraries for the matching of large terminology sets and one installation of the infrastructure uses the 
IeXML formatting guidelines (Kirsch et al., 2006; Rebholz-Schuhmann et al., 2006b).  Terms are matched to the text 
taking morphological variability into consideration.   

The following modules have been applied to the CALBC corpus: 

whatizitSwissprot: The annotation of proteins is based on the identification of their names in the text considering 
morphological variability (Kirsch et al., 2006).  Ambiguous acronyms representing proteins and general English terms 
are assigned to a protein, if the long-form of the acronym is mentioned in the text or on frequency parameters of the 
term in general English based on the British National Corpus (Rebholz-Schuhmann et al., 2006a; Rebholz-Schuhmann 
et al., 2007). 

whatizitDiseaseUmlsDict: This module identifies disease terms using a controlled vocabulary (CV) extracted from 
UMLS (Jimeno Yepes et al., 2008). 

whatizitChebiDict: searches for chemical entities based on the terminology from ChEBI (Rebholz-Schuhmann et al., 
2008). 

whatiztiO rganisms: The terminology used for this module has been extracted from the NCBI taxonomy (Rebholz-
Schuhmann et al., 2008). 

All terminological resources are also available from the term repository5 and the BioLexion (see ELRA).  

The performance of the different modules against the corpus from the pilot project resulted to the following F-measure 
figures:  

 

 Protein/Gene Disorder Species Chemicals 
F-Meas. 66% 82% 71% 49% 

 

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
5 http://www.ebi.ac.uk/Rebholz-srv/BioLexicon/biolexicon.html 



The results show that on the harmonised set used for the first challenge, the best performances were achieved with the 
annotations of disorders and to a lower extend also for species.  These two types of terminologies show less term 
variability in comparison to proteins, genes and chemicals.   

Other solutions have been applied too, for example a solution that has been optimized for the annotation of human 
genes/proteins and that has been trained on the BioCreative II gene mention data, but this solution did not show any 
�L�P�S�U�R�Y�H�P�H�Q�W�V���W�R���W�K�H���S�H�U�I�R�U�P�D�Q�F�H���L�Q���F�R�P�S�D�U�L�V�R�Q���W�R���W�K�H���³�Z�K�D�W�L�]�L�W�6�Z�L�V�V�S�U�R�W�´���P�R�G�X�O�H�����3�H�]�L�N���H�W���D�O���������������������$�O�V�R���D��
solution for the identification of chemical entities has been applied that has been trained on patent documents (Grego 
et al., 2009), but showed again inferior performance against the pilot project corpus. 
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Extended Abstract

Motivation. The system we propose for the CALBC workshop relies on the
notion of concept retrieval, which was formerly proposed in [1] but for WordNet
resources. The main idea behind concept retrieval is to regard concepts as
documents and the text fragment as queries, so that the problem of semantic
annotation is viewed as an information retrieval (IR) task. Thus, the annotation
system must first find the most relevant concepts w.r.t. the text words and then
select those concepts that better cover the intended text semantics. The main
advantage of this approach is that the matching between the concept definitions
(i.e. lexicon) and the text contents can be done in a much more flexible way than
dictionary look-up approaches. It is worth mentioning that some well-known
annotation systems (e.g. MetaMap [2]) adopt a similar idea, but not in terms
of IR models.

Method. Like any other IR model, concept retrieval must measure the sim-
ilarity between a given query (i.e. a text fragment) and each document of the
collection (i.e. concept) in order to give a conceptual cover of the query. Such
a measure is usually derived from a IR model (e.g. vectorial, probabilistic,
language models, etc.) In our first approach, we have adopted an information-
theoretic function which is inspired by the matching function defined in [7]. This
is defined as follows:

sim (C, T) = maxS∈lex (C ) (
info (cw(S, T))− (info (S)− info (cw(S, T))

info (S)
)

info (S) = −
�

w∈S

log(P(w|UMLS ))
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where info (S) measures the relevance of the terms in the string S, and
cw(S, T) is the set of terms in common between the concept string S and the
text fragment T . The relevance of a set of terms is measured by means of
the estimated probabilities of each term within the whole UMLS lexicon (i.e.
P(w|UMLS )). In this way, highly frequent terms in UMLS contribute little
to the final score of the strings containing them. The final score sim (C, T) is
normalized (i.e. it ranges between 0 and 1). Notice that not all the terms of the
string S must appear in the text T , but just those that better discriminate the
intended concepts. It is worth mentioning that this score does not require any
parameter except an estimation of P(w|UMLS ) for each word w in the UMLS
lexicon.

The implementation of the concept retrieval system relies on inverted files.
Each normalized word has a unique entry which contains the occurrences of the
word in each concept string S (hit list). In the hit list, we also store the final
score of each concept string (i.e. info (S)) in order to speed up the calculation
of the similarity function.

Given a text T we first process it to identify the minimum text segments that
can potentially allocate a concept. More specifically, we split the text according
to some syntactic connectors (e.g. meaningless words like in, while, etc.) and
verb forms. Each text segment is then treated as a query over the inverted file.

Once a query Q is fetched to the system, it returns a list of ranked concepts
where each one has also associated a set of words from Q (i.e. matched words).
The final step of our method consists of selecting from this list the concepts
that jointly better cover the query. For this purpose, we first group all the con-
cepts having the same score and matched words. Each group is then evaluated
according to the following criteria: the ambiguity of the group (i.e. number of
different concepts), the maximum gap between the matched words in the text
and, the size of the set of matched words. Thus, less ambiguous, more com-
pact and larger matches are preferred candidates for the final result. Finally,
a minimum threshold is defined over the score of the retrieved concepts. This
threshold allows the algorithm to apply a top-k strategy, which reduces notably
the number of concept groups to seek and evaluate.

Evaluation. We have used the UMLS Metathesaurus 2009AB as the concept
collection. First experiments with small subsets of the CALBC test collection
were performed using the whole UMLS. However, the number of generated an-
notations were extremely large (almost the text was annotated) and the system
performance degraded due to the large inverted file generated. We then de-
cided to filter the UMLS vocabulary avoiding redundant and ambiguity cases
as in [3, 6, 8] and considering only the semantic types [5] regarded in the silver
standard corpus.

It is worth mentioning that this system was formerly devised to annotate
medical protocols in the context of the integrated European project Health-e-
Child [4]. In this scenario, results were promising, being the obtained semantic
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annotations good enough for data integration tasks. This workshop has been
the first opportunity to apply and evaluate the method over free text collections,
and we expect a good feedback to improve both the efficiency and effectiveness
of our approach.

For the experiments of the CALBC workshop against the silver standard
corpus SSC I, we have estimated the probabilities P(w|UMLS ) with the relative
frequency of each word in the whole UMLS lexicon. The final score of the
concept groups retrieved for a text segment is calculated as follows: reject the
group if there is a gap of more than two positions in the text for the matched
words, divide the score by the number of different concepts involved in the
group, and multiply by 1.4 × |matched words| if the length of matched words
is greater than 1.

The number of entities retrieved by our approach (CR stands for Concept
Retrieval) is compared with SSC I in the following table:

Semantic Group SSC I CR
CHED 228,622 602,317
PRGE 275,235 531,729
DISO 300,637 332,413
SPE 317,211 310,591

As it can be noticed, the number of retrieved entities is always higher than
that of SSC I. In order to check the overlap of the annotations obtained in
both SSC I and our approach, we show the recall/precision results reported by
CALBC organization:

Semantic Group P (exact) R (exact) P (app) R (app) Best F1
CHED 10.0 26.3 11.5 30.3 16.7
PRGE 9.4 18.1 13.4 25.9 17.6
DISO 28.5 31.5 34.1 30.8 32.4
SPE 39.2 38.4 42.7 41.8 42.2

From these results we can conclude that both sets of annotations are quite
different from each other, being their overlap quite low. As both precision and
recall values increase when the approximate comparison method is applied, we
can conclude that a good percentage of the disagreement is due to the bound-
aries of the annotations. However, much disagreement probably stems from the
number of recognized entities in the text (previous table).
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Abstract
CALBC challenge aims to collaboratively create a large and broadly-scoped corpus annotated with
a number of different semantic types. Our participation to the CALBC challenge is part of a
wider effort devoted to biomedical named entity recognition (BNER). Most of the state-of-the-
art BNER systems adopt the approach of combining results from multiple different classifiers [1].
Such approach makes these systems complex and computational resource intensive. In our opinion,
the relative increment of the performance due to the use of multiple classifiers instead of a single
classifier is not big enough to justify the use. It is also not clear how these classifiers complement
each other, thus putting a big question mark on reliable error analysis and further improvement of
the performance. Our approach is to invest more effort for selecting appropriate and better feature
set which may lead to a single classifier based system with equally high (or even higher) but better
analysable results.

We have performed extensive experiments on the Biocreative1 II gene mention (GM) corpus
using various orthographic, linguistic and contextual features and selected an optimal set of features
for our system, based on a single classifier using Conditional Random Field (CRF), which obtains
an F-measure of as much as 85% without using external dictionaries. During the selection of the
features we emphasized the use of features that provide useful information for a broad range of
semantic types rather than being too specific to a particular type such as genes/proteins. Our
ultimate goal is to create a BNER system robust and portable enough for recognizing, ideally, any
semantic type in biomedical literature with high performance.

We participated in the task A (Named Entity Recognition) of CALBC challenge I. We used our
system to annotate the following semantic groups: genes/proteins, diseases, species and chemicals.
We did not use any external resources such as dictionaries. Understandably, the official training
corpus provided for the challenge contains inconsistencies (e.g. incorrect annotations or incorrect
boundaries) as it is collaboratively annotated by different systems rather than by human experts.
However, we used it (after discarding a few specific types of wrong annotations, e.g. numbers
tagged as chemicals) for training our system.

1http://www.biocreative.org/
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Our system first mapped the CALBC corpus into our default annotation scheme which is
same as that of BioCreAtivE II challenge. Then, it used GeniaTagger2 to tokenize texts and
provide PoS tagging. After this step, we corrected some common inconsistencies introduced by
GeniaTagger inside the tokenized data (e.g. GeniaTagger replaces double inverted commas with
two single inverted commas). Then, the tokens were further segmented if they contain punctuation
characters. The system considers punctuation characters inside biomedical entity mentions as we
found that ignoring them lowers the performance. However, we ignored those characters from being
part of the entity mentions while annotating data according to the CALBC annotation scheme.
Our system extracted features from the tokenized data and used Mallet3 to train CRF models. For
each of the semantic groups, the system trained separate models. Each of the models were then
used to tag mentions of the corresponding semantic group. The system exploited an effective post-
processing component which fixes parentheses mismatches, annotates left out unannotated tokens
by using one-sense-per-discourse strategy and by resolving abbreviations, and discards/modifies
ungrammatical phrases using simple hand written rules. Finally, all the annotations of different
semantic types were combined.

Two-fold cross-validation was carried out on the CALBC SSC I training data. The results of
the evaluation were encouraging showing an F-measure of 90.7% for species, 85.4% for diseases,
81.9% for chemicals and 77.6% for genes/proteins according to the exact boundary match criteria.
Table 1 shows the official evaluation results for the CALBC SSC I test data where “exact” refers to
the exact boundary match and “cos98” refers to the relaxed boundary match (i.e. the annotations
might differ in uninformative terms such as “the”, “a”, “acute” etc.)

exact cos98
Precision Recall F-measure Precision Recall F-measure

species 91.2% 91.9% 91.6% 92.4% 93.2% 92.8%
diseases 86.0% 87.8% 86.9% 86.5% 88.3% 87.4%

chemicals 82.0% 81.4% 81.7% 82.9% 82.3% 82.6%
genes/proteins 80.0% 79.1% 79.6% 81.7% 80.8% 81.2%

Table 1: Official evaluation results for the CALBC SSC I test data
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OntoGene in CALBC

Simon Clematide, Fabio Rinaldi, Gerold Schneider
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The OntoGene group at the University of Zurich has developed efficient techniques for 
text mining in the molecular biology domain. One of their core interests in recent years 
has been the detection of  mentions of  protein-protein interactions.  Using the IntAct 
database as a gold standard, they have developed techniques for the identification of 
information relevant to the process of curation, such as the experimental methods used 
by the authors [1], the organism which are hosts of the experiment and which contribute 
the interacting proteins [2], the protein themselves [3], and their interactions [4]. The 
effectiveness of their approach has been validated by participation to numerous shared 
evaluations,  such  as  BioCreative  II  [5],  BioNLP  event  extraction  task  [6],  and 
BioCreative II.5 [7].

Recently, the system originally developed for BioCreative II.5 has been adapted to the 
needs of the CALBC challenge, which aims at creating a large-scale Òsilver standard 
corpusÓ by automatic integration of the output of diverse annotation tools. The goal of 
our participation was to demonstrate the flexibility of the annotation system and at the 
same time minimize the costs of adaptation to a new challenge. The original system 
makes use of an efficient dictionary-based lookup procedure for the annotation of an 
incoming stream of tokens, which includes a flexible normalization approach to deal 
with a number of possible surface variants of the terms stored in the system's internal 
dictionary.  Before  the  lookup  step,  the  original  dictionary  terms  undergo  the  same 
normalizations as the text tokens, thus allowing comparison of normalized version of the 
candidate terms with normalized versions of the reference terms. The entities that were 
originally included in the dictionary are listed below, together with the publicly-available 
knowledge source that were used to derive the terms and their unique identifiers:

! proteins (from UniProt)
! genes (from EntrezGene)
! species (from the NCBI taxonomy)
! experimental methods (from the PSI-MI ontology)
! cell lines (from CLKB: the Cell Lines Knowledge Base)

For  the  purpose  of  the  challenge,  additional  entities  available  in  the  training  data, 
together with their types, were added to the system's internal lexicon (8769!diseases and 



3756! species).  For  proteins  and  genes,  only  the  original  data  was  used.  Chemical 
substances were ignored. This resulted in a list of 2388712 concepts. On the training 
data, the original system reached an F-measure of 66%. On the test data,  we got the 
following results using the relaxed boundary evaluation: DISO (R: 79.7%, P: 77.0%, F: 
78.3%), PRGE (R:95.4%, P: 25.4%), SPE (R: 87.1%, P: 81.6%, F: 84.3%). The recall 
bias for protein recognition, which proved to be useful in the protein-protein interaction 
task, certainly needs some adjustment.
Additional  minor  modifications  include  extensions  to  an  internal  Òstop  wordsÓ  list 
(which  was  originally  generated  using  a  frequency  list  computed  over  the  British 
National Corpus - BNC) and changes to the sentence splitting procedure. The former 
modification was necessary because the most frequent terms in the CALBC training 
corpus  were  partially  overlapping  the  list  of  most  frequent  BNC words.  The  latter 
modification was necessary because of the central role that correct sentence splitting 
plays in the CALBC evaluation. Since the components of the OntoGene system are all 
stream-based, processing is extremely efficient. Nevertheless, given the large size of the 
test data, we decided to split it in four equal parts, which were processed in parallel on a 
multicore system, to further reduce the processing time. 
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Memory -based biomedical Named -Entity tagging 1 
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The annotation of named entities was done by means of a Memory-Based 
Shallow Parser (MBSP) for biomedical text. The parser was developed in 
the context of the BioMinT EU project2.  
 
Shallow parsing is based on the idea that full (or deep) syntactic structure 
is not always necessary for information extraction tasks and consequently 
assigns only a limited amount of syntactic information to natural 
language sentences. For example, in biomedical information extraction, 
we are interested in finding concepts (represented by basic nominal and 
verbal phrases) and relations between them, rather than in recovering an 
elaborate syntactic analysis. MBSP, as an instance of this approach, 
combines a number of modules, each trained using memory-based 
learning from linguistically annotated corpora (Daelemans & Van den 
Bosch, 2005).3 An MBL system consists of two components: a memory-
based learning component and a similarity-based performance component. 
During training, the learning component adds new training instances to 
the memory without any abstraction or restructuring. During 
classification, the classification of the most similar instance in memory is 
taken as classification for the new test instance. 
 
In our case, the training data was version III of the Wall Street Journal 
part of the manually annotated Penn Treebank corpus (Mitchell et al, 
1993) and the GENIA annotated Medline corpus (Ohta et al., 2002). Tools 
trained on Penn Treebank data (consisting exclusively of newspaper text) 
are not very well suited for other domains like biomedical text, and 
consequently they have to be adapted to the biomedical domain. In order 
to achieve better accuracy on the analysis of biomedical text, we adapted 
the shallow parser to the biomedical domain by replacing the tokenizer 
and the part-of-speech in the original shallow parser by modules 
developed on and trained on the GENIA corpus, a hand-annotated corpus of 
medline abstracts. A general named entity recognizer (locations, 
organizations, persons) was replaced by a named entity recognizer 
assigning biomedical concepts, trained on the Gernia corpus. 

                                         
1 This work was supported through the BOF-GOA project Biograph of the 
University of Antwerp 
2 The BioMinT project was funded by the European Commission, contract-
no. QLRI-CT-2002-02770 under the RTD programme "Quality of Life and 
Management of Living Resources". 
3 See http://ilk.uvt.nl/timbl for the implementation of the machine 
learning software on which MBSP is based. 



 
The shallow parser incorporates the following modules: 

- A regular-expression based tokenizer that splits punctuation from 
adjoining words and splits documents into sentences. 

- A part-of-speech tagger that disambiguates the contextually 
appropriate morphosyntactic class (e.g. noun, verb, etc.) of each 
word in each sentence. 

- A chunker that combines syntactically related words into non-
overlapping phrases (e.g. NP, nominal phrase; VP, verbal phrase; PP, 
prepositional phrase, etc.) on the basis of the part-of-speech tagged 
words. 

- A relation finder, working on output of the chunker, and deciding 
on the main relations between the heads of the NPs and VP in each 
sentence (e.g., subject, object, location, etc.). 

- A named entity recognizer, working on output of the previous 
modules and assigning strings of words to named entity types as 
used in the Genia ontology and annotated in the Genia corpus. 
 

The latter module was used to process the CALBC data. The named entity 
recognizer was not optimized for optimal feature construction, e.g. most 
of the syntactic information provided by the tagger and the chunker was 
not used, and most features were lexical (context) or word-internal 
(special characters, prefixes, suffixes).  It also doesn’t use any gazetteer 
information (except what is present in the training material). Measured by 
cross-validation on the Genia corpus, the shallow parser as a whole is 
fairly accurate for biomedical text (99% for tokenization, 98% for part of 
speech tagging, 90% f-score for chunking), and reasonably accurate for 
named entity recognition (65% f-score overall, 75% f-score for proteins). 
Accuracy here is mentioned as complete identification of the (multi-word) 
named entities. 
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Abstract 

This article describes our solution for named entity 
recognition task in the CALBC challenge, the aim of 
which is to annotate 100,000 MEDLINE abstracts 
using silver standard corpora I (SSC-I) as training 
data. However, SSC-I, which consists of 50,000 
MEDLINE abstracts, contains some errors or 
problematic annotations, because it is partly 
annotated not manually but automatically. To avoid 
error propagation, here, we select credible training 
data and discard the rest. Then using the credible 
training data, we identify named entities employing 
techniques based on sequence labeling and 
classification. For future work we leave approaches 
that can take advantage of all the knowledge given in 
training data. 

Introduction  

Syntactic and semantic text processing techniques, 
which include part-of speech tagging, named entity 
recognition, phrase chunking, phrase structure 
parsing, semantic role labeling, and so on, play 
fundamental roles in developing natural language 
processing applications such as information 
extraction, question answering, and machine 
translation. Most popularly those techniques are 
based on supervised learning methodologies, where 
texts are annotated with correct syntactic or semantic 
labels by human labor, and then, using those as 
training data, patterns that can predict labels for 
novel texts are discovered along the line of statistical 
machine learning literature. The amount of available 
labeled data is an important issue to construct 
predictors. A shortage of labeled data due to the high 
production cost may possibly affect the predictive 
performances.  

In order to cope with such difficulty, several 
researches have focused on making use of unlabeled 
data by applying so-called semi-supervised learning 
techniques. Among them, self -training [1] is an 

iterative algorithm which trains a predictor using 
current pool of training data and then augments the 
pool by adding unlabeled data labeled by the 
predictor with high confidence in the iteration. Also 
co-training [2] can be seen as a variant of self-
training, in that it employs multiple predictors 
equipped with different views.  

The plan of the CALBC challenge shares similar 
properties with co-training, because, given a small 
annotated data set, diverse contributors are going to 
expand the size of the data set in the iterative process. 
In more detail, participants develop methods for 
annotating biomedical entities by using given 
annotated training data, and then organizers 
harmonize participants' annotations of unlabeled test 
data to produce a larger set of labeled training data 
for the next turn.  

In this participation report of the CALBC challenge, 
we describe our solution for biomedical named entity 
(NE) recognition task. Our approach is summarized 
as follows: first discard sentences that may contain 
annotation errors, and then detect token sequences in 
which NEs reside by employing a technique of 
sequence labeling, and finally find NEs from the 
sequences by using a classification method. We also 
point out that there is a problem which (we think) 
arises from the fact that training data include not only 
hand-labeled but also automatically labeled data, and 
then explain how our solution copes with the 
problem.  

A Solution for Named Entity Recognition 

There are several complications found in the 
annotation of training data, and especially three types 
of annotation problems are focused in this report. 
The problems and solutions are as follows:  

A) Some NEs are not tokenized such as in Ò(IL -1)Ó 
[sid="741"] and Òavidin-biotin-peroxidase 
complexÓ [sid="1635"], hence we tokenize text 
by using delimiters other than white space. 



  

B) NEs sometimes overlap each other. For example, 
ÒTumor necrosis factor-alphaÓ [sid="756251"] 
includes four NEs (Tumor / Tumor necrosis 
factor / necrosis / Tumor necrosis factor 
alpha) and Òautoimmune skin disease, bullous 
pemphigoidÓ [sid="26132"] includes three NEs 
(utoimmune skin disease / skin disease 
bullous / bullous pemphigoid

C) Some annotations are inconsistent or incorrect 
in the training data. As an example, three types 
of problematic annotations are shown in Figure 
1. The false positive example in Figure 1 was 
probably caused by automatic annotation. To 
adapt this situation, a better solution is to weight 
each annotation according to its reliability score. 
However, such scores are not provided, hence 
alternatively two-fold cross validation is 
employed to select credible training data whose 
annotations are reproducible. That is, if 
annotations predicted by CRF vary, the 
annotations are considered as unreliable.  About 
30% of training data are eliminated after 
applying cross validation.  

). Sequence 
labeling techniques, which have proven to be 
effective for NE or chunk detection (e.g. [3]), 
cannot be applied directly to detect individual 
NEs. So we first detect token sequences in 
which overlapping NEs reside by using a 
sequence labeling technique, and then find 
individual NEs from the sequences by using a 
classification method. We use the Conditional 
Random Field (CRF) [4] for sequence labeling, 
because CRF is effective for biomedical text 
chunking [5].  

After all, our solution for NE recognition task in the 
CALBC challenge consists of four steps:  

1. do tokenization considering characters + - . , ; : ' 

` " ( ) [ ] \ / ? (in addition to white space) as 
delimiters,  

2. give part-of-speech (POS) tags and base forms to 
tokens by using the GENIA tagger1

3. specify token sequences by the CRF (i.e. the 
search space for NEs is reduced from the entire 
text to the token sequences), and   

,  

4. from the token sequences, find NEs as 
consecutive tokens by applying a classification 
method, namely, the Support Vector Machine. 

                                                           
1 http://www-tsujii.is.s.u-tokyo.ac.jp/GENIA/tagger/ 

Inconsistent (sid="2945", "1532") : 

Inactivated vaccines are non infectious

Rotaviruses isolated from pheasants 
were 

, which 
makes them remarkably innocuous, É  

infectious

False positive (sid="1514") : 

 for 49-day-old chickens. 

A 56

True negative (sid="1399") : 

-year-old man É  

É  mice bearing plasmacytomas and hybridomas 
that secrete IgA or IgE are accompanied by 
increased frequencies of Lyt-1-2+ T lymphocytes 
bearing Fc receptors (FcR) for IgA (T alpha) 
or IgE

Figure 1: Examples that might include annotation 
errors. The underlined words except written in italic 
letters are annotated as NEs in training data. 
Annotation errors are displayed in italic, which are 
probably NEs at least in the true negative example. 

 (T epsilon), respectively. 

As for step 3, CRF++2

In step 4, we detect NEs using SVM-light

are used, where token 
sequences specified by the "e" tags in training data 
are represented using IOB (Inside, Outside, Begin) 
labels. The hyper-parameter of the CRF++ is 
developed by splitting training data (50,000 
MEDLINE abstracts) into two parts (one for model 
construction and the other for validation), so that the 
best precision and recall values are obtained (89.5% / 
86.6%). Since training data (silver standard corpora 
I; SSC-I) are presupposed to contain annotation 
errors, we reduce training data to a credible subset by 
selecting sentences from SSC-I whose "e" tags 
(represented as IOB labels for CRF++) are predicted 
correctly with the best developed hyper-parameter 
(c=1.5). After that, a CRF++ model is constructed 
using the credible training data in which unreliable 
annotations should be eliminated. Then, for test data 
(100,000 MEDLINE abstracts), we employ the 
model to specify token sequences as search space for 
NEs. Features we give for the implementation are 
token (tokenized word) and its prefix, suffix, POS tag, 
base form, subsequent delimiter, and whether it is 
composed of uppercase letters or digits. 

3

                                                           
2 http://crfpp.sourceforge.net/ 

, a widely 
used implementation of the Support Vector Machine, 
from token sequences provided in the previous step. 
For a token sequence with length N, there are 

3 http://svmlight.joachims.org/ 



  

N(N+1)/2 consecutive tokens inside the sequence, 
which are assumed to be NE candidates. In order to 
define features to discriminate each NE candidate, we 
use six attributes of a token, specifically, prefix, 
suffix, POS tag, base form, subsequent delimiter, and 
whether it is composed of uppercase letters or digits. 
Then we define features of the NE candidate as the 
attributes belonging to previous and next neighbor 
tokens, first and last boundary inner tokens, and other 
inner tokens, in addition to the length of the 
candidate. Using credible training data mentioned 
above, we construct four prediction models that 
correspond to the "pgn", "chem", "diso", and "spe" 
labels. These models are trained with second order 
polynomial kernel, and the trade-off parameter 
between training error and margin is developed (i.e. c 
= 0.01). The best precision and recall values are 
94.4% / 91.7% for "pgn", 95.0% / 92.7% for "chem", 
99.2% / 98.1% for "diso", and 99.5% / 98.3% for 
"spe".   

Concluding Remarks 

In our solution, we discard about 30% of training 
data to avoid arguable annotations. However, it 
should not be the best way because ambiguous labels 
in training data are sometimes informative to 
discriminate test data. In the Support Vector Machine, 
for example, such training data play critical roles to 
obtain a discrimination boundary between different 
labels. We are going to examine approaches that 
mitigate the problem of error propagation or semantic 
drift (e.g. [6]) in order to take advantage of all the 
knowledge given in training data.  
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In gene mention tagging task (GM) of BioCreative II (2007) challenge, we had built a system based
on bi-directional parsing models of Conditional Random Fields (CRFs), achieved a F-score of 86.83 [2]
on GM test corpus and ranked second among twenty-one participants. After which, we improved its
performance to a F-score of 88.3 by integrating high dimensional bi-directional parsing models (up to
6 models) [1]. For inter-operability within the BioCreativ e MetaServer, the system input was changed
from a single sentence to a PubMed abstract which can be segmented to multi-sentences. This means
that we can take advantage of the contextual information among sentences to optimize the tagging
performance. For example, ÒNAAÓ is a candidate gene mentiontagged from a text of Ò...metabolites
in 5 patients: N-acetyl-aspartate (NAA), creatine...Ó. If we could link the deÞnition of ÒNAAÓ to
ÒN-acetyl-asparateÓ and know that ÒN-acetyl-asparateÓ isnot been tagged as a gene mention, we
can ignore all ÒNAAÓs tagged in the following sentences to output and achieved performance gain
by reducing false-positives. Thus, we developed a system, BIOADI [3], to identify abbreviation and
its corresponding deÞntions for the purpose. In addition, mention collision among distinct models or
systems may overwhelm the system performance and is not allowed by CALBC challenge as it will
cause nested tags, such as<e><e>PKA </e> gene</e>. Hence, we built a gene mention evaluation
system (GME) to assign a conÞdence score to each mention which is tagged by distinct models or
systems. This allows us to select the one with the highest conÞdence for output to solve mention
collision. To handle large quantity of CALBC test data, we implemented the system with MapReduce
programming model and run it on a 9-nodes Hadoop cluster to process one million test abstracts. It
took a time about 27 minutes to Þnish the entire process. We submitted 3 runs, each of them with
di! erent conÞdence thresholds (0.3, 0.45 and 0.6) for a balanced performance in precision and recall.
See Figure 1 for an example.
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Figure 1: An example of the run with the conÞdence threshold of 0.3
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Abstract 

We present here the methods we have used during our participation in the first round of the 
CALBC challenge which consists in the annotation of a testing corpus composed of 100,000 
abstracts on immunology. We have participated in Task A, using Moara system for the 
extractions of gene/protein boundaries. We also participated in Task B using natural language 
processing techniques for the extraction of the concept tokens and a UMLS concept extraction 
system (BioLabeler) for the normalization of concepts to their UMLS identifier for any 
semantic group.  

Methods and Preliminary Results 

Task A (Named Entity Recognition): We have participated in this task using Moara [1] for the 
extraction of gene/protein boundaries (PRGE semantic group). The gene/protein recognition is 
carried out by the CBR-Tagger, a tagger based on cased-based reasoning (CBR) foundations [2] 
and trained with the BioCreative 2 Gene Mention dataset [3]. With this approach, we were able 
to annotate 63,380 gene/protein mentions for the testing corpus.  

Task B (Concept Identification): The concept identification task was accomplished with the 
use of BioLabeler (http://www.biolabeler.com/), a system designed for the association of UMLS 
[4] concepts to a given set of tokens, which can be words that are part of an abstract, a full 
document or even any set of independent words. In order to perform a fast mapping of the given 
tokens to their best representative concepts, the UMLS database has been previously pre-
processed. Tokens have been reduced to their stem [5] and stopwords have been removed. In 
order to have a measure of the strength of each token, a TF-IDF weight [6] was assigned to each 
token composing each of the concepts in the UMLS database. In this way, tokens appearing in 
more concepts are weaker than those that are part of few concepts.  

BioLabeler can be used to associate concepts in the document, sentence or annotation, 
depending on which set of tokens is presented to the system. For the CALBC challenge, 
annotations were required for each document, and the set of tokens that constitute each of the 
annotations was the input for BioLabeler. This approach required the annotations to be first 
extracted from the text. We have carried out this task using the Stanford parser 

(http://nlp.stanford.edu/software/lex-parser.shtml) to extract all the noun phrases present in each 
of the sentences of the 100,000 documents. Due to processing time constraints, we limited the 
number of noun phrases to process by BioLabeler taking into consideration only those noun 
phrases composed by a maximum of five tokens. 

Given a set of tokens, BioLabeler performs stemming, stopwords removal and outputs a list 
of candidate concepts in descendent order according to the score associated to each of the 
concepts. This score is calculated as the cosine similarity [7] between the input set of tokens and 
those that are part of the candidate concepts. A concept might map to one or more input tokens 
and, as the challenge allows the annotations of overlapping concepts, we have decided to take 
into consideration the best scored concepts that matched to one of the tokens. Concepts that 
matched to at least 75% of the input set of tokens were also considered, although the whole 
annotation was associated to the referring concept. The procedure described here has resulted in 
the annotation of more than 5.5 millions concepts of all 15 semantic groups [8] as presented in 
Figure 1 below.  
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Figure 1: Number of annotations extracted by BioLabeler by semantic group. 

Conclusions and Future Works 

Our results prove that our systems are able to extract a high number of annotations even if we 
don’t make use of the annotated training corpus of 50,000 documents. As future work and for 
the second round of the challenge, we plan to use Moara not only to extract the gene/protein 
mentions but also to normalize them according to Uniprot [9] and Entrez Gene [10] databases. 
Regarding the identification of the concepts performed by BioLabeler, we intend to process all 
the extracted noun phrases instead of only those composed by up to five tokens. We will also 
consider the top scoring concepts independently of the number of tokens that has been matched 
to it. Our preliminary analysis of results indicates that this is probably a better approach. Also, a 
new version of BioLabeler that will contain concept’s similarity information will be used. We 
expect significant improvement in the results. 
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A BST R A C T  
CALBC (Collaborative Annotation of a Large Biomedical 
Corpus) is a challenge to curate a large-scale annotated corpus in 
the biomedical domain. There are two tasks in CALBC: the first 
focused on Named entity recognition (NER) and the second on 
the unique identification of entities. In this paper, we present our 
results for the NER task. In ablative experiments, a conditional 
random fields model was used to explore an array of lexical and 
orthographic features. We also tried to divide corpus to create 5 
different models according to the content abstract mentioned.  

1. IN T R O DU C T I O N 
With the rapid expansion of biomedical research, an 
overwhelming number of research publications are being 
produced. In order to help with knowledge discovery by 
researchers, text mining has been applied. Within text mining, 
named entity recognition (NER), seeks to identify and classify 
terms into predefined target classes and is regarded as the first 
stage in mapping to a computable semantic representation.  

In recent years, much attention has been focused on the problem 
of recognizing bio-entities (such as protein, gene, disease and etc.) 
in MEDLINE abstracts. There are several challenge tasks on bio-
NER, such as BioCreative [1], JNLPBA [2] etc. BioCreative is 
the most recent challenge on bio-NER which focused on 
recognizing gene/protein mentions in MEDLINE abstracts as part 
of a wider database curation task.  

Since early work about a decade ago, many researchers have 
adapted their NER systems to the biomedical domain. For 
instance, the dictionary based system developed by Y. 
Tsuruoka(2003)[3] and K.Zhou(2005)[4]; the rule based system 
developed by D. Hanisch et al.(2005)[5]; the machine learning 
based sytem developed by J. Finkel et. al (2005)[6],PL 
Yang(2009)[7]. 

However, a significant difference in CALBC is that the corpus has 
been produced automatically and is very large, about 50000 
abstracts for training and 100000 abstracts for annotation. This 
scale up offers both an opportunity and a challenge to system 
developers.  

In this paper, we present a system to attend CALBC challenge 
task A. A conditional random fields (CRF) model was used and a 

range of features explored. In what we believe is a novel step we 
tried to divide the training corpus according to the content of the 
abstract text. 

2. Method 

2.1 C R F model 
CRF [8] is a kind of discriminative probabilistic framework most 
often used for the labeling and segmentation of sequential data. A 
CRF is an undirected graphical model that defines a single log-
linear distribution over label sequences given a particular 
observation sequence.  In this experiment the CRF++ toolkit was 
used.  Default values were used for the parameters. 

2.2 Feature set 
Table 1 shows the features we explored. Word, lemma, POS, 
orthographic, prefix/suffix are commonly used lexical features. In 
our experiment, morphological features such as word shape (e.g., 
IL2�Æaa0) and brief word shape (e.g., IL2�Æa0) were also 
included. Here we assumed that the training data and testing data 
held similar vocabulary. In the final test, each term was assigned a 
dictionary feature according to whether it was in the dictionary or 
not. Stop words were introduced in the final experiment. 
Table 1. Full feature set used in the experiments 

Word feature wi-2 Prefix prefixi-2 
 wi-1  prefixi-1 
 wi  prefixi 
��  wi+1 ��  prefixi+1 
Lemma wi-2 Suffix suffixi-2 
 wi-1  suffixi-1 
 wi  suffixi 
��  wi+1 ��  suffixi+1 

Part of Speech POSi-2 
Word 
shape wsi 

 POSi-1 
Brief 
word 
shape 

bwi 

 POSi Dictionary Dici 
 POSi+1   
Orthographic orthi-2   
 orthi-1   
 orthi   
��  orthi+1   



 

2.3 Corpus division 
In the experiment, the training corpus was divided into 5 parts 
according to sets of MeSH head terms. The corpus was divided to 
elder people, adult, child, mouse and other text.  

3. Results 
The results of the experiment are shown in Table 2. The best 
models used the full feature set and an average F-score of 76.25% 
were achieved.  
After dividing the corpus into different subsets according to the 
age related MeSH heading, the recall of chemical and disease 
increased significantly. This seems to be because these the choice 
of instances in these entity classes seems to some extent to be 
sensitive to age. However, the overall performance was not as 
good as we hoped and we would like to find better ways to exploit 
the division method in the future work. 
After submission, an experiment based on using AbGene[9] and 
UMLS features was done and a 4% increase of F-score was 
achieved. AbGene was used to add missing gene and UMLS was 
used to extend annotation boundary. 

Table 2. Experiment result 

��  ��  P R F 
!"#$%&'($)*++$),-'*.,$ -/,.-0,$ 12345$ 11361$ 15372$

$ 8(,9$ 1:3;2$ 5:37;$ 163<;$

$ =&>?$ 5:3<@$ 1134@$ 16364$

$ A0B$ 513<@$ 1732@$ 1;344$

�� $ >A,$ <23<1$ <1354$ <5316$

C&/&>&?B$8?.A*>$ -/,.-0,$ 5@36:$ <;311$ 14352$

$ 8(,9$ 5<374$ 1:3;:$ 16372$

$ =&>?$ 56345$ <73@4$ 14324$

$ A0B$ 2;327$ 1;327$ 2<3<1$

�� $ >A,$ 1:32@$ :;34;$ <@3@:$

DE0,B,$.,>*+'$F$GHIJ$ -/,.-0,$ <;3<<$ <;3:7$ <;3<2$

 8(,9$ <436@$ 12376$ 1<341$
 =&>?$ 12376$ 1:3@4$ 11375$
 A0B$ 1<3@2$ 1:352$ 1:3;2$
��  >A,$ <<3@<$ <:316$ <<3:7$

4. Conclusion 
In this paper, we presented a bio-NER system using a CRF model. 
Several features including Abgene and UMLS were tested in the 
experiments. A new idea of corpus division was also tried. 
Although the result from corpus division did not achieve an 
overall improvement, we were encouraged by an improvement in 
some classes. In the future, further external resources will be 
added and the corpus division method will be refined. 
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Welcome to the European Bioinformatics Institute! 
 
Our address:  EMBL-EBI 

Wellcome Trust Genome Campus 
Hinxton 
Cambridgeshire, CB10 1SD. 

 
It should be stressed that we are not in  the actual city of Cambridge, but 10 miles outside of it, to the 
south. 
 
Accommodation  
We recommend booking at our on-site accommodation at the Wellcome Trust Conference Centre, which 
provides a high level of comfort (3*) with free wireless internet, set in lovely parkland surroundings.  
Wellcome Trust Conference Centre  (http://www.wtconference.org.uk/), Tel: +44 (0) 1223 495000, 
Fax: +44 (0) 1223 495114, Email: reception@wtconference.org.uk 
 
or at The Red Lion which is 2 minutes walk from campus and has 8 rooms available.  
The Red Lion  (http://www.redlionhinxton.co.uk), Hinxton, Cambridgeshire CB10 1QY, Tel: +44(0) 1799 
530601.   
 
Alternatively you can contact Caroline Crossley the Reservations Manager at HotelRes  
(http://www.hotelresuk.com) on Tel: +44 (0) 845 0200350 or email: caroline.crossley@hotelresuk.com. 
Please advise her that you are visiting the EMBL-EBI and she will be able to arrange accommodation in 
the area to suit your requirements. 
 
Travelling to the EBI:   
We are approximately 25 minutes from central Cambridge by car (please see map below).  
 
Arrival by car: 
From the South: leave the M11 at junction 9 and take the A1301 towards Cambridge. From the Stump 
Cross roundabout system take the first left (about 800m). At the next small roundabout follow the 
signpost for "Genome Campus". 
 
From the North: leave the M11 at junction 10 (note that M11 junction 9 is restricted and accessible from 
the south only). Travel a mile or so in the direction of Saffron Walden to a roundabout and take the third 
exit (A1301 towards Saffron Walden). Pass two turnings to Hinxton, and take the next right, a small 
roundabout, signposted to "Genome Campus".  

�x Directions to the EBI using Google Maps 
There is plenty of free parking for visitors. 
 
Arrival by train 
If travelling from London Liverpool Street, Stansted Airport or Cambridge, we recommend that you arrive 
at Audley End or Whittlesford Parkway train stations. For train timetables please see: 
http://www.nationalrail.co.uk/. 
 
Once at a station you should call one of the local taxi firms listed below and arrange a transfer to EBI (15 
minutes from Audley End, 5 minutes from Whittlesford). It's possible to walk to the campus from local 
train stations at Whittlesford and Great Chesterford station (also on the London Liverpool Street line).  

Walking from Whittlesford Station  - (about 30-50 minutes' walk)   
Leave the Whittlesford station from the exit on the side of the tracks next to the station building. There is 
only one road away from the station on this side, so follow this until you reach a junction. TURN left, after 
about 50 metres you will come to a staggered junction across a main road. Cross the main road and 
continue on the road opposite. You will pass a Volvo Truck Depot on your right. Continue on this road into 
Duxford Village.  
You will pass The John Barleycorn Pub on your right. Continue until you reach a junction signposted to 
Hinxton left (1.25 miles). Take this left turn to Hinxton. After a few hundred metres, the road passes 
between factory buildings (CIBA), with the CIBA sports and social club on your left. Follow the road to 



Hinxton Village. Before reaching Hinxton, you will cross two railway lines (a goods siding and the London-
Cambridge main-line), and a river. In Hinxton Village, you will come to a T-junction.  
TURN right and walk through the centre of Hinxton. You will pass the Red Lion Pub on your left, before 
reaching another T-junction. The (Back) entrance to the Wellcome Trust Genome Campus is directly 
opposite you. Follow the road into the campus. You will pass between the old Hinxton Hall building on 
your left and the Conference facilities on your right.  

Walking from Great Chesterford station  - (about 35-45 minutes' walk)   
Follow the lane out of the station and turn left and again immediately left, following the sign towards 
Ickleton. Cross the rails and follow the road under two large road bridges into Ickleton. By the bus stop, 
at the first intersection, turn right past the small "Cost cutters" shop (this is "Church street"). Follow the 
bend around the church and take "Mill lane" to the right. At the end of Mill lane, use the pedestrian rail 
crossing over to the wetland reserve on the Genome Campus area. Follow the footpath left towards the 
campus.  
For bikers, follow the directions above, but don't go into Mill lane. Instead, go straight and follow 
"Brookhapton street" out of the village. You will notice a cemetery on your left as the road turns 90 
degrees to the right. Cross the rails and the bridge and by the next intersection you will have the north 
entrance to the Genome Campus on you right. 

Arrival by air 
The closest airport to the EBI is London Stansted. 
 
Airport By car * By public transport 
London Stansted 30 minutes, pre-book taxi  30 minutes (train to Cambridge) 
London City 50 minutes, pre-book taxi  3-4 hours 
Luton 50 minutes, pre-book taxi  3-4 hours 
Heathrow > 2 hours, pre-book taxi  3-4 hours 
Gatwick > 2 hours, pre-book taxi  3-4 hours 

 
*  Approximate travel times only 
 
If arriving at Heathrow, Gatwick or Luton airport, we advise that you arrange a car to meet you – pre-
book  through Mid-Anglia or Cambridge Connections for the best rate (details are below). 
 
Arrival by bus 
Buses operate from many cities and every airport (except London City airport) to Cambridge or Stansted 
airport. If you are travelling from Heathrow or Gatwick airport to Cambridge – the easiest way is to take 
the National Express bus to Cambridge. For information on buses and to book your ticket online see: 
http://www.nationalexpress.com/home/hp.cfm  
http://www.gobycoach.com/ 
There is a bus stop outside the EBI (Hinxton Red Lion), the timetable information for the Citi 7 bus can be 
found below, but this is a limited service. 
http://www.cambridgeshire.gov.uk/transport/around/buses/atoz.htm?L=H&Loc=Hinxton 
 
Taxis/Private hire cars 
Please find below contact numbers for some local taxi companies we recommend: 
 
Checker Cars operates Stansted taxis to and from London Stansted Airport and runs a reservation desk on 
the international arrivals concourse. Payment can be made at the time of booking (by credit or debit card) 
or in cash to the driver. Fares are quoted before the journey. 
 
Private cars: Mid-Anglia: +44(0)1223-836000, bookings@midangliaprivatehire.co.uk 

Cambridge Connections: +44(0)1223-566654 
 

Taxis companies: Walden Cabs, tel: +44 (0)1799 500500 (ideal for Audley End/Whittlesford Parkway) 
Select Cars, tel: +44 (0)1799 525500 (ideal for Audley End/Whittlesford Parkway) 
Abel Cars, tel: +44 (0)1799 513313 (ideal for Audley End/Whittlesford)or tel: +44 
(0)1223 513313 (from Cambridge) 

 
If you use one of these recommended companies, a taxi from Cambridge - Hinxton, or Stansted - Hinxton 
costs approximately GBP 30. If you take an unbooked taxi from the airport, this could cost GBP 60. 
Private cars must be prebooked . 
 
 



Once at The Wellcome Trust Genome Campus  
 
When you arrive at the EBI 
When you arrive at the main gate to the Genome Campus, you will need to report to the visitor centre 
(building to the left of the main gates) to sign in. Once you have signed in (and had your photo taken) the 
security desk will contact the EBI receptionist to advise us that you have arrived and direct you to the EBI 
reception area where you need to advise them of your arrival. This process can take up to 10-15 minutes. 
 
If you are staying at the onsite accommodation, please advise security and they will direct you to the 
reception area of the Wellcome Trust Conference Centre.  
 
Onsite refreshments 
Most workshops and courses include refreshments and these are typically served outside the 
training/meeting room. Food and drinks can be purchased onsite from the DiNA and Murray’s restaurant 
(see campus map below). 
 
Internet 
Wireless internet tokens can be collected from the EBI reception. 
 
No Smoking Policy 
The Genome Campus has been designated as a non-smoking environment. Smoking is not permitted 
within any buildings on the campus. Smoking outside is only permitted in certain designated smoking 
areas on the Campus. 
 
Power adaptors 
The power supply in Britain is 230/240 volts. Sockets accept only three-(square)-pin plugs, so an adapter 
is needed for continental European and US appliances. A transformer is also needed for appliances 
operating on 110-120 volts. The EBI have a small stock of European to UK power adaptors but we 
recommend you bring your own. 
 
Currency 
The unit of currency in the UK is GBP (£). The Genome Campus has a cash machine (ATM) onsite, this is 
located in the Murrays building. Please see the campus map below #6. 
There are banks in Sawston, Duxford and Saffron Walden, and the nearest Lloyds cash machine is at the 
BP Service station, 2 miles from the site. 
Payment – cash, debit card, credit card and cheques are widely accepted. Smaller shops and hotels may 
only take cash or cheques. When paying by cheque you usually have to show a cheque guarantee card. 
Debit cards usually have Switch or Solo written on them. When using a debit or credit card to pay in 
shops etc you will not be asked for your pin number. 
 
Communication 
The traditional red phone boxes are now rare; instead kiosks come in a wide variety of designs and 
colours. Coin-operated phones take Most payphones accept 10p, 20p, 50p & £1 coins, but card-operated 
phones are often more convenient. British Telecom phone cards are available in most newsagents or 
grocers. Calls from hotels are expensive.  
Dialling codes : The UK international dialling code is +44 and the area code for London is (0)20.  
We now have Internet as well as normal telephone boxes in London. The photo above shows a blue 
internet phone box with a red 'normal' phone box behind.  
How much does a phone call cost?  
The minimum fee is 40p (forty pence). Local and National calls are charged at 40p for the first 20 
minutes, then 10p for each subsequent 10 minutes or portion thereof.  
Credit and Debit cards  
To make a call using a Credit/Debit Card, swipe the card through the card reader on the phone and follow 
the instructions. Call prices - 20p per minute. Minimum fee £1.20 (includes £1 connection charge) for 
Local and National calls.  
International Calls and calls to phone mobiles  
The minimum fee is £1.20 (includes £1 connection charge).  
International Phone Cards  
Pre-paid phone cards can be bought from selected newsagents, off licenses and convenience stores or 
internet cafes. They are sold in denominations of £5, £10, £15 and £20 . The card will be pre-charged to 
the value shown on the card face.  
 
 
 



Posting a Letter  
Post offices are open Mon-Fri 09:00-17:30, Sat 09:00-13:00. A first class letter posted by 18:00, should 
arrive the next morning within the UK - check the 'last posting times' on the red postboxes.  
Stamps can be bought individually at post offices or in books of four or ten at newsagents, off-licences 
and groceries.  
Whilst onsite at the WTGC, stamps can be purchased from the onsite DiNA and if first or second class 
stamped mail is handed to the EBI receptionist before 15:30 it will be posted that day. 
 
EMERGENCIES 
Onsite 
There is a number of staff on the Wellcome Trust Genome Campus trained in first aid. Should you need to 
contact a first aider during your visit to the EBI please contact the reception desk dialling 4444  from any 
internal phone. 
The Conference Centre - should be contacted on 5000 for the duty first aider. The Security team are also 
fully trained and can be contacted on 3333 .   
All accidents should be reported to individual institutes safety teams/representatives.  
 
Offsite 
The Emergency Numbers in the UK are 999 or 112.  
The operator will ask which service; Ambulance, Fire, Police, Mountain Rescue or Coastguard; you require.  
In the event of a member of your party being injured or becoming ill, request an Ambulance. Tell the 
operator any additional information that may help them get the best assistance to you.  Ambulance 
services are staffed by highly trained paramedic teams. They provide on-the-spot emergency 
medical assistance and if necessary they will take the injured or ill person to the nearest emergency 
medical centre.  In the UK, all major emergency medical centres will be signed as Accident and 
Emergency (A&E) or Emergency Department. 
The National Health Service (NHS) provides ambulance and medical care, free at the point of contact. All 
European Union citizens visiting or residing in the UK are entitled to this level of treatment. You will be 
required, at some point, to provide evidence of your nationality or your EHIC, so as to avoid being 
charged.  
Non-EU visitors and residents will be treated, regardless of ability to pay in an emergency, but the NHS is 
now aggressively pursuing outstanding bills from those not entitled to free care. It is therefore essential to 
have comprehensive travel insurance when travelling to the UK. 
 
Fire Information  
We typically have a fire alarm test on a Wednesday morning, if you hear it any other time please assume 
it is not a test. On hearing the alarm you should evacuate the building by the nearest emergency exit. You 
should not stop to collect belongings and you must wait for the "All Clear" from the appointed Institute 
Coordinator, Assembly Warden or a member of the Security team, who will be under instruction from the 
fire service, before entering back into the building. The EBI assembly point is on the main field between 
the Sanger building and the Wellcone Trust conference centre (please see the campus map below). 
 
Other helpful Information  
 
CAMBRIDGE 
The city of Cambridge has a couple of informative web pages. It would be immensely useful to scan the 
official Cambridge Area Guide (http://www.cambridge.co.uk/) before your visit; the site contains 
straightforward, no-frills listings of all the possible places to shop, eat, and stay overnight, as well as links 
to assist you in making reservations. If you’re a lost traveller looking for a little more guidance, try 
http://www.cluelessaboutcambridge.co.uk which provides detailed maps of every location it reviews.  
The Cambridge Tourist Information Centre (http://www.visitcambridge.org) is located on Wheeler Street. 
It’s open Monday-Saturdays from at least 09:00 -17:00 (it stays open later during the tourist season of 
March to October), and is also open on Sundays and holidays from 10:30 -15:30. The Centre offers 
guided tours of the University and its component colleges - you can buy tickets there starting 24 hours 
before your tour begins. It’s also a good place to pick up special-interest brochures, postcards, and basic 
souvenirs. If you wish to contact the Centre before you arrive in Cambridge, e-mail 
tourism@cambridge.gov.uk  
The Cambridge City Council (http://www.cambridge.gov.uk/ccm/portal) also has an informative web site. 
The Council provides information about local issues that are often quite relevant to tourists, and offers 
online links to maps. 
Opening hours – most shops are open Monday to Friday 9-5.30, with shorter hours on Saturday. Few 
shops open on Sunday outside London, and have restricted hours (for example 10-4). Only small shops or 
shops in rural areas close at lunchtime or have a half-day on Wednesday. 
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